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Abstract 

 

This paper examines the effect of incorporating individual-level heterogeneity into default rules 

for retirement plan selection. We use data from a large employer that transitioned from a defined 

benefit (DB) plan to a defined contribution (DC) plan, offering existing employees a choice of 

plans. Employees who did not make a choice were defaulted to switch to the DC plan if under 

age 45 or remain in the DB plan if age 45 or older. Using a regression discontinuity framework, 

we estimate that the default increased the probability of enrolling in one plan over the other by 

60 percentage points. We develop a framework to solve for the optimal age-based default rule 

analytically and use our results to empirically evaluate the optimal age-based default rule for the 

firm in our setting. We show that for a broad range of levels of risk aversion, conditioning the 

default for the choice between pension plans on age can substantially improve outcomes relative 

to a uniform default policy. Our results suggest that considerable welfare gains are possible by 

varying defaults by observable characteristics. 



1 Introduction

The impact of default rules, which specify an individual’s outcome when no choice is made,

has been well-documented over the last decade. From dramatically increasing participation

in 401(k) plans (e.g., Madrian and Shea 2001) to influencing organ donor status (e.g., Johnson

and Goldstein 2003), default rules have a large effect on outcomes despite holding the set of

choices constant. They have attracted widespread attention because their influential effects

challenge the standard economic assumption of rational decision-making (DellaVigna 2009).

In this paper, we examine the role of default provisions in a new setting: a one-time,

irrevocable choice between two alternative pension plans, a defined benefit (DB) plan and a

defined contribution (DC) plan. While DB plans provide retirement benefits that are a set

formula based on earnings and service, DC plans provide benefits based on tax-advantaged

contributions and subsequent investment performance. Because the plans differ in their

accrual patterns and risk characteristics, decisions between the two plans can lead to sub-

stantially different retirement income profiles.

We examine a particular firm’s transition from a DB plan to a DC plan. While all

new employees were offered only the DC plan, the firm offered current workers a one-time

opportunity to make a non-reversible choice between the DB plan and the DC plan for all

future benefit accruals while employed at the firm. The fact that the choice could not be

changed after a particular date represents an important distinction from much of the previous

work on defaults in the context of planning for retirement. In particular, decisions regarding

asset allocation, the rate of contributions, or even participation in 401(k) plans are choices

that affect one’s financial circumstances over a horizon as short as a single pay period and

can be corrected if mistakes are thought to have been made. By contrast, a non-reversible

choice between retirement plans can lead to significantly different amounts of wealth and

income at retirement over a worker’s career.

In our firm, employees who did not actively choose a retirement plan were defaulted into

one plan or the other depending on their age at the time of the transition: individuals age
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45 or older were defaulted to remain in the DB plan, while the default for employees under

age 45 was to switch to the DC plan. The unique nature of the default, namely that it

varied discontinuously by age, allows us to estimate the causal effect of default provisions

using a regression discontinuity framework. This methodology differs from past studies of

the effect of defaults, which have exploited changes in a default policy regime over time or

across localities to identify the effect of the default. While identification in such natural

experiements relies on the assumption that individuals exposed to the different regimes,

either across time or localities, do not systematically differ in characteristics related to the

eventual outcome, in many contexts regression discontinuity relies on weaker identifying

assumptions (Imbens and Lemieux 2008).

Figure 1 depicts the percent enrollment in the DC plan as a function of age. By visual

inspection, the large discontinuity at age 45 supports the hypothesis that the default had a

substantial effect on plan enrollment. Formally, our regression estimates likewise indicate a

strong effect: individuals just under the age of 45 are approximately 60 percentage points

more likely to choose the DC plan relative to those just over age 45 at the time of plan

transition. Given the permanent nature of the decision and the large amount of wealth at

stake, the effect is even more dramatic than previous findings of the effects of defaults.

The strong effect we find highlights the importance of setting the default appropriately.

We devote the remainder of the paper to deriving a framework for evaluating the potential

welfare implications for employees of default provisions and applying it to the firm in our

setting. We propose that an optimal default policy maximizes the “aggregate default wealth,”

or the risk-adjusted value that each employee receives if he or she defaults, aggregated over

all employees at the firm. Maximizing the aggregate default wealth is likely to improve

employee welfare given the strong effects of defaults in this and other contexts.

We examine default rules that are characterized by a cutoff age under which employees

are defaulted into the DC plan and where employees older than this cutoff age are defaulted

into the DB plan. This framework generates a representation of age-based default rules for
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retirement plan transitions that “nudge” employees into plans that make them better off.

We solve for the optimal age cutoff analytically, propose two measures to quantify the gain

from introducing an age-based default policy, and provide comparitive statics of how the

optimal age-based default varies with pension plan, firm, and employee characteristics. We

show that the sign of the relationship between the optimal age cutoff and a parameter, such

as risk aversion or the contribution rate in the DC plan, depends on how the parameter

affects the relative value of the DC plan over the DB plan.

Finally, we illustrate properties of the optimal age cutoff numerically for the firm in

our analysis that underwent the transition. We utilize Monte Carlo methods to simulate

retirement wealth and variability and employ the constant relative risk aversion family of

utility functions. We find that, over a broad range of plausible levels of risk aversion, a

heterogeneous default results in a substantially higher aggregate default wealth relative to

a uniform policy of defaulting all employees to remain in the DB plan, a common default

provision for plan transitions. We also find that an age-based default steers over 99 percent

of employees to their higher-value plan, though the employees who appear to be defaulted

into their lower-value plan tend to be predominantly women and workers with below-median

incomes.

Confirming our analytical results, we find the optimal cutoff age is increasing in the

DC contribution rate and decreasing in the generosity of the DB plan. When the level of

risk aversion is high, employees generally find the DB plan more attractive which decreases

the optimal age cutoff. In addition, the optimal cutoff age depends on the interaction of

asset allocation in the DC plan and the level of risk aversion: when the portfolio is invested

solely in the most risky asset (i.e. stocks), the optimal cutoff age is higher for low levels of

risk aversion, but is lower for high levels of risk aversion. Higher separation rates tend to

increase the value of the DC plan more than the DB plan. Finally, the optimal cutoff age is

not sensitive to different assumptions regarding wage growth, heterogeneity in risk aversion

by age, or the discount rate, holding all other parameters fixed.
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The remainder of the paper is organized as follows. Section 2 provides an overview of

the changing pension landscape and describes how our analysis connects the literature on

retirement plan choice and default provisions. Section 3 presents the regression discontinuity

analysis to identify the causal effect of the default on plan enrollment. Section 4 analytically

solves for the optimal age-based default rule and its properties for the general case, while

Section 5 empirically illustrates the results from Section 4 using simulated retirement wealth

and variability for the employees at the firm in our setting. Section 6 concludes the paper.

2 Background and Related Literature

Over the last 30 years, there has been a pronounced shift from DB plans to DC plans as a

result of legislative changes that increased the administrative burden of offering DB plans

and changing demand from an increasingly mobile workforce. These changes led employers to

replace terminated DB plans with DC plans (Papke 1999; GAO 2008) and made DC plans the

most common type of newly implemented employer-provided retirement plan (Kruse 1995).

In a recent study, the GAO found that approximately 3.3 million workers who actively

participate in a DB plan were affected by a DB plan “freeze,” or the discontinuation of

future benefit accruals (GAO 2008). Among these, approximately 83 percent implemented

alternative retirement plans, usually a DC plan, implying that a substantial number of

employees have experienced a plan migration. A 2003 report by Towers-Perrin indicates

that 14 percent of programs that implemented a plan change in recent years allowed current

employees to choose between the old and new plan (Towers-Perrin 2003).

The two types of retirement plans differ in the risk faced by participants: participants in

DC plans bear the risk of poor investment experience, while DB participants are exposed to

the labor market risk of unexpected separations as well as the risk of their employer defaulting

on pension obligations. Because individuals are heterogeneous, neither plan dominates the

other, which implies that the transition had a disparate effect on workers.
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This paper builds off both the literature on determinants of retirement plan selection and

the literature on the role of default provisions on individual’s retirement savings behavior.

