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Defaults have been shown to have a powerful effect on retirement saving behavior yet
there is limited research on who is most affected by defaults and whether this varies based
on features of the choice environment. Using administrative data on employer-sponsored
retirement accounts linked to survey data, we estimate the relationship between retire-
ment saving choices and individual characteristics - long-term discounting, present bias, fi-
nancial literacy, and exponential-growth bias — under two distinct choice environments: an
opt-in regime and an auto-enrollment regime. Consistent with our conceptual model, we
find that the determinants of following the default and contribution behavior are regime-
specific. Under the opt-in regime, financial literacy plays an important role in predict-
ing total contributions, active saving choices, and maxing out contributions in the tax-
preferred account. In contrast, under the auto-enrollment regime, present bias is the most
significant behavioral predictor of contribution behavior. A causal interpretation of the es-
timates suggests that auto-enrollment increases saving primarily among those with low
financial literacy.

© 2019 Published by Elsevier B.V.

1. Introduction

Starting with the work of Madrian and Shea (2001), a substantial body of research on retirement plans has shown that
defaults, which specify the outcome that occurs when no active choice is made, have strong effects on the saving behavior
of individuals (Choi et al., 2004; Beshears et al., 2009; Goda and Manchester, 2013; Choukhmane, 2019). Understanding
the powerful effects of defaults on saving behavior remains an important area of examination given their widespread use
in retirement savings plans and scope for policymakers to regulate the defaults set by plan sponsors. Recent theoretical
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work has provided many potential explanations for the effects of defaults on saving outcomes. These explanations include
inertia, including that induced by present-biased preferences, choice overload, or transaction costs; by endorsement whereby
individuals trust that the plan provider selected a “good” default; or by framing such that individuals judge losses and gains
against the default (Tversky and Kahneman, 1975; Iyengar and Lepper, 2000; O’Donoghue and Rabin, 1999a; 1999b; 2001;
Ariely et al., 2003; Carroll et al., 2009; Sunstein, 2017; Butt et al., 2018). While these arguments are compelling, why defaults
work and for whom are they most influential is ultimately an empirical question.

A key aspect of understanding why defaults have powerful effects is whether an individual’s tendency to follow the
default is a stable, individual attribute, or whether it varies based on features of the choice environment (e.g., framing,
the specified default, etc.) On the one hand, recent research suggests that the tendency to be passive (i.e. follow the de-
fault) is an individual-level attribute. Namely, Chetty et al. (2014) examine individual’s response to changes in default saving
rates and saving subsidies using Danish data, finding evidence that the vast majority of individuals are passive (i.e., fol-
low automatic contribution rates and do not respond to subsidies). They find evidence that those who offset changes in
automatic contribution rates and respond actively to subsidies were more likely to have made changes to contributions in
the past and are “wealthier, older, or have economics training” (p. 1145). They conclude that passive individuals are less
financially-sophisticated than active individuals and frame passive versus active as an individual attribute. A prediction of
a passive-as-type theory is a stable joint distribution between individual characteristics like wealth, age, and education
and the propensity to make active saving choices across multiple time periods. On the other hand, recent evidence sug-
gests that following the default may not be a stable individual-level attribute. Findings from Butt et al. (2018) show that
while 37% of individuals are passive in two distinct retirement plan decisions (i.e., selection of the plan and selection of
asset allocation) in the public, defined contribution (DC) plan in Australia, 36% are passive in one choice, but active in the
other. Further, Van Rooij and Teppa (2014) find evidence that the predictors of default behavior vary based on whether
the choice is economic (i.e., contributing to a supplemental retirement account) as opposed to non-economic (i.e., organ
donation).

This paper examines whether the predictors of retirement contribution behavior vary based on aspects of the choice en-
vironment, namely the default contribution rate. We consider how known drivers of saving behavior - long-term discount
rate, present bias, exponential-growth bias, and financial literacy - may differently influence contribution behavior across
two distinct default regimes: opt-in versus automatic enrollment. We present a conceptual framework and empirical eval-
uation using a setting that changed from an opt-in regime (i.e., 0% default contribution rate) to an auto-enrollment regime
with a 3% default contribution rate.

Our approach combines administrative records on employee contribution elections from an employer-provided retire-
ment savings plan with direct, survey elicitations of long-term discount rate, present bias, exponential-growth bias, and
financial literacy. Present-bias refers to the preference to overweight immediate benefits and costs relative to future benefits
and costs. It has been posited as a driver of default behavior for several decades (O’Donoghue and Rabin, 1999b) but little
direct evidence has connected individual measures of present bias to default acceptance (Brown and Previtero, 2014) and
no prior evidence has looked at it across different default regimes. Exponential-growth bias is the tendency to underesti-
mate the effect of compounding interest (Stango and Zinman, 2009), and recent research has shown that it is associated
with retirement savings (Goda et al., 2019). Financial literacy has been shown to play an important role in various savings
behaviors (see for example Lusardi and Mitchell, 2007). We evaluate how these measures predict six retirement contri-
bution behaviors: following the default contribution rate, one’s annual contribution amount and annual contribution rate,
making any contribution, contributing to maximize the employer match, and contributing the annual allowable maximum
for tax-preferred saving. Our data come from employees at the U.S. Office of Personnel Management (OPM), an agency that
provides human resources, leadership, and support to most federal agencies. We analyze choices pertaining to the Thrift Sav-
ings Plan (TSP), a tax-advantaged DC plan for Federal employees that provides retirement income in addition to a defined
benefit pension, controlling for a rich set of covariates relevant to contribution decisions, including salary, demographics and
education.

We find evidence that the relative influence of individual-level attributes in predicting saving behavior varies signifi-
cantly across the two default regimes. We find that our measure of present-biased preferences is a significant determinant
of following the default rate in the automatic enrollment regime, indicating that higher levels of present bias are asso-
ciated with higher probabilities of sticking to the default. By contrast, present bias does not predict the tendency to fol-
low the default in the opt-in regime and this difference in the predicted effect is statistically different across the default
regimes. In addition, we also find that our financial literacy measure has a statistically significant positive relationship with
annual TSP contribution amounts (and rates) and the likelihood of making a positive contribution election in the opt-in
regime. Yet in the automatic enrollment regime, not only are these effects absent, the difference in the predicted relation-
ship between financial literacy and these saving outcomes is statistically different across regimes. A causal interpretation
of the estimates suggests that auto-enrollment increases retirement contribution primarily among those with low financial
literacy.

We contribute to the literature on the effects of defaults on saving outcomes by showing evidence that features of
the choice environment, namely the default rate set by a plan, influences which individual-level attitudes manifest as
relevant for determining saving behavior. We also provide empirical evidence that directly supports a key prediction of
Carroll et al. (2009) in terms of present-biased preferences and default rate by finding higher rates of staying with the de-
fault when the rate is likely to be closer to the optimal contribution rate (i.e., 3% versus 0%). Yet our conceptual framework
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extends beyond that of Carroll et al. (2009) by considering how the influence of other known factors relevant to sav-
ing behavior, such as financial literacy and exponential-growth bias, may vary based on the default rate set by a plan.
A key insight from our model is that the default rate set by the plan may send a stronger signal about optimal saving
behavior for those with lower levels of financial literacy relative to those with higher levels particularly when the rate
is farther from one’s priors, which provides a novel angle on the literature’s understanding of the endorsement effect of
defaults.

We also contribute to the literature on determinants of saving by showing that the relevance of well-studied predictors
of savings and saving behavior depends on features of the choice environment. Prior work on the role of financial literacy
(Lusardi and Mitchell, 2007; Hung et al., 2009; Lusardi and Mitchell, 2011; Ameriks et al., 2003), time preferences (Heutel
et al., 2014; Brown and Previtero, 2014), and exponential-growth bias (Stango and Zinman, 2009; Levy and Tasoff, 2016) as
predictors of saving behavior as well as studies that use measures of several of these factors as predictors (Stango et al.,
2017; Goda et al., 2019) typically fail to take into account aspects of the choice environment in their approach or in under-
standing their findings. Our findings suggest that aspects of the choice environments, namely the default contribution rate
set by the plan, is an important boundary condition for understanding the relationship between these predictors and saving
outcomes.

The remainder of this paper is organized as follows. In Section 2 we provide a framework for how the default rate set
by the plan may affect the role of present-biased preferences, exponential-growth bias, and financial literacy in determining
active versus passive choice as well as contribution decisions. In Section 3, we describe the context and our sources of data,
including administrative records and linked survey responses. Section 4 presents our results and their robustness to various
assumptions and Section 5 discusses them. Section 6 concludes.

2. Conceptual framework

In this section, we briefly introduce a conceptual framework in order to clarify both how individual characteristics -
long-term discounting, present bias, exponential-growth bias, financial literacy - are predicted to affect different margins
of behavior, as well as why these four behavioral measures in particular were chosen for inclusion. We consider the retire-
ment savings contribution decision of an agent who first observes a default contribution rate and then decides whether to
change their contribution from this rate and, if so, to what. The default rate, d, is set by the agent’s employer. The default
contribution rate may differ from the agent’s optimal contribution rate, s*, which is determined by some other (unmodeled)
optimization.

We extend the framework of Carroll et al. (2009) to allow agents to be uncertain over the optimal contribution rate.
Agents are endowed with prior beliefs over s* given by F(-). For simplicity, we assume F is single-peaked and continuously
distributed over [0, 1]. The employer’s choice of the default contribution rate d as a function of an agent’s optimal contri-
bution rate can provide the agent with a signal of s* (McKenzie et al., 2006). The signal is distributed according to G(-|s*).
The family of distributions G(-|s*) are assumed to (weakly) satisfy a monotone likelihood ratio property, such that higher
defaults are (weakly) more likely given higher optimal savings rates. This condition is stated weakly, as it may be that the
default is independent of s* if employers chose it for reasons unrelated to the well-being of their employees (e.g., legal
concerns).