The consensus in the literature on plan selection is that the expected relative value of re-

tirement wealth under either plan depends on an individual’s risk preferences, demographic

characteristics, and expected job mobility because DB and DC plans differ in how pension

wealth accrues (Bodie, Marcus and Merton 1988; Papke 1999; Clark and Pitts 1999; Clark,

Ghent and McDermed 2006; Brown and Weisbenner 2007). Studies in this literature evaluate

whether the individual determinants of plan selection are consistent with economic theory in

terms of which worker characteristics are associated with higher expected retirement wealth

for a DC plan relative to a DB plan, or vice versa. These papers use data from institutions,

such as public university systems, that offer individuals a choice between enrolling in either

a DC or a DB plan (Clark and Pitts 1999; Clark, Ghent and McDermed 2006; Brown and

Weisbenner 2007; Manchester forthcoming) or those that have changed plan offerings, for

example, replacing a DB plan with a DC plan (Papke 2004; Yang 2005).

The second branch of literature – the role of default rules in retirement savings behavior

– developed from the fact that DC plans shift the responsibility of enrollment, contribution,

and investment decisions to the individual. There is now a large established body of literature

that shows that default provisions can have a large impact on savings decisions (for summary,

see Beshears, Choi, Laibson and Madrian (2006)). This literature has investigated the role

of defaults in decisions regarding participation (e.g., Madrian and Shea 2001), contribution

rates (e.g., Choi, Laibson, Madrian and Metrick 2004), asset allocation (e.g., Choi, Laibson

and Madrian 2005) and, recently, distributions from DC plans (Mitchell, Mottola, Utkus

and Yamaguchi 2009). Typically these studies use changes in 401(k) plan characteristics

and default rules at a particular employer as a type of “natural experiment” to investigate

the effect of defaults on employee retirement saving, particularly among new hires. This

literature has found that despite the fact that a default does not change the menu of options,

switching the default option has substantial effects on retirement savings decisions at each
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juncture. For example, whether firms have a standard enrollment (i.e. “opt-in”) or an

automatic enrollment (i.e. “opt-out”) in 401(k) plans can increase participation rates by

more than fifty percentage points (Madrian and Shea 2001). It is important to note, however,

that these previous studies estimate changes in an outcome variable that has a limited time

horizon because participants can change their enrollment decisions at future dates. On the

other hand, plan choice at the time of a transition from DB to DC plans is non-reversible.

As pointed out by Beshears et al. (2006), this feature of the decision may mitigate the effect

of defaults in the context of plan choice relative to previous results in the literature.

While the role of default rules in savings plans has been well-studied, the literature on

the role of default provisions on plan choice is much more limited. In order to determine

the causal effect of a default in this context, there must be a choice of plans and variation

in the default plan either across employees or over time. Research on firms transitioning

from DB plans to DC plans has been in settings where the authors were unable to exploit

any variation in the default rule to estimate a causal effect. For example, Papke (2004) and

Yang (2005) both examined a plan transition in which there was a one-time transition and a

uniform DB default, which precluded the identification of the default’s causal effect on plan

choice.

The recent work on defaults in the presence of worker heterogeneity and the possibility

of tailoring defaults to individuals provides a key point of connection to the present study.

While data limitations stemming from potential legal consequences of treating employees dif-

ferently have prevented the explicit examination of the effect of incorporating heterogeneity

into default provisions (Carrol, Choi, Laibson, Madrian and Mertrick 2009), there are a few

examples of heterogeneous defaults in the realm of retirement savings. One such instance

is the default distribution from DB pensions, which differs depending on the participant’s

marital status: the default distribution for married workers is a joint-and-survivor annuity,

while the default for single workers is a single life annuity (Beshears et al. 2006). Another

instance of tailored defaults, which was an outgrowth of the Pension Protection Act (PPA)
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of 2006, is tying the default asset allocation in DC plans to the participant’s age. The

PPA included provisions that promoted the use of target-date funds, which set asset alloca-

tion based on a specified retirement year range, as qualified default investments. Vanguard

(2009) reports that 9 out of 10 plans with automatic enrollment have target-date funds as

the default asset allocation, and the default asset allocation in the DC component of the

social security systems of Sweden, Chile, and Mexico also depend on the participant’s age

(Beshears et al. 2006).

In terms of “optimal” defaults, researchers are beginning to consider the importance of

worker heterogeneity, particularly when designing and implementing default provisions in the

context of plan enrollment. Carrol et al. (2009) find that a third type of enrollment, “active

decision,” in which individuals must actively choose between enrolling or not is preferable

to standard or automatic enrollment even when there is a large degree of heterogeneity in

preferred savings rates as long as individuals’ short-term discount rates are not too high.

When individuals are forced to make an active choice, the effect on enrollment rates in

401(k) plans is comparable to a default policy of automatic enrollment. A recent study by

Handel (2009) suggests that removing switching costs by requiring active choice may allow

people to make more appropriate health plan choices, but may also lead to worse outcomes

in health care markets by increasing adverse selection into health plans.

We contribute to the existing literature in several ways. First, we quantify the effect of

default provisions in the context of a non-reversible decision regarding plan choice. Second,

we use regression discontinuity to estimate the causal effect of the default, which differs

from the methodology used in past studies of defaults. Finally, we provide an analytical

framework for solving for the optimal age-based default rule and for assessing the gains from

incorporating heterogeneity relative to a uniform default for all employees. We are also able

to illustrate these results empirically using data from the firm in our setting.
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3 Causal Effect of Default on Plan Enrollment

This section outlines the regression discontinuity methodology used to estimate the causal

effect of the default, provides additional details on the employees involved in the transition,

and reports the results from estimating the effect of this particular age-based default on plan

enrollment.

3.1 Regression Discontinuity Methodology

We implement a standard regression discontinuity framework (see, for example, Imbens and

Lemieux (2008) and Lee and Lemieux (2009)) to examine the role of the default rule on plan

choice. In particular, we are interested in estimating how having the DC plan as the default

relative to haveing the DB plan affects the probability of switching to the DC plan. In this

methodology, the treatment (having the DC plan as the default) is determined by the value

of a forcing variable (the employee’s age as of September 1, 2002) being above or below a

fixed cutoff value (age 45). Therefore, employees under age 45 received the treatment, while

those age 45 or older did not. Because the treatment is a deterministic function of the forcing

variable, age, this framework is known as a “sharp” regression discontinuity design. This

methodology allows for age to be correlated with plan choice; however, the key assumption

is that the relationship between age and the outcome is a smooth, continuous function. This

assumptions allows any discontinuity at the cutoff value to be interpreted as a causal effect

(Imbens and Lemieux 2008). Therefore, the discontinuity in plan enrollment at the cutoff

age is the causal effect of the DC default on the probability of enrolling in the DC plan.

Formally, the treatment is the default assignment, given by di, and is a deterministic

function of the participant’s age as of September 1, 2002, Ai,

di = 1{Ai < c}, (1)

where the variable c denotes the cutoff value and is equal to 45 in this context. A value of
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di = 1 implies that the participant is defaulted into the DC plan and di = 0 corresponds to

the DB plan as the default.

The outcome of interest, enrollment into the DC plan, is given by the variable Yi. We are

interested in the causal impact of di on Yi. This treatment effect, given by τ , is estimated

as follows:

τ = limE[Yi|Xi, Ai = c]− limE[Yi|Xi, Ai = c] = E[Y di=1
i − Y di=0

i |Xi, Ai = c], (2)
a↑c a↓c

where Xi represents other observable characteristics that are correlated with the outcome

variable Yi. The estimate of τ is thus obtained by estimating the following regression equa-

tion:

Yi = α + β(Ai − c) + τdi + γ(Ai − c)di +Xiπ + ǫi (3)

in the interval of [c− h, c+ h] for a bandwidth value of h. We examine the sensitivity of our

results to different choices of bandwidths and to including higher order powers of (Ai − c).

3.2 Data

To estimate the regression discontinuity estimate of the effect of the default as outlined

above, we utilize administrative data from a large non-profit firm that offered 925 existing

union employees an opportunity to remain in a DB plan or switch to a DC plan. While the

firm employs over 5,000 workers, only existing employees covered by a collective bargaining

agreement were eligible for this transition; the existing non-unionized employees were offered

a similar one-time opportunity to transition out of the DB plan into the DC plan in 1997.1

While we do not know the exact motives of the default rule, the firm’s decision to discontinue

the DB plan to new hires was likely due to increased administrative costs and follows the

widespread movement toward DC plans.