The agent experiences a loss from saving at a rate s different from s* denoted by L(s, s*). We assume that L is strictly
concave in its first argument, and that it attains a maximum value of zero along the line s = s*. Furthermore, we assume
that the opt-in regime (d = 0%) is “worse” than auto-enrollment regime (d = 3%, as in the setting we will study) in the
following ex-ante sense:

Er[L(0%,5*)] < EF[L(3%, 5)]. (1)

The agent may change their contribution rate by paying a transaction cost c, capturing both the time and effort of making
a change. If the agent does not make a change, their expected utility is:

EU(d) = Ef[L(d.s™)|d] (2)

Conditional on making a change, the optimal change would be to a value s** that maximizes expected utility. Without
additional structure on L, this will of course not generally be equal to s* as the costs of over-saving may be asymmetric to
the costs of under-saving. Given the linearity of the expectations operator and concavity of L given any s*, however, there
will generically exist a unique value which solves

s = argmsaxEF[L(s, s)|d] (3)

If the agent does make a change, then their expected utility is: EU(s**) = max; Ef[L(s, s*)|d], which is the constrained
maximum given their information.

2.1. Predictions

We now consider four dimensions of individual heterogeneity, which have been proposed as explanations for default
effects in prior literature. The purpose of this subsection, however, is to demonstrate how they enter the agent’s problem in
differing ways and can be understood in conceptually distinct ways.
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Long-run discounting (8): Exponential time discounting of additively separable preferences has a long and well-studied
history in lifecycle consumption problems. In a discrete-time framework, agents discount the future by a constant factor
6 €[0, 1]. Agents who are more patient in the long-run (higher §) will perceive a higher savings rate to be desirable relative
to those with lower values of §. We capture this notion by assuming that they have a prior distribution over s* which
first-order stochastically dominates that of less-patient agents.

Because a greater level of patience shifts the prior distribution F upwards, a higher § should be associated with a higher
contribution level for any default. It may also be associated with the probability of remaining at the default: in the opt-
in regime, there should be a threshold § above which the agent makes a change; conversely, under auto-enrollment there
should be an interior interval of passive behavior as both upward and downward deviations are possible.

Present bias (8): We assume that agents may also exhibit quasi-hyperbolic discounting in their time preferences (Phelps
and Pollak, 1968; Laibson, 1997). Let x ¢ RT-t*1 be a vector of consumption then:

T

Uie () = ui(xe) + Bi Y 87 (%) (4)
T=t+1

where T is the final period, t is the current period, i is the individual, 1 — §; is the degree of present bias, and §; is the (ex-

ponential) long-run discount factor. However, we abstract away from the additively separable consumption over time in the

present conceptual framework. Because 8 does not compound, we assume that it does not affect the perceived distribution

of s*, as § does. Rather, present-bias is expected to distort the timing of decision to implement a change (O’'Donoghue and

Rabin, 2001).

In our framework, present-biased preferences may distort the decision of whether to make a change because the benefits
of making a change to their contribution rate arise only in the future but the transaction costs arise in the period in which
the change is made. We assume that the transaction cost c is fixed and that the horizon is finite, so that the optimal
strategy will be to make a change either immediately or never. With a non-constant schedule for c or infinite horizon there
may be other solutions which involve some degree of procrastination which we abstract from, but which have been studied
elsewhere (Carroll et al., 2009).

We assume that any long-run discounting has already been included in L, in which case the agent will actually imple-
ment a choice whenever:

B(EIL(s™,s7)|d] - E[L(d, s)|d]) = ¢ (5)

Ceteris paribus, more present-biased agents should be less likely to make a change regardless of the default. This is
immediate upon inspection of inequality (5), as the left-hand side is clearly increasing in S. Less straightforwardly, inequality
(5) may be satisfied by even low values of 8 when the perceived benefit of switching from d to s** are sufficiently high.
If agents are correctly computing the term in parentheses in equation (5), then for any default there will be a cutoff 8 for
making a change. For a sufficiently bad default, this cutoff may be below the minimum g in the population, so most people
will make a change and 8 would not be a good predictor of this event. Improving the default makes variation in 8 more
relevant for making a change. This implies that the effect of present bias on staying at the default rate may be higher under
the auto-enrollment (d = 3%) regime relative to the opt-in enrollment (d = 0%).!

Exponential-growth bias («): Exponential-growth bias is the tendency for individuals to partially linearize compound
growth processes, thereby under-estimating the effect of compound interest (Stango and Zinman, 2009). We consider the
parametric model of Levy and Tasoff (2016) for exposition. Let «; represent individual i’s accuracy in their exponential
perceptions. Given an interest rate 7 and time horizon T, the person’s perception function p(7, t; «;) is the perception of the
period-T value of one dollar invested at time t <T:

T-1 T-1
p(tia) = [[(1+airs) + (1 —ap)rs (6)
s=t s=t

When «; = 0, the individual perceives growth to be linear, fully neglecting compound interest. When «; = 1, the person
correctly perceives growth to be exponential. Values of «; €(0, 1) generate perceptions that are in between linear and expo-
nential growth. Values > 1 reflect over-estimation of the returns to compounding.

This mis-perception causes agents to under-estimate the returns to savings, and potentially induces both an income and
a substitution effect (Levy and Tasoff, 2016). The effect on the perceived optimal contribution rate is therefore ambiguous.
However, because agents systematically under-estimate the sensitivity of their retirement savings balances to their saving
rate, we can capture the effect of exponential-growth bias by assuming that |dL(s, s*)/ds| is decreasing in the degree of
exponential-growth bias. That is, exponential-growth bias depresses the perceived link between savings behaviors and sav-
ings outcomes, and therefore more-biased agents believe that a larger change in the savings rate is required to induce a
given change in utility. We therefore predict that more biased agents should be more likely to remain at the default in both
regimes, as equation (5) is less likely to be satisfied. Conditional on making an active choice, the effect on savings rates is
potentially ambiguous, as we have not imposed restrictions on how exponential-growth bias affects the perceived loss from
too-high savings relative to too-low.

1 This prediction also appears in Carroll et al. (2009), albeit in a repeated decision with stochastic cost realizations.
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Financial literacy: Financial literacy is slightly more nebulous than the previous three measures, but is generally under-
stood that advanced financial knowledge (for example, risk diversification) and the capacity to do financial calculations are
central to the concept (Lusardi and Mitchell, 2011; 2014). A highly financially literate person should therefore be expected to
be able to use all available information to formulate and execute a retirement savings plan. Conversely, a financially illiterate
agent may find the decision quite baffling and may rely on the implicit recommendation of the employer’s default choice
for guidance.>? We assume that the perceived precision of this signal is (weakly) decreasing in financial literacy, in the sense
of second-order stochastic dominance. It will be more convenient (though equivalent, given the generality of the model), to
treat financial literacy as affecting the signal rather than the prior.

Agents with lower degrees of financial literacy thus interpret the default as a stronger signal regarding s*. Their posterior
beliefs, given by f{s*|d)=f(s*)g(d|s*)//g(d|s)dF(s), have a density strictly higher at points near the default and strictly lower
at points distant than agents with higher degrees of financial literacy. If the default is close to the prior F, then the default
will not induce a large change in beliefs for any degree of financial literacy. As we find it likely that the prior places a
greater density near a 3% savings rate than a 0% rate, we predict that financial literacy should have a greater impact on both
remaining at the default and on contribution rates under the opt-in regime than under the auto-enrollment regime.

3. Setting and data
3.1. Retirement plan setting

Benefits-covered federal employees participate in a supplemental defined contribution (DC) plan, the Thrift Savings Plan
(TSP), in addition to a mandatory defined benefit (DB) plan. Employees receive a base TSP contribution of 1 percent from
the agency and a further match on employee contributions up to 5 percent of pay. The agency matches dollar-for-dollar on
an employee’s contributions up to 3 percent of pay and $0.50 on the dollar for the next two percent of pay. Employees can
contribute up to the IRS maximum each year, which was $18,000 in 2017.> Employees may elect to invest their contributions
in five different funds or a lifecycle option, which is a mix of the other funds based on the employee’s age.

The federal government implemented automatic enrollment for all covered employees hired after August 1, 2010. Before
this, employees were required to opt in to participate in TSP. After auto-enrollment started, employees were enrolled in TSP
at a 3 percent contribution rate unless they opted out. Therefore, the default contribution rate is zero for those hired prior
to August 1, 2010 and 3 percent for those hired later.

Our administrative data combine TSP contribution elections with HR records. These data were collected as of April 2017,
and include 5472 employees. All outcomes we examine derive from this TSP retirement contributions cross-section. We
fielded an online survey between March 29, 2017 to April 14, 2017 to these employees, and 1585 (29%) provided com-
plete response on the variables of interest.* Our survey included one initial invitation and two reminders sent via email.
We use this survey to elicit the long-term discount rate, present-biased preferences, exponential-growth bias and mea-
sures of financial literacy. Our sample includes 1396 of the 1585 survey responders who answered key questions in our
survey required for analysis. Below we describe the outcome variables, elicitation of behavioral measures, and control
variables.

3.2. Outcome variables

We construct each employee’s annual TSP contribution amount using data on contribution elections while taking into
account the maximum allowable annual contribution of $18,000.> We report contributions both as an annual dollar amount
and as a percent of salary. We construct additional measures of contribution choices including binary indicators of whether
the employee passively enrolled, whether the employee’s saving choice is consistent with the default in place at the time
of hire, whether the employee contributes an amount that maximizes their match from the Federal government, whether
the employee contributes the annual maximum, and whether the employee contributes to TSP at all. The binary indica-
tor describing whether the employee made a passive choice is only present for employees hired after auto-enrollment was
instituted;® the data do not distinguish between passive and active non-participants hired in the earlier, opt-in regime.
Whether an employee’s contribution choice is consistent with the default is available for both regimes, yet differs from

2 Sunstein (2017) notes that given, “the informational signal that the default rule provides... people may not want to [depart from it] unless they are
quite confident.”