1Data are not available for this earlier transition. However, the default rule for these workers was also an
age-based default with a cutoff value of age 45.
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These existing employees had approximately six months to make the election. As of

September 1, 2002, employees were enrolled in their chosen plan or, if they had failed to

make a choice, were defaulted into a plan depending on whether they were older or younger

than age 45 on that date. We refer to those who formally chose their plan as “active”

participants, and those who were defaulted into a plan as “passive” participants. Table 1

shows the distribution of the type of choice (active vs. passive) and the enrollment decision

for the two age groups. Of those employees eligible for the transition, just over half made

an active choice. However, the vast majority (70 percent) of employees who made an active

choice mimicked the default rule, which is consistent with employees taking the default

provisions as advice (Beshears et al. 2006).

After the plan transition, 48 percent of employees were enrolled in the DC plan (Table

2). The dataset contains information regarding the participant’s age, gender, ethnicity/race,

hourly wage, tenure, and hours per week. In addition, the employees are divided between two

nearby campuses, a primary location where approximately two-thirds of the employees work

and a secondary smaller location a few miles away. Summary statistics for these additional

variable are provided in Table 2. We restrict the sample to workers under age 65, the normal

retirement age at this firm under the DB plan; the average age is approximately 46 years.2

One potential concern is that the sample used for the subsequent empirical evaluation

is comprised of only unionized workers who may differ from non-unionized workers. For

example, about one-fifth of the sample is female, which is substantially lower than the fraction

among the non-unionized employees at this employer. Given that unions have historically

favored DB plans over DC plans, the overall participation rates in the DB plan may be higher

than in a non-unionized sample; however, the estimation of the causal effect of the default,

as outlined in Section 3.1, is not affected by this concern because it is identified from the

outcomes of workers on either side of age 45.

2There were 952 existing employees eligible for the transition; the age restriction reduced the sample size
to 925.

10



3.3 Regression Discontinuity Results

In order to validate using regression discontinuity methods to estimate a causal effect, graphi-

cal analysis are used to examine: 1) the density of the forcing variable, and 2) the distribution

of covariates as a function of the forcing variable. First, we verify that there is no disconti-

nuity in the density of age at the cutoff value of age 45, which would suggest manipulation

of the receipt of treatment.3 As shown in Figure 2, there is a relatively constant density of

employees surrounding the cutoff value of age 45. Second, we confirm that other observable

covariates are a smooth function of the forcing variable and do not experience a discontinuity

at the cutoff value as shown in the six panels of Figure 3.

After having verified these conditions for causal inference, we estimate the coefficient

τ in Equation (3) by fitting linear probability models to the data assuming a rectangular

kernel. Table 3 summarizes regression discontinuity estimates of the effect of the DC default

on enrollment into the DC plan assuming a bandwidth of five years. Column (1), the local

linear estimate, reports the estimate of τ with no other right-hand side regressors. Column

(2) allows the relationship between age and DC enrollment to be linear, with a different

slope below and above the discontinuity. Column (3) adds in control variables summarized

in Table 2. Columns (4) and (5) provide estimates assuming the relationship between age and

DC enrollment follows a cubic function, and differ only in the addition of control variables

in Column (5).

These estimates indicate that the default had a strong effect on the enrollment into

the DC plan, confirming the initial evidence in Figure 1. An employee just under age

45 was approximately 60 percentage points more likely to enroll in the DC plan than an

employee just over age 45. The estimated effect is larger when higher order powers of

(Ai − c) are included in the regression. We prefer the estimates in Column (3) because the

linear specification fits the data well, as shown in Figure 1, which plots the best fit line and

cubic polynomial on either side of the discontinuity. Quantitatively similar results are found

3Given that the forcing variable is based on birth date, manipulation is not an issue in this context.
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when estimating the regression using the nonlinear probit model which accounts for the

dichotomous nature of the dependent variable. The marginal effects from probit equations

are reported in Table 4. The effects are robust to the choice of bandwidth as shown in

Appendix A.4

Adding demographic control variables does not substantially improve the fit of the model

after the default provision is taken into account. Coefficients on gender and race binary

variables (not shown) are statistically insignificant, as are coefficient on hours, hourly wage,

and whether the employee works in the primary location. Only the coefficient on length

of past tenure in the firm is statistically significant, though the estimate is quantitatively

small. We also examine whether the causal effect of the default on plan enrollment differs

by gender to investigate whether females are more susceptible to the default and we find no

difference.5

In summary, we find a substantial effect of the default on plan choice: the default increases

the probability of enrolling in one plan over the other by 60 percentage points. This effect is,

to our knowledge, the first estimate of a default effect in the context of the choice between

DB and DC plans. While the magnitude of the estimated effect is comparable to prior

work on defaults in the retirement savings literature, the effect estimated here is surprising

given the potentially large differences in wealth accrual accross the two plans and the non-

reversible nature of the decision (Beshears et al. 2006). In addition, the heterogeneity in the

default across age provides a unique source of identification for estimating the causal effect

of the default, which does not rely on the assumption that employees hired across different

default regimes over time are not systematically different from each other as has typically

been assumed in existing studies of the effect of defaults.

4Cross-validation methods are often used to find the optimal bandwidth in regression discontinuity esti-
mation. However, because the function on either side of the discontinuity is approximately linear, the results
are inherently less susceptible to the bandwidth choice (see Figure 1).

5These results are not reported but are available upon request.
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4 Solving for the Optimal Age-Based Default Rule

The estimates of the default shown in the previous section along with those found in prior

literature indicate that defaults can be powerful tools to steer economic behavior. An im-

portant question that has been broached in the literature on defaults and in policy circles

is how defaults may be constructed to improve welfare. In this section we explore: 1) how

to set an optimal default based on observable characteristics; 2) how to determine the value

of incorporating heterogeneity into default provisions relative to a uniform policy; and 3)

properties of the optimal default as a function of known parameters. Note that the results

in this section need not be limited to the particular firm in this paper; in theory, any firm’s

employee and pension plan characteristics could be utilized to obtain the optimal age-based

default rule.

We consider a general specification of expected retirement wealth for DB and DC plans

and translate this wealth into certainty equivalents for a general utility function. We then

construct an aggregate measure of certainty equivalent that is a function of the cutoff age for

a simple age-based default rule. We propose that the optimal cutoff age that maximizes this

aggregate measure “nudges” employees toward plans that make them better off. We evaluate

the gain in value from this optimal cutoff age relative to a uniform default policy and the

number and characteristics of individual employees who are defaulted into a suboptimal plan

under an optimal age-based default policy. Finally, we consider the comparative statics of

the optimal cutoff age with respect to different assumptions on the characteristics of the

workforce and the employer’s retirement plans.

4.1 Characterizing retirement wealth in the DB and DC plan

We begin by characterizing the future benefits that accrue in both the DB and the DC

plan. While the employee had also accrued years of service prior to the plan migration,

the employee receives that benefit stream regardless of the plan they are enrolled in after
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the transition. Therefore, the value of past benefits accrued are not included in wealth

calculations for either the DB or DC plan and are not relevant for the comparison of future

retirement wealth across the two types of plans.

The DB formula is defined by bj for all years j between 0 and r − a, where r is the age

of exit from the firm and a is the worker’s current age, as a function of annual wages in year

j, wj. The function bj is completely general in that it can allow for various types of accrual

patterns.6 The wealth evaluated at retirement age ρ in the DB plan as a function of age a

is then:

wDB(a) =

∫ r−a

0

bj(wj)Aρdj, (4)

where Aρ is the actuarial present value of a stream of $1 annual payments commencing at

age ρ and paid until death.

The wealth in the DC plan at retirement age ρ is equal to the contributions made, accu-

mulated with returns from investment experience. Contributions are typically a percentage

of annual wages, though they can vary from year to year. We denote employer contributions

into the employee’s account in year j by cj and the sequence of returns in all subsequent

years by δ(k) for k ∈ [j, ρ− a].7 The wealth evaluated at retirement age ρ in the DC plan

as a function of age a is then:

wDC(a) =
r−a

cjwje
∫ ρ−a

j
δ(k)dkdj.

∫

0

(5)

We next compute the expected discounted utility of retirement wealth for each plan by

explicitly incorporating the uncertainty of different wealth outcomes. We model two sources

6For example, a firm that offers 2 percent of average wages for each year of service as the annual retirement
benefit would have bj(wj) = 0.02wj for all j. Similarly, a firm that offers its employees 2 percent × years of
service × the average salary over the last five years at the firm as the annual retirement benefit would be
characterized by:

bj(wj) =

{

0 if j < r − a− 5

0.02(r − a)
wj

5 if j ≥ r − a− 5.

7Note we assume cj includes only employer contributions, not employee contributions. This distinction
is made so both plans’ values reflect the benefits provided by the employer only.
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of uncertainty: separation risk, which affects the age of exit r, and investment risk, which

affects the sequence of returns δ(·). We assume r and δ(·) are drawn from a joint distribution

h(r, δ|a < r ≤ r̄). While separation risk affects the value of the DB and the DC plan, because

DB wealth does not depend on δ(·), investment risk only affects DC retirement wealth.8

Assuming a discount rate d, the expected utilities for each plan are given by:

EU(wDB(a)) =

∫ r̄

a

U(wDB(a))

(1 + d)ρ−a
h(r, δ|a < r ≤ r̄)dr

EU(wDC(a)) =

∫ ∞

−∞

∫ r̄

a

U(wDC(a))

(1 + d)ρ−a
h(r, δ|a < r ≤ r̄)drdδ.

(6)

(7)

We then define the certainty equivalent for plan p ∈ {DB,DC} as:

CEp(a) = U−1(EU(wp(a))). (8)

The certainty equivalent CEp(a) for plan p is the amount that makes the individual indiffer-

ent between receiving the amount CEp(a) for certain and the gamble characterized by the

uncertain income stream from plan p. Therefore, plan p̃ is preferable to plan p̂ if and only if

CE p̃(a) > CE p̂(a).

4.2 Default rules that maximize aggregate default wealth

We posit that the optimal default policy for workers is one that maximizes the “aggregate

default wealth.” The aggregate default wealth represents the certainty equivalent that each

employee receives if he or she defaults, aggregated over all employees at the firm. Maximizing

the aggregate default wealth is likely to improve aggregate welfare because the results in

the previous section (and prior research on the effects of defaults) indicate that employees

8In our numerical results that follow, we assume independence between separation risk and investment

risk. We assume r is drawn from a distribution f(r|a < r ≤ r̄) = f(r)
1−F (a) where F is the cumulative

distribution function of f and that the sequence δ(·) is determined by a draw from a distribution g(δ).
However, this assumption does not affect our analytical results, which are all in terms of the certainty
equivalent.
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are likely to enroll in their default plan, either due to inertia, transaction costs, complexity,

procrastination, or the perception of endorsement (Beshears et al. 2006). Further justification

for this objective function comes from the fact that the cost of a worker enrolling in the plan

that is not the default plan is low. Therefore, because workers who determine which plan

is best can easily enroll in their chosen plan even if it is not their default, focusing on

maximizing the welfare of those who default seems appropriate. While in this section, we

focus on policies that are likely to maximize employee welfare, we recognize that firms may

have alternative objective functions that take into account the relative costs of the two plans.

We revisit this subject briefly in Section 4.3.

We consider age-based default policies that take the following form for a given cutoff age

ã: 1) individuals younger than ã are defaulted into the DC plan, and 2) individuals older

than ã are defaulted into the DB plan. We solve for the optimal age-based default policy

that maximizes the aggregate default wealth under the constraints outlined above.

Define the minimum age among employees at the firm as a and the maximum age as a.

Formally, the optimal age-based default policy that satisfies conditions (1) and (2) above is

defined by a∗, where a∗ maximizes:

L(a∗) =

∫ a∗

a

CEDC(a)da+

∫ a

a∗
CEDB(a)da

=

∫ a

a

CEDB(a)da+

∫ a∗

a

(
CEDC(a)− CEDB(a)

)
da. (9)

The first term of Equation (9) does not depend on a∗. Therefore we can solve for a∗ as:

a∗ = argmax
ã

∫ ã

a

CEDC(a)− CEDB(a) da.
( )

(10)

Solving the problem in Equation (10) yields the first-order condition for an interior solu-

tion:

H(a∗; γ) ≡ CEDC(a∗)− CEDB(a∗) = 0,
( )

(11)
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where γ is the vector of parameters [γl] that define the solution a∗.

By the implicit function theorem, we can derive the comparitive statics of a∗ as follows:

∂a∗

∂γl
= −

Hγl(a
∗; γ)

Ha∗(a∗; γ)
= −

∂CE(a)DC

∂γl
− ∂CE(a)DB

∂γl

∂CE(a)DC

∂a
− ∂CE(a)DB

∂a

∣
∣

a=a∗

.∣
∣

(12)

Because a∗ maximizes L(a∗), the denominator in Equation (12) is negative. Therefore,

sign

(
∂a∗

∂γl

)

= sign

(
∂CE(a)DC

∂γl
−

∂CE(a)DB

∂γl

) ∣

a=a∗

.
∣
∣
∣

(13)

Intuitively, Equation (13) shows that the optimal age-based default rule defined by a∗ is

increasing in parameters that improve the relative value of the DC plan over the DB plan,

which would then default additional employees into the DC plan. For example, an increase

in the generosity of the employer contribution to the DC plan would lead to an increase in

the optimal cutoff age. Similarly, a more generous DB benefit plan formula would lead to

a decrease in the optimal cutoff age. More details on comparitive statics can be found in

Appendix B.

The ability to set the default based on an observable characteristic rather having than

the same default for all employees at the firm is at worst welfare-neutral since the choice of

setting the default to be equal for all employees (i.e., a∗ equal to a or a) is a choice available

under the optimization procedure outlined above. But how much do employees gain from a

heterogeneous default that differs by age?

We quantify the gain in aggregate default wealth from an age-based default policy by

the measure G, which represents the percent increase in the aggregate default wealth for the

age-based default rule relative to a commonly used default rule, one that defaults everyone

to remain in the DB plan. The measure G is defined as:

G ≡
L(a∗)− L(a)

L(a)
, (14)
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where the function L defined in Equation (9) denotes the aggregate default wealth. L(a∗)

denotes the aggregate default wealth under the optimal age-based default rule and L(a)

denotes the aggregate default wealth for a uniform DB default.

While the measure G may show that the firm’s workers as a whole are better off under

a heterogeneous default policy, it does not give any sense of whether an age-based default

policy accurately categorizes workers into the plan that maximizes each worker’s certainty

equivalent. In particular, because each worker’s certainty equivalent depends not only on

age, but also on gender and wages, it is possible that conditioning the default only on age

defaults some workers into the plan with a lower certainty equivalent. We therefore also

determine the number of employees who fall in such a category, Nl, and the average loss in

certainty equivalent for these individuals, l, as follows:

Nl ≡

∫ a∗

a

1[CEDC(a)<CEDB(a)]da+

∫ a

a∗
1[CEDC(a)>CEDB(a)]da

l ≡

(
∫ a∗

a

(
CEDB(a)− CEDC(a)

)
1[CEDC(a)<CEDB(a)]da

+
a

a∗
CEDC(a)− CEDB(a) 1[CEDC(a)>CEDB(a)]da

)

/N.

(15)

(16)

∫ ( )

In our numerical simulation, we provide some descriptives on the individuals who are de-

faulted into a suboptimal plan under the optimal age-based default rule.

We explicitly only model separation risk and investment risk above and ignore the risk

that the employer goes bankrupt and can no longer honor DB pension obligations and the

risk of dying prior to retirement. Nonetheless, it can easily be shown that the results above

are general to any types of risk. It is important to note, however, that our results implicitly

assume that utility is additively separable in other sources of retirement wealth (for example,

from past or future employer plans or personal savings accounts) and ignores the potential

value of other benefits from DB or DC plans, such as the ability to borrow against DC plan
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balances. We also ignore any potential effects on other components of total compensation,

for instance, the possiblity that more workers enrolling in the plan that gives them higher

benefits increases the cost to the employer, thereby causing the employer to reduce wages

or other fringe benefits. Despite these limitations, our framework provides valuable insights

into how heterogeneity may be introduced into default provisions.

4.3 Default rules that account for firm costs

The previous section assumed that the firm’s objective was to maximize employee welfare.

While we believe that this objective is relevant for policy considerations, we acknowledge that

firms may also take into account costs when making decisions related to employee benefits.