3 Employees hired before 1984 are covered by a more comprehensive DB plan and receive no base and no match on employee contributions to TSP,
although they are allowed to contribute up to the IRS maximum allowable each year. Fewer than 10 percent of the current full-time, non-seasonal Federal
employees are in this more comprehensive plan.

4 Survey respondents differ on average from non-respondents in terms of TSP contribution decisions as well as some covariates given survey respondents
are more attentive and engaged employees. However, selection into survey response based on TSP outcomes and covariates does not differ between TSP
default regimes at the time of hire, mitigating concern that differential selection into the survey sample between regimes drives results.

5 Employees can elect DC contributions as a percent of pay, or as a dollar amount per pay period.

6 The measure in the data indicating passive enrollment is missing for 10 individuals, leaving 651 for analysis using this variable instead of 661 for the
auto-enrollment cohort.
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the passive measure in the automatic enrollment regime due to some employees actively electing a 3% contribution
rate.

Table 1 presents summary statistics for our main outcome variables separately for employees who were hired before
and after the introduction of automatic enrollment. Because auto-enrollment is determined by hire date, and our data come
from a single cross-section, auto-enrollment is confounded with length of service and, to some extent, with age and career
stage. Employees hired in the opt-in regime have annual TSP contributions of $8,699 on average, while the younger cohort
hired under auto-enrollment averages $5,160. TSP contributions as a percent of salary are also higher for those hired under
the opt-in regime.

Approximately 9 percent of opt-in regime employees are at their default contribution rate of 0 percent, whereas only 4.8
percent of auto-enrolled employees do not participate. Instead, 14.7 percent of auto-enrolled employees are at the default
contribution rate of 3 percent. Our data include an indicator of whether the employee made an election or was passively
enrolled in the plan (for automatic enrollment regime). This variable indicates that the vast majority of those at the default
contribution rate are there through passive enrollment: 11.8 percent of the sample, or 80 percent of those at the 3-percent
default did not actively choose their contribution rate.

The two groups of employees also differ on their contributions at higher levels. Approximately 61 percent of employ-
ees hired under the opt-in regime contribute at least 5 percent of their salary, while 58 percent of auto-enrolled em-
ployees contribute at least 5 percent. Finally, we observe that whereas 13 percent of employees hired under the opt-in
regime are contributing the annual maximum of $18,000 per year, only 4.2 percent of auto-enrolled employees are at this
cap.

3.3. Time preferences

We use a “time-staircase” procedure to construct a simple measure of present bias, which we refer to as “Beta”, as well
as of the long-run discount factor (“Delta”) in an approach similar to Goda et al. (2019). The method was first devloped by
Falk et al. (2016) for only measuring the long-run discount factor. The staircases have the form:

Present-future staircase: Would you rather receive $100 today or $[X] in 12months?
Future-future staircase: Would you rather receive $120 in 12 months or $[Y] in 24 months?

Subjects begin with a common value of [X] or [Y]. If a subject indicates they prefer the money sooner (later), then
the second dollar amount increases (decreases) on the next question.” For each staircase, subjects answer five questions,
gradually narrowing the interval that contains the indifference point. Since the questions are binary and have parallel struc-
ture, they are easily understood and can be answered quickly. Participants were asked these questions for a 12-month (as
shown above) and 6-month time interval, for a total of four sets.® We randomize the order of the staircases and utilize
different base values for the different sets of questions (i.e., the present-future staircase always begins with $100 today
and the future-future staircase with $120 in 12 months) to minimize the influence of mechanical responses. While this
staircase method did not involve real stakes, Falk et al. (2014) show that behavior between a no-stakes and real-stakes
version is highly correlated.® From these staircases we construct measures of Beta and Delta from the implied indifference
point.'°

3.4. Exponential-growth bias

We measure exponential-growth bias separately given that previous work has found that this bias is particularly im-
portant for retirement saving due to its long investment horizon (Stango and Zinman, 2009; Goda et al., 2019). To assess
exponential-growth bias, we include three hypothetical investment questions asking participants to provide a value for an
asset given a specified return and time horizon. An example question is, “An asset has an initial value of $100 and grows
at an interest rate of 10% each period. What is the value of the asset after 20 periods?” For each question k and each in-
dividual i, we construct a measure of exponential-growth misperception that minimizes the distance between the response
and the correct answer informed by Eq. (6) from Section 2, similarly to Goda et al. (2019). Our measure of Alpha represents
the degree of exponential-growth bias, with Alpha = 1 representing no exponential-growth bias (accurate perception) and
Alpha <1 representing some exponential-growth bias, where the person underestimates how much assets would be worth
under exponential growth. In particular, Alpha = 0 represents the perception of growth as linear, rather than exponential.
We compute the distance the response is from the correct answer and normalize it by the correct answer. Performance on
these questions by OPM employees was similar to the U.S. population: between 29 and 33 percent of survey participants

7 In our survey instrument, the future value X was always greater than 100 and Y was always greater than 120.

8 We collect multiple measures to address measurement error (see Section 4.2).

9 The authors find a correlation between the staircase measures and incentivized experimental measures of 0.524. This correlation is close to the test-
retest correlation of 0.664 for the incentivized experiment.

10 We cannot identify the indifference point for those who select the upper bound of the time staircase. In this case, we use the upper bound value plus
the difference between that value and the second-to-last value to determine the indifference point. We include a dummy variable for those with these
imputed values in the analysis.



G.S. Goda, M.R. Levy and C.F. Manchester et al./Journal of Economic Behavior and Organization 173 (2020) 301-321 307

Table 1
Summary statistics - Outcome variables.

Opt-in regime  Auto-enroll regime

TSP Amount ($/year)  8699.480 5160.133
(6418.502) (4987.889)
Passive 0.118
(0.323)
At Default 0.088 0.147
(0.284) (0.354)
At Maximum Match 0.614 0.576
(0.487) (0.495)
At 0% 0.088 0.048
(0.284) (0.215)
At Cap 0.131 0.042
(0.337) (0.202)
Observations 735 661

Notes: TSP Amount reflects annual Roth and Traditional TSP con-
tributions subject to annual maximum, including catch-up contri-
butions if eligible. See text for more details.

answered the questions within 10% of the correct value as compared to 23 to 31 percent in a representative U.S. sample
(Goda et al., 2019).

3.5. Financial literacy

We measure basic financial literacy using the 5-item battery of financial literacy questions developed by Lusardi and
Mitchell (2011) and widely used since then (Lusardi and Mitchell, 2014). These questions measure understanding of inflation,
diversification, compound interest, mortgage payments, and bond prices using multiple choice questions. OPM employees
performed well on these questions relative to the U.S. population; percent correct on each of the 5 questions ranged between
39 and 95 percent for OPM employees, while 21 to 70 percent for a representative sample of the U.S. population (Lusardi and
Mitchell, 2011). Similarly, the share of employees who answered all five questions correctly was 30 percent, relative to 10
percent for the U.S. population, suggesting that OPM employees are more financially literate than average. In our subsequent
analysis, we use a z-score of financial literacy standardized within the sample.

3.6. Covariates by default regime

Table 2 presents summary statistics of our measures of Alpha, Beta, Delta, the z-score for financial literacy, and our
controls that are included in all subsequent analyses. The average value of Alpha for the Opt-In sample is 0.52 and for
the Auto-Enrollment sample is 0.48, which implies that on average, participants in our sample exhibit exponential-growth
bias. The average Beta of approximately 1 implies that, on average, the sample is time consistent. However, individuals
with Beta <1 display present bias and those with Beta> 1 are future biased, meaning that they over-value the future rel-
ative to today in a time inconsistent way. The mean of our sample for Alpha and Beta appear similar to the nationally-
representative sample of Goda et al. (2019), while our mean Delta of 0.87 indicates greater patience than in the national pop-
ulation, which had a 0.70 mean. Financial literacy is standardized within sample, with a mean of approximately zero in both
regimes.

From HR records, we also have data on pay, basic demographics (gender, birth year, race/ethnicity), human capital (high-
est education, tenure), position (non-supervisor, team leader, manager or supervisor) and work location (DC, MD, PA, VA,
other) to serve as controls.

In terms of differences by default regime, the behavioral measures (Alpha, Beta, Delta and financial literacy), gender,
ethnic background, and work location are all nearly identical. However, the cohorts differ substantially in tenure and
associated ways. This is expected given that the change in default is tied to hire date and we are analyzing a single
cross-section. The cohort hired before auto-enrollment is older, is more likely to be eligible for catch-up contributions,
is paid more, is more educated, is more likely to be in a supervisory position, and has slightly less trust in the federal
government.

4. Results
4.1. Main results

We analyze the relationship between survey-based measures of long-run discount rates (Delta), present bias (Beta),
exponential-growth bias (Alpha) and financial literacy and contribution choices separately by enrollment regime. We test
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Table 2
Summarystatistics - Survey measures and controls.
Opt-in regime Auto-enroll regime Difference
mean sd mean sd b p

Alpha 0.52 0.85 0.48 0.75 0.05 (0.28)
Beta 1.01 0.09 1.00 0.09 0.00 (0.50)
Delta 0.87 0.09 0.87 0.09 0.01 (0.19)
Total Pay 98456.47  26404.52  73073.82  32918.61  25382.65***  (0.00)
Age 50.87 9.82 43.37 10.52 7.51% (0.00)
Tenure in Years 14.01 7.41 2.94 2.22 11.08*+* (0.00)
Trust in Fed. Gov. as Employer 3.19 1.06 3.31 1.01 —0.12* (0.03)
Fin Lit (z-score) -0.07 1.04 0.00 0.95 -0.07 (0.16)
Eligible for Catch-Up Contributions 0.61 0.49 0.29 0.46 0.31%** (0.00)
Highest Education

High School 0.18 0.38 0.15 0.36 0.02 (0.25)

College 0.19 0.39 0.14 0.34 0.05* (0.01)

Bachelor 0.44 0.50 0.35 0.48 0.09*** (0.00)

Post Bachelor 0.20 0.40 0.36 0.48 —0.16% (0.00)
Race/Ethnicity:

White 0.71 0.45 0.72 0.45 -0.01 (0.69)

Hispanic 0.04 0.20 0.05 0.21 —0.00 (0.76)

Black 0.20 0.40 0.19 0.39 0.01 (0.66)

Other Race 0.05 0.21 0.04 0.20 0.00 (0.74)
Work Location:

DC 0.26 0.44 0.26 0.44 -0.01 (0.70)

MD 0.10 0.30 0.08 0.28 0.02 (0.26)

PA 0.28 0.45 0.31 0.46 —-0.03 (0.27)

VA 0.04 0.20 0.05 0.22 -0.01 (0.42)
Other Location 0.32 0.47 0.30 0.46 0.03 (0.27)
Job Position:

Non-Supervisory 0.81 0.39 0.93 0.25 —0.12% (0.00)

Team Leader 0.04 0.21 0.02 0.13 0.03* (0.00)

Supervisor or Manager 0.14 0.35 0.05 0.21 0.10%** (0.00)
Observations 735 661 1396

Notes: Trust in Fed. Gov. as Employer reflects level of agreement with the following statement: “Benefits by Fed. Gov.
are designed to best fit the needs of its employees.” Fin Lit reflects number of correct answers among Big Five financial
literacy questions.

whether the measured parameters have different effects on savings outcomes based on whether employees had to opt-in or
would have been auto-enrolled at the time of hire.