As an alternative, suppose firms operate in a two-stage manner where they choose how

much to spend on deferred compensation in the first stage and then choose a policy to

maximize employee welfare subject to this constraint in the second stage. Our maximization

problem in Equation (10) can be easily modified to accommodate this optimization strategy

as follows:

a∗∗ = argmax
ã

∫ ã

a

CEDC(a)− CEDB(a) da
( )

(17)

subject to the firm budget constraint:

∫ a∗∗

a

FCDC(a)da+

∫ a

a∗∗
FCDB(a)da ≤ B, (18)

where FCp(a) denotes net firm costs for plan p for a worker age a and B is the firm’s

budget for deferred compensation. Net firm costs could include the present value of future

retirement benefits offset by any benefit fueled by the retirement plan, e.g. differences in

turnover costs across the two plans. This modified problem is equivalent to the original

a∗ a
problem if the budget constraint is not binding, i.e., B ≥

a
FCDC(a)da+

a∗
FCDB(a)da,

where a∗ denotes the optimal cutoff found in Section 4.2. If

∫

the budget const

∫

raint is binding,

the optimal cutoff would be chosen from the feasible set of cutoff policies.
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A second alternative is to consider a social planner’s problem which maximizes total

surplus. A social planner would choose to find the optimal cutoff policy that minimizes

overall benefits less costs:

a

m

∫ ˜

a∗∗∗ = arg ax CEDC(a)− FCDC(a) − CEDB(a)− FCDB(a) da.
ã a

[( ) ( )]
(19)

The first order condition of the social planner’s problem equates marginal benefits to marginal

costs:

CEDC(a∗∗∗)− FCDC(a∗∗∗) = CEDB(a∗∗∗)− FCDB(a∗∗∗). (20)

In summary, an optimal age-based default rule may be obtained if the firm’s objective differed

from one which only considered employee welfare.

In the following section, we illustrate the solution to the problem which maximizes em-

ployee welfare as described in Section 4.2. We do this for two main reasons. First, we believe

the firm in our setting had the objective of maximizing the welfare of existing employees

at the time of the plan transition. The non-profit nature of the firm gives rise to a lower

emphasis on a policy that minimizes the cost to the firm, and it is plausible that the firm

is sympathetic to the preferences of existing workers who were hired under the DB regime.

The strong effect of the default that we find in Section 3 is consistent with this idea because

the employees may have been more reluctant to follow the default if it perceived the firm’s

motivation as purely cost minimization.

Second, solving for the optimal age cutoff by solving Equation (17) or (19) requires a

method for calculating firm costs. Firm costs would include not only the present value of

future contributions into the DC plan and benefits paid from the DB plan, but would also

depend on the uncertainty in funding DB benefits, administrative costs to either plan, and

the firm’s cost of raising capital. While we do not have the ability of incorporating these

components, if they were known, the optimization procedure could be modified accordingly.
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5 Numerical Simulations of the Optimal Age-Based

Default Rule

In this section we empirically evaluate the optimal age-based default using data from the

large, non-profit firm that was the focus of the analysis in Section 3. This allows us to evaluate

how the optimal cutoff age compares to the firm’s chosen cutoff age of 45. We quantify the

gain in the aggregate default wealth from incorporating a simple age-based default relative

to a uniform default policy, and provide descriptive summaries of the employees who are

defaulted into their lower-value plan. Finally, we illustrate the comparative statics, or how

the optimal cutoff changes with values of the parameters.

5.1 Simulation methods and assumptions

We discretize the optimization procedure in the previous section and consider age-based

default policies where a∗ is an integer. The firm’s DB formula provides workers a stream

of payments equal to a constant percentage of the employee’s average wage for each year of

service at the firm, so bj(wj) = bwj for all j. Therefore, the wealth evaluated at retirement

age ρ for the DB plan is:

wDB(a) =
−

j=1

bwjaρ.
r a∑

(21)

The wealth from the DC plan evaluated at retirement age ρ assuming a constant contri-

bution rate cj = c for all j is:

wDC(a) =
r−a

j=1

cwj

ρ−a−1

k=j

(1 + rsk),
∑ ∏

(22)

where s represents a draw from a distribution of investment return sequences.

We model uncertainty in r, the exit age from the firm, and uncertainty in the sequence

of investment returns. Separation probabilities are assumed to follow a constant hazard
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rate by age, and summarized by probabilities pr(a) where
ρ

r=a+1 pr(a) for each a. We also

simulate S draws of investment return sequences using a Mon

∑

te Carlo method outlined and

used by Shoven and Sialm (1998, 2003) that draws series of asset returns for three different

asset classes: stocks, bonds, and money market. The distribution of returns is assumed to be

lognormal and draws are assumed to be serially-independent.9 Our numerical results assume

that separation risk and investment risk are independent.

The expected discounted utilities for the DB and the DC plans are given by:

EU(wDB(a)) =

ρ
∑

r=a+1

pr(a)
U(wDB(a))

(1 + d)ρ−a

EU(wDC(a)) =
S

s=1

1

S

ρ

r=a+1

pr(a)
U(wDC(a))

(1 + d)ρ−a
.

(23)

∑ ∑

(24)

The assumptions used to simulate DB and DC retirement wealth are based on the known

characteristics of the firm in our setting and are reported in Table 5. The DB multiplier b is

equal to 2 percent at this firm. The employer’s contribution to the DC plan is comprised of 5

percent of the employees’ annual salary plus additional matching contributions, up to a total

contribution of 10 percent. We model our results assuming the median match percentage

of 3.5 percent of salary for a total employer contribution rate c equal to 8.5 percent. In

evaluating both the DB and DC retirement wealth, we assume real wages grow at a constant

2 percent per year, and a 2.5 percent rate of inflation. We assume a constant real discount

rate d of 1 percent, and a constant separation hazard of 5 percent, taken from the data. The

normal retirement age at the firm is 65, so we assume ρ = 65. Annuity values are taken

from Social Security Administration mortality tables for males and females born in 1960

and assume a 2.9 percent interest rate, implying an annuity value of 14.48 for women and

13.15 for men. The mean, standard deviations, and covariances for different asset classes

used in the simulation are calibrated based on historical real returns reported by Ibbotson

Associates (Ibbotson 2008) and summarized in the bottom panel of Table 5. We assume

9For more details regarding the simulation methods, please see Appendix C.
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asset allocation follows the pattern of Fidelity Investments target-date retirement funds, the

default fund allocation for DC participants at this firm, as shown in Figure 4.10 When

illustrating the comparitive statics of the optimal age-based default policy, we vary each of

these parameters from their baseline values independently.

We use the standard constant relative risk aversion (CRRA) utility function to evaluate

the expected discounted utility for each plan and to then translate it into a certainty equiv-

alent for each individual as in Equation (8). The functional form of the utility function is

given by:

U(w) =
w1−α

1− α
, (25)

where α is the measure of relative risk aversion. Estimates of α in the literature vary from 1

to 10, or higher depending on the context (e.g., Mehra and Prescott 1985; Kocherlakota 1996;

Chetty 2006). Recent work by Goldstein, Johnson and Sharpe (2008) estimate α = 6.1 from

an experimental setting in which participants indicated their preferences for a distribution

of future retirement income given a cost constraint. In our empirical analysis we vary α from

0 to 10 to evaluate how a∗ changes with the level of risk aversion among employees at the

firm.

5.2 Main simulation results

The panels in Figure 5 show the certainty equivalent by age for each pension plan across

different levels of risk aversion. The absolute levels of the certainty equivalent wealth are

decreasing in the relative risk aversion, ranging from an average of $112,106 (DC) and $98,390

(DB) for α = 0 to $7,261 (DC) and $18,015 (DB) for α = 10. For lower levels of risk aversion,

the certainty equivalent wealth is higher in the DC plan for younger workers as shown in

panels (a) and (b) in Figure 5. For the highest level of risk aversion shown (panel (d)),

the certainty equivalent from the DB plan exceeds the DC plan for all ages. The panels in

10We use the allocation for ages between 20 and 65 in 5-year intervals assumed by current funds to fit a
fractional multinomial logit model with fourth order age terms in order to estimate an implied asset allocation
across the three classes for ages between the 5-year intervals.
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Figure 6 plot the difference between the certainty equivalent wealth across the two plans, or

CEDC − CEDB
i i . The graphs show at approximately which age the certainty equivalents of

the DB plan are equated to the certainty equivalents of the DC plans, which is where the

plots cross the x-axis.

As outlined in Section 4, we define the optimal cutoff age a∗ for the simple, age-based

default as the one which maximizes the aggregate default wealth (Equation (9)). We use

our baseline parameter assumptions to solve for a∗ for different levels of risk aversion. The

objective function in Equation (9) is plotted against age for different values of α in the panels

of Figure 6. The age at which the objective function is maximized is a∗, and is reported in

Table 6 for different values of α. The optimal cutoff value ranges from 44 for α = 2 to 20 for

α = 10, and is non-monotonic in nature due to the opposing sources of risk: the presence

of investment risk implies that more risk-averse individuals would prefer the DC plan, but

separation risk affects the value of the DB plan more than the DC plan and thus pushes

the optimal cutoff age in the opposite direction. For levels of risk aversion less than 4, the

optimal age cutoff is between 42 and 47, largely in line with the firm’s chosen age cutoff of 45.

Therefore, our simulation results indicate that the firm’s cutoff age is close to optimal for low

levels of risk aversion under the assumption that their objective was to maximize employee

welfare. The lowest value for α such that a uniform DB default is optimal is approximately

equal to 8. Therefore, we find that for a sizable range of risk aversion, an age-based default

rule produces a higher aggregate default wealth than a uniform DB default.

We quantify the gain in aggregate default wealth using the measure G as outlined in

Equation (14) and report the results in Tables 6. The value G in the second row of Table 6

compares the aggregate default wealth under the optimal age-based default to the aggregate

default wealth under a uniform DB default. We find that implementing a simple age-based

default leads to a substantial increase in the aggregate default wealth under the optimal

policy. Because employees are predisposed to choosing the default plan, as shown in Section

3, it is likely that a heterogeneous default would lead to a substantial increase in welfare.
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The measure G masks the fact that certain employees may get defaulted into the plan

with the lower certainty equivalent under the outlined optimization procedure. Table 6

summarizes the number of people for whom the certainty equivalent is lower under the

optimal default policy than the alternative, as outlined in Equations (15) and (16). Less

than 1 percent of employees are defaulted into the lower-value plan, amounting to an average

loss of approximately $4,000 in certainty equivalent (or less than 5 percent) for lower levels

of risk aversion. All of the workers who lose from the optimal default policy are women, and

the majority are workers with below-median income. This finding is likely due to the low

weight that women and lower income workers receive in the aggregate default wealth due to

their smaller numbers (in the case of women) or lower certainty equivalents (for lower-income

workers). Weighting functions that counteract this underrepresentation could address this

issue.

5.3 Sensitivity analysis and robustness to alternative assumptions

In Table 8 we illustrate how the optimal age cutoff changes with different assumptions

regarding pension plan characteristics, asset allocation, separation hazards, investment risk,

wage growth, the discount rate, and inflation. Our results confirm the general predictions

given in Section 4: changes in the parameter values that increase the value of the DC plan

relative to the DB plan increase the optimal cutoff age.

We find that increasing the generosity of the DC contribution rate or reducing the gen-

erosity of the DB plan increases the optimal cutoff age across all values of α. The optimal

cutoff age depends on the asset allocation chosen in the DC plan such that when the portfolio

is invested solely in stocks, the riskiest asset class, the optimal cutoff age is higher for lower

levels of risk aversion and is lower for higher levels of risk aversion. Analogously, investing

only in bonds reduces the optimal cutoff age; however, a∗ does not vary as dramatically

across different levels of risk aversion. Under the assumption that DC participants are in-

vested solely in low-yielding risk-free assets, the DB plan performs better even under high
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levels of risk aversion.

Eliminating separation risk entirely illustrates that isolating investment risk produces

a monotonically decreasing optimal cutoff age. Similarly, eliminating investment risk while

maintaining the base assumption for separation risk yields a monotonically increasing optimal

cutoff age. As separation risk increases, the certainty equivalent in the DB plan is reduced

more than the certainty equivalent in the DC plan, and, therefore, the optimal cutoff age

increases, defaulting additional employees into the DC plan. If the standard deviations of

the three asset classes are doubled, the optimal age cutoff increases for low levels of risk

aversion and decreases for high levels of risk aversion relative to the baseline.11

The optimal cutoff age is weakly decreasing in real wage growth, indicating that higher

wage growth increases the relative value of DB plan benefits over DC plan benefits, though

the effect is small. The real discount rate does not affect the relative values of the DB and

DC certainty equivalents; therefore, the optimal cutoff age does not change with respect to

the real discount rate.

The inflation rate assumption affects the optimal cutoff age because inflation differentially

affects the value of the DB relative to the DC plan. DB plan participants’ benefits are based

on a formula that includes their nominal wages, from what may be many years prior to

retirement. By contrast, early contributions in DC accounts are invested in markets that

implicitly adjust for inflation. High inflation therefore reduces the value of DB benefits

relative to DC benefits and increases the optimal cutoff age.12

We examine how the optimal age cutoff changes if there is heterogeneity in risk aversion

11Note these results assume that investment risk and separation risk are independent. If we assume
that they are correlated, perhaps because poor economic conditions reduce investment returns and increase
involuntary separations, these two sources of risk would tend to counteract each other, as high separation
risk reduces the relative value of the DB plan and low investment returns reduce the relative value of the
DC plan.

12Note that the low sensitivity to wage growth and the higher sensitivity to the inflation rate is likely due
to the fact that our firm’s DB benefit formula uses wages throughout a worker’s career rather than common
alternatives, such as a formula that bases benefits on final average salary. This type of formula would be
more likely to protect DB participants from inflation and would reward higher wage growth more than a DC
plan. On the other hand, the relative effect of separation risk on the DB plan is likely to be greater with a
DB formula that uses a final average salary.
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across employees. The literature shows evidence of a small positive correlation between

risk aversion and age (Barsky, Juster, Kimball and Shapiro (1997), Kimball, Sahm and

Shapiro (2009)) but there is not evidence that risk aversion is strongly related to gender

(see Arano, Parker and Terry (2010) for review). In the last column of Table 8, we vary

the risk aversion parameter such that the average risk aversion for employees is equal to 2,

but risk aversion increases with age linearly between 1.1 and 2.6. The optimal cutoff ages

under this assumption are very similar to those in Column 2 where the employees all exhibit

a risk aversion parameter of 2. We conclude that our results are insensitive to a positive

correlation between age and risk aversion.13

In our analysis, we do not explicitly value the differences in death benefits and vesting

requirements between the two plans. In our firm, the DB plan provides a survivor benefit

to a named beneficiary equal to 50 percent of the accrued retirement benefit, while the DC

plan provides the survivor the entire worker’s DC account. This makes the DB plan less

attractive for all workers, with a greater differential for younger workers who have a higher

likelihood of dying at some point before retirement relative to older workers who are closer

to retirement. Similarly, because DB benefits vest after 5 years of service while employer

contributions to DC accounts vest after only 1 year, incorporating vesting requirements into

our analysis would have an analogous effect, raising the relative value of the DC plan for

all workers and particularly for younger workers who are more likely to have less tenure at

the firm. The combination of these effects would slightly increase the optimal cutoff age,

defaulting more workers into the DC plan.

6 Conclusion

The idea that individual choices can depend on institutional arrangements, such as the

default provisions that dictate what happens when an individual fails to make an active

13This statement holds for different average levels of risk aversion and different amounts of dispersion by
age.
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decision, is now widespread in economics. This idea has given rise to a notion of “libertarian

paternalism,” an approach that encourages private and public bodies to steer individuals to

choices that are likely to make them better off while still preserving freedom of choice (Thaler

and Sunstein 2003). The current study provides strong evidence that a firm can significantly

influence the choice of a pension plan by its decision of which plan is the default: our estimates

indicate that employees who were subject to a DC plan default were 60 percentage points

more likely to enroll in a DC plan relative to a DB plan. The default was an overwhelming

determinant of plan enrollment, alone explaining a substantial amount of the variability

in plan choice. This evaluation differs from past studies of defaults in that we examine a

one-time, non-reversible decision with potentially substantial retirement wealth at stake and

we are able to use a regression discontinuity framework to estimate the causal effect of the

default rule.