The first set of outcomes in Table 3 considers our measures in the likelihood of contributing at the default rate. For
employees hired in the opt-in regime, this variable represents whether the employee is still at a zero percent contribution
rate. For those hired in the auto-enrollment regime, it represents whether the employee is at a 3 percent contribution rate
and includes both those who were passively defaulted into the 3 percent contribution rate and those who actively selected
it. We test whether the role of long-run discount rates, present bias, exponential-growth bias and financial literacy differs
across enrollment regime and include p-values reporting the results from a test of equality across enrollment regimes at the
bottom of the table.

The results show no evidence that Beta is a predictor of remaining at the default when the default contribution rate is
zero in Column (1), but strong evidence that lower levels of Beta (i.e., more present biased and more tendency to procrasti-
nate) are associated with a higher likelihood of remaining at the default when the default contribution rate is 3 percent in
Column (2). The coefficient on Beta of -0.496 in Column (2) of Table 3 implies that a one standard deviation (0.09) decrease
in Beta is associated with a 4.5 percentage point (30 percent) higher probability of being at the default. This coefficient is
statistically distinguishable from the coefficient on Beta in Column (1) (p = .007) indicating that present bias has a signifi-
cantly larger effect in the auto-enrollment regime than the opt-in regime.

The outcome in Column (3) of Table 3 represents whether employees were passively enrolled into the TSP. Because this
outcome variable is only available for those hired in the auto-enrollment regime, we restrict just to this subsample, as
indicated in a row below the regression results. Failing to make an active choice is strongly correlated with Beta, but we
find no evidence that it is correlated with Alpha, Delta, or financial literacy. The coefficient of -0.366 on Beta implies that
a one standard deviation decrease in Beta, corresponding to more present bias, is associated with a 3.3 percentage point
higher probability of passive behavior. The magnitude is economically significant, representing a 28 percent change relative
to the mean. Unsurprisingly, the results are similar to those reported in Column (2), given that the majority of employees
who contribute at the default rate are there passively.
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Table 3
Relationship between Alpha, Beta, Delta, Fin Lit and TSP Outcomes (Default, Passive, 0%, Max Match).
Q) (2) 3) (4) (5)
At default Atdefault Passive At 0% At 0%
Alpha -0.012 -0.021 —-0.003 -0.012 0.016
(0.012) (0.018) (0.016) (0.012) (0.015)
Beta 0.199 —0.554"* —0.394** 0.199 -0.113
(0.145) (0.193) (0.174) (0.145) (0.124)
Delta 0.054 -0.118 —-0.085 0.054 —0.008
(0.130) (0.176) (0.163) (0.130) (0.121)
Fin Lit (z-score) —0.027* —-0.007 —-0.007 —0.027** 0.006
(0.013) (0.016) (0.014) (0.013) (0.010)
College or Associate 0.023 -0.033 —0.107** 0.023 0.005
(0.047) (0.055) (0.051) (0.047) (0.041)
Bachelor —0.076* 0.012 —-0.037 —-0.076* —0.049
(0.039) (0.049) (0.048) (0.039) (0.031)
Post-Bachelor —0.104** -0.012 —-0.051 —0.104** —0.041
(0.043) (0.050) (0.048) (0.043) (0.035)
White 0.043 -0.023 0.060** 0.043 —0.004
(0.034) (0.062) (0.025) (0.034) (0.036)
Hispanic 0.044 —-0.005 0.119* 0.044 —-0.002
(0.054) (0.082) (0.060) (0.054) (0.049)
Black 0.096** 0.016 0.122% 0.096** 0.072
(0.042) (0.068) (0.035) (0.042) (0.046)
Eligible for Catch-Up Contributions =~ —0.047 -0.023 —-0.025 —0.047 —0.029
(0.040) (0.052) (0.050) (0.040) (0.040)
Constant —-0.099 1.467+* 1.070%* —-0.099 0.448
(0.315) (0.403) (0.385) (0.315) (0.280)
Alpha OLS OLS OLS OLS OLS
Beta OLS OLS OLS OLS OLS
Delta OLS OLS OLS OLS OLS
Sample Opt-in regime  Auto-enroll regime  Auto-enroll regime  Opt-in regime  Auto-enroll regime
Mean DV 0.088 0.147 0.118 0.088 0.048
R-squared 0.081 0.098 0.113 0.081 0.043
Cluster 735 661 651 735 661
Observations 735 661 651 735 661

Robust standard errors reported. Dependent variable in column heading. All specifications also include controls for Salary, Salary Squared, Age, Age
Squared, Years of Tenure, Years of Tenure Squared, binary variables for Extreme Patience and Extreme Impatience, Work Location, Job Position, and
Trust in Fed. Gov. as Employer. * p < 0.10, ** p < 0.05, *** p < 0.01.

In Columns (4) and (5) we examine the probability of being at 0% contributions under the two regimes.!! The uncondi-
tional probability of being at 0% under opt-in (d = 0%) (0.088) is larger than the probability under auto-enrollment (d = 3%)
(0.048) with p < .01. For financial literacy, among those hired during opt-in, the coefficient is statistically significant (Col-
umn (4)). The coefficient of —0.030 represents a 28 percent decrease in the probability of being at the default from a one
standard deviation (0.82) increase of financial literacy. By contrast, the coefficient on financial literacy is not statistically
significant among those hired under auto-enrollment (Column (5)), and is statistically different from the coefficient in Col-
umn (4) (p=0.019). Therefore, our results suggest that higher financial literacy reduces non-participation more in the opt-in
regime relative to the auto-enrollment regime. Finally, in Columns (6) and (7), we examine whether our measures predict
which employees maximize the employer match by contributing at least 5 percent of salary. Unexpectedly, we find that
Beta is negatively associated with maximizing the match under the opt-in regime, but this coefficient is only statistically
significant at marginal levels (p < .10). Neither Alpha, Delta, nor financial literacy predict maximizing the match in either
enrollment regime.

In Table 4 we report results similar to Table 3 but for annual TSP contributions, TSP rate as a percent of salary, and
an indicator for being at the annual maximum. Column (1) shows that there is no statistically significant effect of Al-
pha or Beta in the opt-in regime, but the coefficient on financial literacy is statistically significant. A standard deviation
increase in financial literacy is associated with a $698 or 8 percent increase in annual contributions under the opt-in
regime. In the auto-enrollment regime, Column (2), higher Beta (less present bias) is associated with higher contributions.
A one standard deviation decrease in Beta is associated with $369 or a 7 percent decrease in annual contributions. As
we saw in TSP participation in Table 3, the coefficients on financial literacy are statistically different from one another
across enrollment regime (p=0.019), indicating that financial literacy has a stronger effect on contributions in the opt-in
regime. Consistent with theory, the long run discount factor Delta is associated with higher annual contributions in both
regimes.

11 Note Column (4) is a replica of Column (1) because the default equals 0% before auto-enrollment.
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Table 4
Relationship between Alpha, Beta, Delta, Fin Lit and TSP Outcomes (Amount, Rate, Cap).
(1) () (3) (4) (5) (6)
TSP Amt. TSP Amt. At maximum match At maximum match At cap At cap
Alpha 268.808 146.018 0.002 —-0.002 -0.001 0.004
(241.668) (197.238) (0.021) (0.027) (0.013) (0.008)
Beta 3230.082 5259.325" —0.498** 0.079 0.208 0.136*
(2782.962) (1626.511) (0.228) (0.244) (0.141) (0.070)
Delta 5651.808** 3947.988* 0.082 -0.353 0.231 0.211*
(2601.748) (1627.919) (0.226) (0.234) (0.145) (0.083)
Fin Lit (z-score) 684.246** 56.760 0.002 —-0.022 0.025** 0.001
(233.851) (146.118) (0.018) (0.021) (0.012) (0.008)
College or Associate —346.038 495.929 0.008 —-0.031 —0.046 0.016
(688.143) (490.066) (0.062) (0.073) (0.032) (0.021)
Bachelor 1914.170** 648.250* 0.091 0.035 0.026 —0.005
(657.006) (361.465) (0.056) (0.062) (0.034) (0.011)
Post-Bachelor 2973.074** 770.858* 0.099 0.009 0.032 0.024
(823.067) (446.349) (0.067) (0.066) (0.044) (0.015)
White —367.384 -1730.337* 0.086 0.018 —-0.089 0.023
(1110.246) (971.478) (0.085) (0.099) (0.074) (0.046)
Hispanic —1504.723 -1132.797 0.077 -0.159 —0.221% 0.017
(1381.673) (1253.959) (0.123) (0.132) (0.077) (0.065)
Black —2762.674* —3111.365"* 0.004 —-0.161 —0.173** 0.012
(1202.453) (1027.179) (0.094) (0.104) (0.078) (0.046)
Eligible for Catch-Up  2636.404** —295.854 0.019 0.048 0.076* 0.014
Contributions
(765.710) (616.323) (0.067) (0.080) (0.046) (0.032)
Constant —-15142.492*  —-6828.587* 1.609** -0.294 —0.999% —0.501"*
(6549.674) (3561.770) (0.587) (0.516) (0.364) (0.180)
Alpha OLS OLS OLS OLS OLS OLS
Beta OLS OLS OLS OLS OLS OLS
Delta OLS OLS OLS OLS OLS OLS
Sample Opt-in regime  Auto-enroll regime  Opt-in regime Auto-enroll regime Opt-in regime  Auto-Enroll Regime
Mean DV 8699.48 5160.133 0.614 0.576 0.131 0.042
R-squared 0.282 0.450 0.086 0.073 0.139 0.134
Cluster 735 661 735 661 735 661
Observations 735 661 735 661 735 661

Robust standard errors reported. Dependent variable in column heading. All specifications also include controls for Salary, Salary Squared, Age, Age Squared,
Years of Tenure, Years of Tenure Squared, binary variables for Extreme Patience and Extreme Impatience, Work Location, Job Position, and Trust in Fed.
Gov. as Employer. * p < 0.10, ** p < 0.05, *** p < 0.01.