Given that we find a strong effect of the default on plan enrollment, we develop a frame-

work for finding the optimal age-based default rule for pension plan choice. We solve for the

age cutoff that maximizes the aggregate default wealth, or the aggregate certainty equivalent

that each employee receives upon failing to make an active decision. We posit that maxi-

mizing this aggregate default wealth is likely to improve aggregate employee welfare given

the strong effects of defaults in our context as well as in other settings.

We numerically simulate the optimal cutoff age and the gain in the aggregate default

wealth from introducing an age-based default policy. We find that over a broad range of

plausible levels of risk aversion, a heterogeneous default produces a substantially higher

aggregate default wealth relative to a uniform policy of defaulting all employees into a DB

plan, a common default policy used by firms transitioning from a DB plan to a DC plan.

Our results also suggest that age is an important determinant of the relative value of a DC

plan over a DB plan, and that incorporating observable characteristics in addition to age

into the determination of the default would not significantly alter employee outcomes. We

also demonstrate how the optimal age-based default rule varies with different levels of risk
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aversion, asset allocations strategies, and plan characteristics.

It is important to note that the optimal age cutoff is sensitive to the level of risk aversion

among employees at the firm, and that incorporating risk aversion into a heterogeneous

default policy would likely produce outcomes that are welfare-enhancing. However, such

an approach may be difficult to implement. If employers systematically under- or over-

estimated the level of risk aversion among their employees when constructing an optimal

age-based default policy, or if there were substantial heterogeneity in risk aversion across

employees, it is possible that more employees could be defaulted into a suboptimal plan.

However, there have been advances in survey methods to assess risk aversion that could be

utilized by firms to learn about their employees’ levels of risk aversion, and we show that

the optimal age cutoff is not sensitive to incorporating heterogeneity in risk aversion across

observable characteristics, such as age.

Overall, our results suggest that substantial welfare gains are possible by varying defaults

by observable characteristics. In particular, when a set of observable characteristics strongly

predicts the relative value of one choice over others, conditioning a default on these charac-

teristics can “nudge” individual decision-makers into choices that are likely to make them

better off.
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Notes:

Table 1: Distribution of Age Group by Choice (Active vs. Passive Choice)

Active Choice
Age Group (default) Passive Choice Consistent Inconsistent

with Default with Default
Under 45 (DC Plan) 194 162 41
45 or Over (DB Plan) 308 134 86
Total 502 296 127

Sample restricted to employees less than 65 years of age. N=925.

Table 2: Summary Statistics: Employee Characteristics

Variable Mean Std. Dev. Min Max
Enrolled in DC Plan 0.478 0.500 0 1
Made Passive Choice 0.543 0.498 0 1
Age 46.07 9.72 21.88 64.96
Female 0.188 0.391 0 1
White 0.425 0.495 0 1
Black 0.114 0.317 0 1
Hispanic 0.303 0.460 0 1
Other Race/Ethnicity 0.159 0.366 0 1
Weekly Hours 39.35 3.27 20.00 55.00
Hourly Wage 23.98 6.63 10.24 36.81
Tenure (years) 12.08 9.12 0.75 43.41

Notes:

Primary Work Location 0.699 0.459 0 1

Sample restricted to employees less than 65 years of age. N=925.
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Table 3: Regression Discontinuity Estimates of Default Effect on Plan Choice (Linear Prob-
ability Model)

(1) (2) (3) (4) (5)
Under 45 0.605*** 0.576*** 0.578*** 0.777*** 0.801***

(0.042) (0.080) (0.081) (0.141) (0.143)
(Age - 45) -0.017 -0.011 0.369** 0.437**

(0.020) (0.020) (0.181) (0.179)
(Age - 45)2 -0.169** -0.198**

(0.085) (0.084)
(Age - 45)3 0.020* 0.024**

(0.011) (0.011)
(Age - 45)×Under 45 0.025 0.023 -0.4 -0.462*

(0.029) (0.029) (0.266) (0.261)
(Age - 45)2×Under 45 0.129 0.167

(0.130) (0.130)
(Age - 45)3×Under 45 -0.028 -0.030*

(0.018) (0.018)
Hours -0.004 -0.005

(0.005) (0.006)
Hourly Wage 0.005 0.006

(0.005) (0.005)
Tenure -0.006** -0.007**

(0.003) (0.003)
Primary Work Location 0.068 0.075

(0.065) (0.065)
Constant 0.227*** 0.272*** 0.356 0.077 0.113

(0.030) (0.061) (0.268) (0.101) (0.302)
R2 0.359 0.357 0.365 0.358 0.368
N 353 353 353 353 353

Notes: Dependent variable is enrollment in the DC plan. Regression discontinuity estimate
is coefficient on “Under 45,” which estimates the change in DC plan enrollment at the age
cutoff. Robust standard errors in parentheses. Bandwidth of 5 years. Columns (3) and (5)
also include gender and race binary variables. * p<0.10, ** p<0.05, *** p<0.01.
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Table 4: Regression Discontinuity Estimates of Change in DC Plan Enrollment at Default
Age (Probit Model)

(1) (2) (3) (4) (5)
Under 45 (d) 0.605*** 0.581*** 0.601*** 0.758*** 0.784***

(0.042) (0.082) (0.083) (0.116) (0.110)
(Age - 45) -0.023 -0.017 0.523* 0.644**

(0.027) (0.027) (0.271) (0.273)
(Age - 45)2 -0.239* -0.291**

(0.124) (0.125)
(Age - 45)3 0.029* 0.035**

(0.016) (0.016)
(Age - 45)×Under 45 0.035 0.038 -0.578 -0.727*

(0.043) (0.045) (0.421) (0.426)
(Age - 45)2×Under 45 0.172 0.22

(0.205) (0.210)
(Age - 45)3×Under 45 -0.041 -0.047

(0.028) (0.029)
Hours -0.011 -0.011

(0.011) (0.012)
Hourly Wage 0.007 0.009

(0.007) (0.007)
Tenure -0.010** -0.010**

(0.005) (0.005)
Primary Work Location (d) 0.102 0.113

(0.090) (0.089)
R2 0.28 0.281 0.308 0.291 0.32
N 353 353 353 353 353

Notes: Marginal effects reported; (d) denotes marginal effects computed for discrete change
of binary variable from 0 to 1. Dependent variable is enrollment in the DC plan. Regression
discontinuity estimate is marginal effect of “Under 45,” which estimates the change in DC
plan enrollment at the age cutoff. Robust standard errors in parentheses. Bandwidth of 5
years. Columns (3) and (5) also include gender and race binary variables. * p<0.10, **
p<0.05, *** p<0.01.
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Table 5: Baseline Assumptions for Optimal Age-Based Default

Assumption
Plan Characteristics:

DB Multiplier (b) 2.0%
DC Contribution Rate (c) 8.5%
Other Parameters:

Real Wage Growth Rate (g) 2.0%
Real Discount Rate (d) 1.0%

aSeparation Hazard (⇒ p ) 5.0%r

Inflation (i) 2.5%

Real Asset Returns: µ σ
Stocks 6.4% 18.8%
Bonds 2.7% 9.2%
Money Market 0.7% 3.9%

Asset Covariances:

Stocks-Bonds 0.4065%
Bonds-Money Market 0.2033%
Money Market-Stocks 0.0763%

Table 6: Age Cutoff under Optimal Age-Based Default Rule and Change in Aggregate
Default Wealth

(1) (2) (3) (4)
α = 0 α = 2 α = 5 α = 10

Optimal age cutoff 44 47 36 20
G +32.0% +81.9% +2.8% +0.0%

Notes: The first row gives the integer value for the optimal cutoff age for different levels
of risk aversion under the baseline assumptions (as shown in Table 5). The second row
compares the aggregate default wealth generated under the optimal cutoff to the aggregate
default wealth for a uniform DB default, or a cutoff age of 20, as specified in Equation (14).
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Table 7: Characteristics of Employees Who Lose from the Optimal Age-Based Default Policy

(1) (2) (3) (4)
α = 0 α = 2 α = 5 α = 10

Number defaulted into suboptimal plan 9 6 9 0
Number who are female 9 6 9 0
Number who have below-median income 7 6 9 0

Average loss in certainty equivalent $3,872 $4,502 $190 –
Average loss for women $3,872 $4,502 $190 –
Average loss for below-median income $3,902 $4,502 $190 –

Notes: The first row summarizes the number of people for whom the default plan designated
under the optimal cutoff policy has a lower certainty equivalent than the alternative. The
second and third rows show how many of these individuals are women or workers with
below-median income. The bottom panel summarizes the average reduction in the certainty
equivalent for the individuals identified in the top panel.