Columns (3) and (4) in Table 4 repeat the analysis in Columns (1) and (2) but for TSP contributions as a percent of salary
rather than annual amount. The results are qualitatively similar to those in Columns (1) and (2): the coefficient on Beta is
higher in the auto-enrollment regime, but not statistically distinguishable from the coefficient on Beta in the opt-in regime,
and the coefficient on financial literacy is higher in the opt-in regime relative to the auto-enrollment regime (p = 0.052).
These results indicate that the results in Column (1) and (2) still hold after adjusting for the fact that annual contributions
for employees hired in the opt-in regime may have higher contributions simply because they contribute a certain share of
their salary and their salaries are higher.

Finally, we examine the relationship between our measures and contributing the $18,000 per year maximum annual
contribution. Column (5) shows that in the opt-in regime, one standard deviation higher financial literacy increases the
probability of capping out total contributions by 2.5 percentage points or 20 percent; however, this coefficient is not sta-
tistically different across enrollment regime at conventional levels. Alpha and Beta are not significant predictors in either
regime.

4.2. Robustness

The paper’s basic exercise is to study if and how relationships between stable, individual-level characteristics
(exponential-growth bias, long-run discount factor, present bias, and financial literacy) and retirement contribution out-
comes differ for those hired under different default regimes. Ideally, we would observe contribution outcomes from the
time of hire for the full sample. In fact, we observe contribution decisions as of April 2017, which for some is many years
after the time of hire. Those hired before the change will mechanically have longer tenure and tend to be older and have
higher pay. We can observe and control for these time-varying determinants of contribution decisions that are correlated
with default regime at hire. Imbalances in them are expected and relatively easy to manage.

A deeper concern is that individuals select in or select out of the sample differently across the two regimes.
This could happen due to both observable and unobservable characteristics. Studies with a random-assignment or
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Difference between Opt-in Regime and Difference between Opt-in Regime and
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Fig. 1. Robustness of relationship between Beta, Fin Lit and TSP outcomes by sample bandwidth.

regression-discontinuity design commonly consider evidence of balance on time-invariant observables as informative
about the credibility of their identifying assumption of balance on unobservables. We offer evidence in the same
spirit.

If the regime-change date was not coincident with any change in the hiring process, we would expect the group of
people hired in a narrow bandwidth of time before the regime-change to be quite similar to those hired within a narrow
bandwidth of time after the regime change.'> With a narrower bandwidth, the groups are likely to be more similar, but
smaller in number. As the bandwidth widens, the groups grow in size but they may become less similar due to secular
changes in the population or organization. This is similar to a bias-variance trade-off familiar in regression-discontinuity
designs. Our main analysis uses the entire sample of workers observed in April 2017. At the extremes, this includes someone
hired 35 years before the regime-change date and 7 years after it.

To address these concerns about selection, we offer two kinds of evidence. First, we show that our key independent
variables are balanced as the bandwidth expands. Second, we show that the primary regression results are stable when we
exclude individuals hired further from the regime-change date. Table 5 presents the test of balance for our main predictors.
The sample includes employees hired within b years of August 2010, the date of the enrollment-regime change, and where
b varies between 1 and 15 + years. Within this sample, we compute means for the subsamples hired on either side of the
regime-change threshold. Each cell reports the difference in the average of the row-variable among those hired before and
those hired after the default change along with a standard error. There are no significant differences in mean exponential-
growth bias or present bias in the two different regimes. For each variable, the differences between the groups are small
and never significant even at 10%.'> This mitigates concern that our findings are driven by differential selection into default
regime based on our behavioral measures.

Next, we perform the analysis in Tables 3 and 4 but trim the samples to include only those hired within various b-
bandwidths of the regime change date. We show the results for two of our main findings in Fig. 1. The left panel of
Fig. 1 depicts the estimated difference in the coefficient on Beta and its 95 percent confidence interval for the “At De-
fault” outcome across regimes as a function of the bandwidth b. The right panel of Fig. 1 depicts the estimated difference
in the coefficient on financial literacy and its 95 percent confidence interval for the TSP annual contribution outcome as a
function of the bandwidth b. For financial literacy, the finding of a larger negative relationship with TSP contributions for
the opt-in regime is robust to the bandwidth. For Beta, the finding of a larger negative relationship with being at the default
is less stable at smaller bandwidths, yet the full sample coefficient estimate (15+ years) is within the 95 percent confidence
interval for all bandwidths except for 2 and 3 years. We focus on just these 2 coefficients because they represent our main
findings. Figures depicting the stability of estimated differences in coefficient estimates across enrollment regime and their
95 percent confidence intervals by b for all four of our main predictors and six outcomes are shown in Appendix Fig. A.1.
In general, these figures show that the estimated differences in our coefficients across regime is stable across bandwidth
though confidence intervals are wider as the sample size declines.

Another possible concern regarding the interpretation of results is that the associations are generated through re-
verse causality. Perhaps past retirement contribution behavior affects present bias and financial literacy. If so, this would
imply that under the opt-in regime, individuals who selected lower contribution amounts caused themselves to have
lower financial literacy, and under the auto-enrollment regime, individuals who selected the default caused themselves
to have more present bias. Lusardi, Michaud and Mitchell (2017) present a lifecycle-savings framework in which finan-
cial literacy is endogenous. Obtaining more financial literacy yields higher returns and this is more valuable for higher
earners. Their model has a causal relationship from income to financial literacy. In our context, it could be that people

12 In speaking with OPM staff, our understanding is that there were no changes in the hiring process coincident with the change in enrollment regime.
13 Appendix Table A.3 presents analogous results for all control variables.



Table 5
Differences in Alpha, Beta, Delta, Fin Lit across enrollment regime by bandwidth.
(1) (2) (3) (4) (5) (6) (7) (8) 9) (10) (11) (12) (13) (14) (15) (16)
Alpha 0.043 0.065 —-0.002 0.009 0.019 0.030 0.019 0.024 0.014 0.013 0.014 0.019 0.022 0.027 0.032 0.047
(0.105)  (0.085)  (0.074) (0.066)  (0.060)  (0.050) (0.046)  (0.046)  (0.046) (0.045) (0.045) (0.045) (0.045) (0.045) (0.045) (0.043)
Beta -0.010 —0.006  0.003 0.002 0.001 —-0.002 0.001 0.002 0.002 0.001 0.001 0.001 0.000 0.001 0.001 0.003
(0.011)  (0.009)  (0.008) (0.007)  (0.006)  (0.005) (0.005)  (0.005)  (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
Delta 0.008 0.001 0.003 0.004 0.007 0.007 0.006 0.005 0.006 0.006 0.005 0.005 0.005 0.005 0.005 0.006
(0.013) (0.010)  (0.009) (0.008)  (0.007)  (0.006) (0.005) (0.005)  (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
Fin Lit (z-score) —0.120 —0.086 —-0.081 -0.101 0.002 —0.050 —-0.057 —0.054 —-0.051 —-0.048 —0.050 —-0.053 —0.060 —0.056 —-0.057 -0.074
(0.138)  (0.108)  (0.094) (0.082)  (0.072)  (0.061) (0.057)  (0.056)  (0.056) (0.055) (0.055) (0.055) (0.055) (0.055) (0.055) (0.053)
Bandwidth <1 Year <2 Year <3 Year <4 Year <5 Year <6 Year <7 Year <8 Year <9 Year <10 Year <11 Year <12 Year <13 Year <14 Year <15 Year All Years
Observations 206 341 439 559 727 1041 1195 1209 1231 1238 1258 1270 1276 1282 1287 1396

Each cell presents the row-variable difference in means (SE) between those hired in the bandwidth before and after the regime change date. *p < 0.10, **p < 0.05, ***p < 0.01.
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under the opt-in regime who had selected lower contribution amounts would have less reason to become financially lit-
erate as they would have less retirement savings to think about. But the questions used for the financial literacy mea-
sure were quite general (inflation, diversification, compound interest, mortgage payments, and bond prices) and had noth-
ing to do with retirement savings specifically. Such basic financial knowledge would be useful for anyone with any fi-
nancial assets, which all employees in our sample have due to the agency’s mandatory contribution to TSP. It is even
less clear how choosing the default under auto-enrollment would cause a person to be more present biased. It is pos-
sible that those induced to a 3% contribution rate are saving more than is comfortable and this imposed illiquidity
causes people to answer “money earlier or later” questions in a more impatient manner. But if this were true, then
we would also find Delta to be negatively associated with being at the default, but the coefficient on Delta is not
significant.

One additional concern is whether we have measurement error in the behavioral factors given they were assessed using
survey-based elicitation. While we use the average of multiple measures of our parameters in the main analysis to mitigate
the influence of any measurement error, a different strategy is to use an obviously-related instrumental variables (ORIV)
approach (Gillen et al., 2017).'* Overall, we find that our findings are robust to using the ORIV approach (see Appendix B).

5. Discussion

The conceptual framework in Section 2 built on several strands of literature regarding the nature of default effects. We
now briefly return to these in light of our empirical results. The closest existing work is Carroll et al. (2009), who focus
on the effect of present bias when switching costs are immediate but the benefits of making an active choice are delayed.
In both their framework and ours, the closer the default is to the optimal saving rate, the likelier it is that employees will
procrastinate on making an active choice.

This story can partially rationalize our findings. When the default contribution rate is 0%, the default is so undesirable
that even procrastinators will be motivated to make a change. When the default is raised to 3% under auto-enrollment,
present bias becomes a relevant individual characteristic that separates those who are willing to go the extra length for
optimal savings versus those who are satisfied that 3% is “good enough”. We note that what constitutes an “undesirable”
default is not clear in our model, and that it would be possible to make the opposite prediction regarding opt-in vs. auto-
enrollment. Our model also predicts that present bias will again be irrelevant if the default is too high rather than too
low.

Our findings suggest that this narrative ought to be supplemented with financial literacy. Those who are financially
illiterate are more likely to have no clear understanding of what a good saving rate is, and may therefore be more strongly
influenced by the default. This is especially true if they interpret it as an endorsement from their employer and a signal of
the optimal behavior (McKenzie et al., 2006). We find that low financial literacy becomes an important predictor of default
behavior and total contributions in the opt-in regime, as more financially literate employees - even those exhibiting present
bias - know to move away from a 0% contribution rate. In general, our model predicts that financial literacy becomes more
relevant the more the default moves into the tails of employee’s beliefs over the optimal savings rate. It is plausible that
financial literacy would remain insignificant at moderate default levels (e.g. 5 or 6%), but would again matter as the default
increased further.

There have been several other mechanisms posited as motivations for the default effect that we have not considered
here, including loss aversion (Kahneman and Tversky, 1979), and procrastination due to choice overload (Iyengar and Lep-
per, 2000). Loss aversion is likely to increase adherence to the default regardless of regime, provided that employees encode
the default as the reference point, although models of expectations-based reference-dependence would not make any pre-
diction here (Kdszegi and Rabin, 2006). Likewise, choice overload may play a role in choosing the default but would not
seem to be able to explain the difference in default behavior under the two regimes. The number and range of fund choices
was constant in our time period as far as we are aware.!”

6. Conclusion

This paper directly assesses potential mechanisms for explaining observed saving choices in the context of a large U.S.
employer’s retirement savings plan. In particular, we examine the role that long-run discount rates, present bias, financial
literacy, and exponential-growth bias have in explaining whether employees make active contribution choices, respond to
match incentives and take full advantage of tax-preferred saving vehicles and how the influence of these factors may vary
based on a key feature of the choice environment, the default contribution rate.

4 Both strategies rely on the assumption of uncorrelated measurement error, which may not be fully satisfied in our context given the multiple measures
for a given behavioral parameter use the same questioning structure.

15 In our survey we included the question, “In general, when you are shopping or ordering a meal at a restaurant do you like menus with many different
options or do you prefer menus with just a few options?” This was meant to proxy for a tendency to be overloaded by expansive choice. Including it in
the regressions in Table 3 we found that it was only statistically significant “At/Above Max Match” for the auto-enrollment regime (p < 0.05) and it was
negative in this case. Although tantalizing, the question had not been validated as a measure of propensity for choice overload, and the measure was not
robustly associated with saving behavior. In this paper we focus on the results for which we have greater confidence.
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The results provide new evidence that present bias plays a more important role under auto-enrollment whereas financial
literacy plays a more important role under an opt-in regime. Under auto-enrollment, more present bias (i.e. lower Beta),
is associated with a higher likelihood of remaining at the default, lower contributions, and a lower probability of being
at the annual cap. Under the opt-in regime, higher financial literacy is associated with a lower likelihood of remaining at
the default, higher contributions, and a higher probability of being at the annual cap. Further, there is evidence that the
influence of these factors is statistically different across default regime.

Our findings suggest that both present bias and financial illiteracy are potential mechanisms for the “default effect”,
which has been shown to be important in retirement savings plans. The key insight from our findings - and from our
conceptual model - is that the precise mechanism driving the default effect can differ based on the default contribution rate
that is set. In particular, we find present bias to be an important mechanism for staying at the default in auto-enrollment
regimes, while financial literacy appears to be a more important predictor in opt-in default environments. These results
suggest that the characteristics of those who follow the default are not fixed but differ based on the underlying default and
that how the default is set can have distributional implications. For instance, a causal interpretation of our results suggests
that auto-enrollment increases saving primarily among those with low financial literacy.

We caution care when directly applying these results to other employment situations. The sample is particularly well
educated and with commensurately high pay. In addition the employer is the Federal Government which constitutes a work
environment that may differ in important ways from work environments in the private sector, such as different lengths
of tenure and separation probabilities. That said, our findings suggest that developing ways to mitigate present bias and
improve financial literacy may change saving outcomes and ultimately improve welfare. Importantly, our results suggest
that interventions may need to vary based on terms of the default. Identifying potential interventions remains an important
area for future research.

Appendix A. Additional Tables and Figures
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Table A1
Correlation matrix.
Mean alpha  Alpha 1 Alpha 2 Alpha 3 Mean Beta  Beta 1 Beta 2 Mean Delta  Delta 1 Delta 2
Mean Alpha 1.000
Alpha 1 0.826* 1.000
Alpha 2 0.822% 0.540%
Alpha 3 0.773% 0.416**  0.444**  1.000
Mean Beta —0.004 —0.005 0.005 1.000
Beta 1 -0.018 -0.012 —0.008 0.865"* 1.000
Beta 2 0.020 0.009 0.023 0.576%** 0.087** 1.000
Mean Delta 0.035 0.032 0.051* —0.466"* —0.438**  —0.211*** 1.000
Delta 1 0.017 0.016 0.036 —0.495** —0.624*+  0.033 0.870%+ 1.000
Delta 2 0.045 0.040 0.052* —0.286"* —0.091**  —0.419**  0.832*** 0.449* 1.000
Observations 1583
*p < 0.10, **p < 0.05, ***p < 0.01.
Table A.2
Differences in outcomes and control variables by survey response.
Survey responders Survey non-responders t-test
Obs. Mean Std. Dev. Obs. Mean Std. Dev. Diff.
Outcome variables:
At default 1396 0.12 0.32 3843 0.15 0.36 —0.03***
Passive 651 0.12 0.32 1719 0.18 0.38 —0.06%*
At 0% 1396 0.07 0.25 3843 0.10 0.29 —0.03**
TSP Amount ($/year) 1396 7023.61 6047.51 3843 5932.55 5517.60 1091.07**
TSP Rate 1396 7.70 5.67 3843 6.51 5.21 1.19%**
At/Above Max. Match 1396 0.60 0.49 3843 0.58 0.49 0.02
At Cap 1396 0.09 0.28 3843 0.06 0.23 0.03*
Individual Characteristics:
Total Pay 1396 86437.89  32253.08 3843 85970.58  31422.28  467.31
Age 1396 47.32 10.82 3843 45.70 10.66 1.61%
Tenure in Years 1396 8.77 7.87 3843 9.17 8.21 —0.40
Eligible for Catch-Up Contributions 1396 0.46 0.50 3843 0.38 0.49 0.07+
Highest Education:
High School 1396 0.16 0.37 3843 0.20 0.40 —0.03***
Some College or Associate 1396 0.16 0.37 3843 0.15 0.36 0.01
Bachelor 1396 0.40 0.49 3843 0.41 0.49 —-0.01
Post Bachelor 1396 0.28 0.45 3843 0.24 0.43 0.03**
Race/Ethnicity:
White 1396 0.71 0.45 3843 0.64 0.48 0.07+
Hispanic 1396 0.05 0.21 3843 0.06 0.23 -0.01*
Black 1396 0.20 0.40 3843 0.25 0.43 —0.06***
Other Race 1396 0.05 0.21 3843 0.05 0.22 -0.01
Gender:
Female 1396 0.55 0.50 3843 0.58 0.49 —0.03*
Male 1396 0.45 0.50 3843 0.42 0.49 0.03*
Work Location:
DC 1396 0.26 0.44 3843 0.28 0.45 -0.02
MD 1396 0.09 0.29 3843 0.09 0.28 0.00
PA 1396 0.29 0.46 3843 0.24 0.43 0.05%*
VA 1396 0.05 0.21 3843 0.07 0.25 —0.02#**
Other Location 1396 0.31 0.46 3843 0.32 0.47 —0.01
Job Position:
Non-Supervisory 1396 0.87 0.34 3843 0.87 0.34 —0.00
Team Leader 1396 0.03 0.18 3843 0.03 0.17 0.00
Supervisor or Manager 1,396 0.10 0.30 3,843 0.10 0.30 —0.00
N 1,396 3,843 5239

*p < 010,** p < 0.05 **p < 001
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Appendix B. Additional robustness

Unlike the administrative outcomes, there is reason to believe that our survey measures are subject to measurement
error. Including multiple elicitations in our survey, however, provides us with two possible strategies for overcoming this.

The first strategy is simply to average the multiple measures and conduct OLS analysis using the mean value as a re-
gressor, which we do in our main results. Under the assumption that our multiple measures of each characteristic are in
fact noisy measures of a “true” characteristic and that the errors in the multiple measures are uncorrelated, then it follows
trivially that the level of measurement error will be reduced but not eliminated by taking the means. As a result, using a
mean value should yield less-biased results in OLS than using a single measure.

The second strategy is to use an obviously-related instrumental variables (ORIV) approach (Gillen et al., 2017). A standard
approach to dealing with a variable measured with noise is the use of an instrument uncorrelated with that noise. A second
survey measure, provided the measurement error is uncorrelated, can provide such an instrument. However, experimenters

Table B.1
Fitting TSP contributions with OLS and IV specifications of Alpha, Beta and Delta.