Table 8: Comparative Statics for Optimal Age-Based Default Rule

Assumptions α = 0 α = 2 α = 5 α = 10 α = 2
Baseline 44 47 36 20 47
5% DC Contribution Rate 36 40 20 20 40
10% DC Contribution Rate 47 49 42 20 49
1% DB Multiplier 56 57 56 30 57
3% DB Multiplier 38 42 20 20 41
100% Stocks 48 48 20 20 48
100% Bonds 32 39 33 20 39
100% Cash 20 26 23 20 20
0% Separation Hazard 40 36 23 20 36
10% Separation Hazard 46 48 36 20 48
No Investment Risk 40 47 50 50 48
Double Investment Risk 50 46 20 20 46
0% Real Wage Growth 45 47 36 20 47
4% Real Wage Growth 43 47 36 20 47
0% Real Discount Rate 44 47 36 20 47
2% Real Discount Rate 44 47 36 20 47
1.5% Inflation 42 45 20 20 45
3.5% Inflation 46 49 42 20 49

Notes: Each row gives the optimal cutoff age, a∗, for different levels of risk aversion
for deviations from the baseline assumptions along one parameter dimension. Baseline
assumptions are shown in Table 5. The last column assumes risk aversion is positively cor-
related with age but keeps the average level of risk aversion across all employees is equal to 2.

38



Figure 1: DC Enrollment Rate by Age
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Notes: DC enrollment rates computed for each single year of age. Best fit line and cubic are
shown for each side of the age 45 cutoff.
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Figure 2: Distribution of Employee Age
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Notes: Histogram of employee age as of September 1, 2002, using one-year bins.
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Figure 3: Average Value of Covariates by Single Year of Age
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Notes: Panels used to verify no discontinuity at age 45 for other observable characteristics;
vertical line marks age 45.
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Figure 4: Asset Allocation by Age
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Notes: Markers represent asset allocation from Fidelity Freedom Funds (target-date retire-
ment funds) for appropriate age assuming participant turns age 65 in target retirement year.
Lines represent fit using fractional multinomial logit model with fourth-order age terms.
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Figure 5: Certainty Equivalent Wealth by Age for Different Levels of Risk Aversion

0
10

00
00

20
00

00
30

00
00

40
00

00
50

00
00

C
er

ta
in

ty
 E

qu
iv

al
en

t

20 30 40 50 60 70
Age

DB DC

(a) α=0 (risk neutral)

0
50

00
00

10
00

00
0

15
00

00
0

20
00

00
0

C
er

ta
in

ty
 E

qu
iv

al
en

t

20 30 40 50 60 70
Age

DB DC

(b) α=2

0
20

00
0

40
00

0
60

00
0

C
er

ta
in

ty
 E

qu
iv

al
en

t

20 30 40 50 60 70
Age

DB DC

(c) α=5

0
10

00
0

20
00

0
30

00
0

C
er

ta
in

ty
 E

qu
iv

al
en

t

20 30 40 50 60 70
Age

DB DC

(d) α=10

otes: Each panel shows the certainty equivalent for each plan by age for different levels of risk aversion (α).N
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Figure 6: Difference in DB and DC Certainty Equivalent Wealth for Different Levels of Risk Aversion
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Notes: Each panel shows difference in certainty equivalent, CEDC
i − CEDB

i , for different levels of risk aversion (α).
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Figure 7: Aggregate Default Wealth by Cutoff Age for Different Levels of Risk Aversion
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Notes: Each panel plots the aggregate default wealth by cutoff age for different levels of risk aversion (α). The optimal cutoff
age maximizes the aggregate default wealth.
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Appendix A: Robustness to Choice of Bandwidth

The regression discontinuity results shown in Tables 3 and 4 were done with a bandwidth
of 5 years. The table below summarizes the regression discontinuity estimated for different
values of the bandwidth across different specifications.

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

LPM 0.584*** 0.690*** 0.703*** 0.739*** 0.737***
(h = 2.5) (0.058) (0.108) (0.112) (0.196) (0.200)
LPM 0.636*** 0.544*** 0.532*** 0.697*** 0.709***
(h = 7.5) (0.035) (0.066) (0.066) (0.122) (0.125)
LPM 0.665*** 0.540*** 0.538*** 0.685*** 0.694***
(h = 10) (0.030) (0.059) (0.059) (0.108) (0.110)

Probit 0.584*** 0.687*** 0.718*** 0.728*** 0.741***
(h = 2.5) (0.058) (0.099) (0.096) (0.172) (0.171)
Probit 0.636*** 0.538*** 0.542*** 0.679*** 0.708***
(h = 7.5) (0.035) (0.071) (0.074) (0.114) (0.114)
Probit 0.665*** 0.527*** 0.547*** 0.683*** 0.722***
(h = 10) (0.030) (0.065) (0.069) (0.101) (0.098)

Treatment of Age Constant Linear Linear Cubic Cubic
Controls No No Yes No Yes

Notes: Dependent variable is enrollment in the DC plan. Robust standard errors in parentheses; *
p<0.10, ** p<0.05, *** p<0.01. LPM represents linear probability models. Probit models report
marginal effects.
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Appendix B: Comparitive Statics for the Optimal Age-

Based Default Policy

As shown in Equation (13) and restated below, the optimization problem and the implicit

function theorem together provide a formula to sign the direction of changes in the optimal

age cutoff for changes in known parameters:

sign

(
∂a∗

∂γi

)

= sign

(
∂CEDC

∂γi
−

∂CEDB

∂γi

)

. (B-1)

Below, we examine several special cases to illustrate the intuition in this result.

Case 1: Suppose cj = c for all j. The optimal cutoff age a∗ is increasing in c:

sign

(
∂a∗

∂c

)

= sign



∂CEDC

∂c
>0

−
∂CEDB

∂c
=0




> 0.

︸ ︷︷ ︸ ︸ ︷︷ ︸

 (B-2)

Case 2: Similarly, suppose bj(wj) = b for all j. The optimal cutoff age a∗ is decreasing in b:

sign

(
∂a∗

∂b

)

= sign



∂CEDC

∂b
=0

−
∂CEDB

∂b
>0




< 0.

︸ ︷︷ ︸ ︸ ︷︷ ︸

 (B-3)

Case 3: Suppose the utility function U is such that U−1(βw) = h(β) · U−1(w) for some

function h. Then the maximization problem in Equation (10) does not depend on the

discount rate d. Therefore:

∂a∗

∂d
= 0. (B-4)
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Appendix C: Monte Carlo Simulations

Monte Carlo simulations were performed to obtain 1,000 simulations of 45 years of asset

returns. This methodology follows Shoven (1999). Suppose ri = ln(1 + Ri), where Ri

denotes the simple real return of one of three types of assets (stocks (i = s), bonds (i = b),

and money market accounts (i = m)). We assume ri is distributed normally, i.e. 1 + Ri is

distributed lognormally. The lognormal distribution is skewed to the right and ensures that

simple returns cannot fall below -100%. Let mi, si, and sij denote the moments of Ri, and

µi, σi, and σij denote the moments of ri.

The Monte Carlo simulation is done in three steps. First, µi, σi, and σij are obtained for

all classes of assets by the following set of equations:

µi = log







1 +mi
√

1 +
(

si
1+mi

)2







σ2
i = log

(

1 +
s2i

(1 +mi)2

)

σij = log

(

1 +
sij

(1 +mi)(1 +mj)

)

(C-1)

(C-2)

(C-3)

Next, three independent standard-normal random variables z are generated for each

simulation using Matlab’s random number generator. These three random numbers are

combined such that the returns have the desired variances and covariances.

rs = µs + σsz1

rb = µb +
σsb

σs

z1 + z2

√

σ2
b −

(
σsb

σs

)2

rm = µm + az1 + bz2 + cz3

(C-4)

(C-5)

(C-6)
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The constants a, b, and c are given by:

a =
sm

σs

b =
σbm − σsmσsb

σ2
s

√

σ2
b −

(
σsb

σs

)2

c = σ2
m − a2 − b2.

σ
(C-7)

(C-8)

√

(C-9)

Finally, the simple returns R are determined by using the transformation Ri = exp(ri)−1.
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