(1) (2) (3) (4) (5) (6) (7) (8)

TSP Amt. TSP Amt. TSP Amt. TSP Amt. TSP Amt. TSP Amt. TSP Amt. TSP Amt.
Alpha 247.99 383.04 228.39 240.52 344.05 374.58 14.70 354.22
(162.20) (237.03) (165.95) (160.37) (244.14) (236.17) (1113.33) (242.61)
Beta 4169.78* 3988.22* —13500.17*  6774.12** —12945.72*  6288.68*** —101888.21 —10492.38*
(1622.39) (1657.60) (7059.51) (2143.83) (7181.24) (2175.67) (490832.31) (4370.03)
Delta 5080.06*** 4590.10%+ —2846.29 10311.01* —2933.93 9211.26% 2836.46 —3026.31
(1551.27) (1570.74) (3483.58) (3274.88) (3526.69) (3279.17) (17966.08) (3422.97)
Fin Lit (z-score) 411.17+ 424.60% 469.96"* 403.07* 512.58*** 415.79* 770.25 498.80***
(147.23) (151.67) (151.88) (147.45) (158.49) (153.30) (1677.88) (154.48)
Total Pay 0.10*** 0.10% 0.10% 0.10% 0.10% 0.10% 0.15 0.10%
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.22) (0.02)
Total Pay x Total Pay = —0.00 -0.00 -0.00 -0.00 —-0.00 -0.00 -0.00 —-0.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Age 49.07 66.79 9.18 60.29 27.33 76.93 —130.75 31.47
(91.22) (93.26) (95.06) (91.52) (97.53) (94.35) (856.82) (95.83)
Age x Age -0.62 -0.85 -0.31 -0.71 -0.55 -0.93 0.80 -0.58
(1.05) (1.07) (1.08) (1.05) (1.11) (1.08) (6.84) (1.09)
College or Associate 233.16 188.51 416.58 100.54 357.44 77.24 156.00 361.98
(428.38) (437.39) (436.43) (434.18) (446.70) (445.87) (1010.29) (442.84)
Bachelor 1563.17*** 1572.43* 1664.03** 1454.31%* 1628.60*** 1476.97* 1119.78 1649.32%**
(385.42) (392.68) (396.57) (388.46) (405.47) (398.91) (2099.40) (403.23)
Post-Bachelor 1918.61%** 1945.99+* 2066.19* 1790.94*** 2052.80%* 1833.86*** 1622.57 2069.40%*
(462.22) (470.68) (477.38) (465.82) (487.26) (478.14) (1496.47) (485.16)
White —1028.36 -954.96 —1090.40 —1056.82 -1001.92 —986.50 —1820.30 —982.66
(740.71) (735.89) (762.61) (735.20) (762.12) (737.21) (3803.60) (757.99)
Hispanic —1416.64 —1293.59 -1236.25 —1480.25 -1107.64 —1356.79 —746.97 -1122.12
(938.97) (927.95) (975.39) (929.06) (971.79) (926.60) (3724.87) (961.94)
Black —2999.71%** —2856.97*** —3225.14**  —2991.14* —3004.70**  —2861.10** —4627.77 —2975.35%**
(787.21) (785.71) (810.61) (781.74) (814.99) (787.32) (7653.03) (808.81)
Tenure in Years 173.20% 173.98** 172.58*+ 169.06** 174.76+ 170.31%+ 122.30 175.82%
(60.96) (62.05) (63.05) (60.39) (64.44) (62.04) (258.06) (63.94)
Tenure in Years x —4.38** —4.46** —3.98** —4.35% —4.06** —4.45% -1.07 —4.14*
Tenure in Years
(1.69) (1.75) (1.76) (1.68) (1.82) (1.75) (15.57) (1.80)
Eligible for Catch-Up 1665.48"** 1709.26** 2002.93* 1590.71%** 2040.19* 1644.86* 3411.50 1998.63***
Contributions
(497.41) (504.49) (539.93) (495.97) (551.10) (506.97) (8316.09) (531.79)
Constant —11254.46"*  —-10960.96** 13921.57 —18463.17* 13154.40 —17315.75**  100824.77 10672.15
(3480.26) (3535.51) (10213.13)  (5292.42) (10392.85)  (5325.65) (523921.66) (7208.36)
Alpha OLS 1\% OLS OLS I\% v OLS 1\%
Beta OLS OLS v OLS v OLS v v
Delta OLS OLS OLS \Y% OLS v v \Y%
F-Stat Alpha 521.51 261.54 267.19 179.80
F-Stat Beta 11.88 5.60 0.23 79.11
F-Stat Delta 101 50 262 253
Mean DV 7023.61 7031.85 7023.61 7023.61 7031.85 7031.85 7023.61 7031.85
R-squared 0.371 0.362 0.285 0.357 0.283 0.351 . 0.306
Cluster 1396 1343 1396 1396 1343 1343 1396 1343
Observations 1396 4029 2792 2792 8058 8058 2792 16,116

Notes: Standard errors in parentheses and clustered on ID. Dependent variables as indicated in column heading. All specifications also include controls for
pay, pay squared, age, age squared, years of tenure, years of tenure squared, Work Location, Job Position and Trust in Fed. Gov. as Employer. * p < 0.10,
“p < 005, ***p < 0.01.
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Table B.2
Relationship between Alpha, Beta and Delta with TSP Outcomes (Default, Passive, 0%, Max Match) - OLS/IV prediction.
(1) (2) (3) (4) (5)
At Default At Default Passive At 0% At 0%
Alpha —0.022 —0.030 —-0.002 -0.022 0.021
(0.016) (0.027) (0.025) (0.016) (0.023)
Beta 0.256 —0.622** —0.481** 0.256 -0.110
(0.189) (0.247) (0.229) (0.189) (0.166)
Delta 0.245 -0.235 -0.182 0.245 —0.008
(0.257) (0.361) (0.342) (0.257) (0.251)
Fin Lit (z-score) —0.028** -0.012 —-0.012 —0.028** 0.007
(0.014) (0.016) (0.014) (0.014) (0.010)
Total Pay —0.000 —0.000"** —0.000** —0.000 —0.000
(0.000) (0.000) (0.000) (0.000) (0.000)
Total Pay x Total Pay 0.000 0.000%** 0.000%* 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000)
Age —0.002 -0.012 —0.006 —0.002 -0.011
(0.009) (0.011) (0.010) (0.009) (0.008)
Age x Age 0.000 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000)
College or Associate 0.011 -0.022 —0.099* 0.011 0.003
(0.047) (0.056) (0.052) (0.047) (0.044)
Bachelor —0.090** 0.000 —0.041 —0.090** —0.049
(0.039) (0.050) (0.048) (0.039) (0.032)
Post-Bachelor —0.115"* —0.022 —0.062 —0.115%= —0.048
(0.043) (0.051) (0.048) (0.043) (0.035)
White 0.038 —0.025 0.062** 0.038 -0.010
(0.034) (0.061) (0.025) (0.034) (0.035)
Hispanic 0.040 —0.003 0.122** 0.040 —0.004
(0.053) (0.081) (0.060) (0.053) (0.049)
Black 0.088** 0.003 0.109*+ 0.088** 0.067
(0.041) (0.068) (0.036) (0.041) (0.045)
Tenure in Years 0.003 —0.045* —0.047+ 0.003 0.014
(0.007) (0.027) (0.025) (0.007) (0.017)
Tenure in Years x Tenure in Years —0.000 0.005 0.005 —0.000 —0.002
(0.000) (0.004) (0.004) (0.000) (0.002)
Eligible for Catch-Up Contributions —0.040 —0.042 —0.040 —0.040 -0.022
(0.039) (0.052) (0.049) (0.039) (0.042)
Constant -0.357 1.597 1.201** -0.357 0.477
(0.447) (0.582) (0.556) (0.447) (0.404)
Alpha 1\% 1\% v v v
Beta OLS OLS OLS OLS OLS
Delta \Y% v 1\% v v
F-Stat Alpha 177.386 88.049 93.108 177.386 88.049
F-Stat Delta 25.811 21.581 20.329 25.811 21.581
Sample Opt-In Regime  Auto-Enroll Regime  Auto-Enroll Regime  Opt-In Regime  Auto-Enroll Regime
Mean DV 0.087 0.143 0.116 0.087 0.047
R-squared 0.071 0.089 0.11 0.071 0.042
Cluster 705 638 629 705 638
Observations 4230 3828 3774 4230 3828

Robust standard errors reported, clustered on ID. Dependent variable in column heading. All specifications also include controls for Salary, Salary
Squared, Age, Age Squared, Years of Tenure, Years of Tenure Squared, binary variables for Extreme Patience and Extreme Impatience, Work Location,
Job Position, and Trust in Fed. Gov. as Employer. * p < 0.10, ** p < 0.05, *** p < 0.01.

often lack a theory for which survey measure should be the regressor and which the instrument. The ORIV solution is
to use all measures simultaneously as regressors and as instruments for one another. That is, the true model is given by
Y = o + yX*, but the econometrician only has noisy measures X! = X* + v; for i = 1,2 with vy and v, uncorrelated. One
estimates the model:

Y\ (o X1 . (XY (X2 0
<Y>_<a2)+y(xz>,1nstrument1ng (X2 with W={"g 4

Gillen, Snowberg and Yariv (2017) prove that ORIV produces consistent estimates of y (Proposition 1), and that the esti-
mated standard errors, when clustered by subject, are consistent estimates of the asymptotic standard errors (Proposition 2).

While we can adapt this two-measure approach to our multiple-measure, multiple-outcome setting straightforwardly,
the method places stronger demands on the relationships between the multiple measures. We therefore first determine for
which parameters the ORIV approach is appropriate to allow us to utilize our data in a more efficient manner than the OLS
approach.

In Table B.1, we regress TSP contribution levels on our survey measures and other controls, considering all possible
permutations of OLS and ORIV for Alpha, Beta, and Delta. The outcome in all eight columns is annual TSP contributions in
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Table B.3
Relationship between Alpha, Beta and Delta with TSP Outcomes (Amount, Rate, Cap) - OLS/IV prediction.
(1) (2) (3) (4) (5) (6)
TSP Amt. TSP Amt. At maximum match At maximum match At Cap At Cap
Alpha 343.284 285.815 0.009 -0.014 —0.008 0.009
(335.707) (311.523) (0.029) (0.041) (0.018) (0.013)
Beta 5401.092 7091.528** —0.446 -0.137 0.289 0.230*
(3809.223) (2126.547) (0.310) (0.316) (0.200) (0.102)
Delta 9347.045* 7962.024* 0.115 -0.738 0.408 0.419*
(5482.675) (3492.184) (0.457) (0.488) (0.302) (0.179)
Fin Lit (z-score) 711.376* 66.282 -0.001 —-0.022 0.031%* 0.003
(245.291) (150.289) (0.019) (0.022) (0.012) (0.008)
Total Pay 0.133* 0.097+ 0.000 0.000*** 0.000 —0.000
(0.041) (0.032) (0.000) (0.000) (0.000) (0.000)
Total Pay x Total Pay  —0.000 —0.000 —0.000" —0.000%* 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Age 213.134 —138.720 -0.025 0.028* 0.026** 0.009**
(187.929) (115.421) (0.017) (0.015) (0.010) (0.004)
Age x Age —2.632 2.123 0.000 —0.000* —0.000%* —0.000%*
(1.882) (1.409) (0.000) (0.000) (0.000) (0.000)
College or Associate —484.224 347.856 0.013 -0.025 —-0.052 0.011
(699.077) (512.542) (0.063) (0.075) (0.033) (0.022)
Bachelor 1876.846** 528.298 0.098* 0.048 0.017 —0.009
(666.012) (370.810) (0.057) (0.063) (0.034) (0.012)
Post-Bachelor 2943.631* 675.983 0.104 0.029 0.030 0.017
(837.330) (462.971) (0.068) (0.066) (0.045) (0.016)
White —279.625 —1690.547* 0.105 0.026 -0.104 0.022
(1100.874) (948.469) (0.085) (0.098) (0.074) (0.045)
Hispanic —1252.954 -1205.111 0.097 -0.143 —0.225% 0.010
(1351.611) (1218.177) (0.122) (0.132) (0.078) (0.064)
Black —2632.060** —2914.950%* 0.000 —-0.150 -0.176** 0.017
(1202.146) (1011.776) (0.094) (0.104) (0.079) (0.045)
Tenure in Years 117.036 —555.419* —-0.002 —-0.031 0.012 —-0.001
(144.423) (329.528) (0.013) (0.037) (0.008) (0.016)
Tenure in Years x -3.197 79.559* 0.000 0.004 —0.000 0.000
Tenure in Years
(3.390) (45.794) (0.000) (0.005) (0.000) (0.002)
Eligible for Catch-Up 2664.957** —423.779 0.006 0.065 0.076* 0.011
Contributions
(769.239) (629.512) (0.068) (0.081) (0.045) (0.032)
Constant —21228.085**  —12050.435** 1.444* 0.280 —1.240* —0.768"*
(9768.784) (5336.633) (0.838) (0.767) (0.543) (0.279)
Alpha |\ v v |\ A% v
Beta OLS OLS OLS OLS OLS OLS
Delta v v v v v v
F-Stat Alpha 177.386 88.049 177.386 88.049 177.386 88.049
F-Stat Delta 25.811 21.581 25.811 21.581 25.811 21.581
Sample Opt-In Regime  Auto-Enroll Regime Opt-In Regime Auto-Enroll Regime Opt-In Regime Auto-Enroll Regime
Mean DV 8685.865 5204.147 0.613 0.58 0.129 0.042
R-squared 0.26 0.438 0.086 0.06 0.131 0.11
Cluster 705 638 705 638 705 638
Observations 4230 3828 4230 3828 4230 3828

Robust standard errors reported, clustered on ID. Dependent variable in column heading. All specifications also include controls for Salary, Salary Squared,
Age, Age Squared, Years of Tenure, Years of Tenure Squared, binary variables for Extreme Patience and Extreme Impatience, Work Location, Job Position,
and Trust in Fed. Gov. as Employer. * p < 0.10, ** p < 0.05, *** p < 0.01.

dollars, as of April 2017. Column (1) is the most straightforward to interpret, being an OLS regression using the mean values
of Alpha, Beta, and Delta as well as the standard controls. Both Beta and Delta are strongly related to TSP contributions,
with estimated coefficients of $3,112 and $5,442 and significant at the 10 and 1 percent levels, respectively. This implies a
one standard deviation increase in Beta is associated with $280 higher annual contributions, and a one standard deviation
increase in Delta is associated with $490 higher annual contributions. These results are comparable to the $398 increase
associated with a one standard deviation increase in our measure of general financial literacy, which is significant at the 1
percent level. The coefficient on Alpha is somewhat smaller at $241 and is also not statistically significant.

The remaining columns of Table B.1 attempt to use the ORIV strategy, first for one measure at a time, then two, then
all three in Column (8). Which measures are instrumented are indicated in the rows immediately below the coefficient
estimates. When only Alpha is instrumented in Column (2), the coefficient increases from $241 to $372, but remains just
shy of statistical significance at conventional levels. Delta is instrumented in Column (4), which almost triples its estimated
coefficient to $15,595 and it remains highly statistically significant. Unusually, when Beta is instrumented in Column (3),
the coefficient becomes large and changes sign (-$7,000) becoming marginally significant. This occurs because our two Beta
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Table B.4
First stage for Column (6), Table 1.
(1) (2)
Alpha Delta
IV Alpha 1 0.307** 0.000
(0.013) (0.001)
IV Alpha 2 0.307* 0.000
(0.013) (0.001)
IV Delta 0.032 0.333%
(0.072) (0.033)
IV Beta —-0.075 —0.333%
(0.119) (0.019)
Mean DV 0.505 0.871
R-squared 0.290 0.266
Cluster 1343 1370
Observations 16,116 16,224

Robust standard errors reported, clustered on ID. Dependent
variable in column heading. All specifications also include
controls for Salary, Salary Squared, Age, Age Squared, Years
of Tenure, Years of Tenure Squared, binary variables for Ex-
treme Patience and Extreme Impatience, Work Location, Job
Position, and Trust in Fed. Gov. as Employer. *p < 0.10,
“p < 0.05, ***p < 0.01.

Table B.5

First stage for Column (8), Table 1.

1) (2)

3)

Alpha Beta Delta
IV Alpha 1 0.308*** —0.001 0.001
(0.013) (0.001) (0.001)
IV Alpha 2 0.308*** —0.001 0.000
(0.013) (0.001) (0.001)
IV Beta -0.034 —0.097** —0.150%
(0.054) (0.039) (0.008)
IV Delta 0.045 —0.352%* 0.392%*
(0.068) (0.023) (0.031)
Mean DV 0.505 1.006 0.871
R-squared 0.290 0.096 0.233
Cluster 1343 1370 1370
Observations 16,116 16,224 16,224

Robust standard errors reported, clustered on ID. Dependent
variable in column heading. All specifications also include
controls for Salary, Salary Squared, Age, Age Squared, Years
of Tenure, Years of Tenure Squared, binary variables for Ex-
treme Patience and Extreme Impatience, Work Location, Job
Position, and Trust in Fed. Gov. as Employer. * p < 0.10,
*p < 0.05, ***p < 0.01.

measures are not strong predictors of one another. Whereas the multiple Alpha measures are all correlated with each other
with correlations above 0.4, and the two Delta measures correlated at 0.45, our two Beta measures are correlated only at
0.09 (a full correlation matrix is available in Appendix A). This is because we compute Beta by dividing one time preference
elicitation by another.'® Attempting ORIV for Beta thus results in a weak instruments problem, suggesting that the technique
is not appropriate for that measure.

Given that ORIV is not appropriate for Beta, the full ORIV approach shown in Column (8) is also not appropriate. Instead,
the next best approach, and our preferred specification, is to use ORIV for Alpha and Delta, and simply use the arithmetic
mean of Beta. This is shown in Column (6) of Table B.1. The results are reassuringly similar to the preceding columns. The
coefficient on Alpha remains economically meaningful at $363 and not quite statistically significant. The coefficients on Beta
and Delta are both large, at $7,588 and $13,763, respectively, and both significant at the 5 percent level. It is also worth
noting that the coefficient on the general financial literacy score remains large and statistically significant at $380."7

We replicate Tables 3 and 4 using ORIV with the preferred specification from Column (6) of Table B.1, instrumenting for
Alpha and Delta and averaging our two measures of Beta. Comparing Tables 3 and 4 to Tables B.2 and B.3, the coefficients are

16 The present-future staircase (PF) allows us to compute a measure of (Beta x Delta)ps. The future-future staircase (FF) allows us to compute a measure
of Deltagr. We obtain Beta by dividing Beta x Delta from the present-future staircase by the Delta from the future-future staircase: Beta = (Beta x Delta)pp
| Deltag. Both the numerator and the denominator are likely to have measurement error, creating more noise in our measures of Beta.

17 We provide first-stage results for the specifications in Column (6) and Column (8) in B.4
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slightly larger in magnitude using ORIV, but the main implications are the same. Financial literacy is statistically significant
in predicting default enrollment, non-participation and annual contributions under the opt-in regime and Beta is statistically
significant in predicting passive choice, being at the default, annual TSP contributions and contributing the annual maximum
under auto-enrollment. In addition, the predicted effect of Beta on following the default is significantly different across
regimes as is the predicted effect of financial literacy on TSP contribution amount. The one coefficient that is no longer
significant is the effect of Beta on maximum match under opt-in. In Table 4 the coefficient was significant and negative,
surprisingly implying that more patience leads to less use of the maximum match. Once we correct for measurement error
in this way, this association disappears, suggesting lack of robustness.
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