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Abstract o
plans, defined contribution (DC) plans have

Relative to defined benefit (DB)
been linked to employee mobility due to differences in plan characteristics that
make DC plans more portable. Because employees with different underlying mo-
bility tendencies can select across plans or across firms with different types of
plans, however, any observed relationship between plan type and mobility may,
at least in part, be due to selection. We identify the role of selection by ex-
ploiting a natural experiment at an employer in which an employee’s probability
of transitioning from a DB to a DC pension plan was affected by default rules
such that the DC plan was the default for younger employees, while the DB plan
was the default for older employees. Using the default assignment as a source of

exogenous variation in plan enrollment, we find that employees with higher mo-

bility tendencies self-select into the DC plan (i.e., positive selection). While our
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results apply most aptly to employers undergoing a transition in plan offerings,
they suggest that selection likely contributes to the observed positive relationship
between the broader transition from DB to DC plans and employee mobility in

the labor market.

JEL Classification: J3, J6, M5



1 Introduction

In this paper, we identify the role of selection in the context of retirement plans and employee
mobility. While our setting is an employer undergoing a plan transition, it is informative
about the relationship between two broader labor market trends: first, the change in the
pension plan landscape and second, increased employee mobility. Among private sector
employees in the U.S. with an employer-provided pension plan, the fraction covered solely
by a defined contribution (DC) plan more than tripled between 1980 and 2003, while those
covered solely by a defined benefit (DB) plan declined by over eighty percent (Buessing
and Soto, 2006). Concurrently, employee job tenure and retention rates have decreased
(Munnell, Haverstick and Sanzenbacher, 2006; Farber, 2007; Friedberg and Owyang, 2005).
It is commonly thought that the increase in DC plans has played a role in this increase in
mobility because DB and DC plans typically differ in how employee tenure relates to pension
wealth. In particular, pension wealth accrual is typically more backloaded in DB plans
relative to DC plans, which acts to reduce the relative portability of DB plans (Mitchell,
1982; Lazear, 1990). While DB plans and DC plans differ in multiple dimensions, such
as control of financial decision-making, access to liquidity, and the transparency of wealth
accrual, difference in the portability of the plans has naturally been the focus when relating
plan type to mobility trends.

Reseachers have identified a relationship between retirement plan type and job tenure
such that employees in DB plans tend to have longer tenure relative to those in DC plans
(Munnell, Haverstick and Sanzenbacher, 2006; Friedberg and Owyang, 2005). However, the
selection of employees across plans may drive part of any observed relationship between
mobility patterns and pension plan type. Understanding the causal effect of pension plan
type on turnover requires estimating the direct effect of plan features on employee turnover,
which we refer to as an incentive effect, separate from the selection effect, defined as differ-
ences in turnover that stem from the underlying relationship between mobility tendencies

and preferences for plan characteristics. However, disentangling the incentive effect from the



selection effect has typically been challenging because it requires comparing mobility across
employees who are enrolled in different plans but are otherwise similar.

This paper identifies the role of selection in the relationship between employee mobility
and pension plan type by exploiting a natural experiment at a single employer in which
existing employees faced a one-time, irrevocable option to transition from a DB plan to a
DC plan. Separating the direct effects of program participation from the effects generated
by selection into participation has been a topic of interest in many different contexts, yet is
typically challenging to achieve due to a lack of random assignment. We exploit exogenous
variation in the probability of switching to the DC plan caused by a default rule that governed
the plan transition. In particular, existing employees who were under age 45 at the time
of the transition were assigned the DC plan as the default plan, while employees age 45
or older were assigned the DB plan as a default. Default rules have been shown to have
dramatic effects on DC enrollment (Madrian and Shea, 2001), and this result holds across a
variety of private employment contexts (Choi et al., 2004) as well as in public sector pension
plans (Crongvist and Thaler, 2004). Furthermore, Goda and Manchester (2013) find that
the effect of default provisions on plan enrollment is similarly powerful.!

We use the default retirement plan rules as an instrument for DC enrollment in order
to overcome selection bias and identify the effect of plan type on employee mobility. We
conduct a differences-in-differences (DD) estimation strategy that uses data before and after
the plan transition and leverages the difference in default plan for employees under and over
age 45 to isolate the role of selection. While conceptually the features of the default rule
governing the plan transition point to the use of regression discontinuity estimation methods,

empirically we have limited power to implement this technique due to the combination of low

!Goda and Manchester (2013) document default effects in this same context using administrative data
on plan enrollment from the year of the plan transition. This previous paper focuses on the effects of the
default assignment on plan enrollment and the policy question of how to select the optimal age-based default
rule given assumptions about employee risk preferences, financial market returns, and employee mobility.
The present study evaluates the effect of plan type on subsequent mobility decisions using distinct data on
employee turnover collected from before and after the plan transition and relies on the variation in plan
enrollment resulting from the default rule in the estimation strategy.



baseline mobility rates and a limited number of employees in the narrow window around age
45.2 We sign the selection effect by comparing selection-corrected estimates to the simple
probit estimates, which are confounded by employee selection. We reject the null hypothesis
that our simple probit estimates are less than the selection-corrected estimates (p < 0.01) for
one-, two- and three-year mobility outcomes. These findings provide evidence that employees
with higher mobility tendencies select into the DC plan over the DB plan.

This paper contributes to the literature on pension plan type and mobility in three ways.
First, the paper provides a new source of identification with which to quantify the role
of selection into pension plans based on mobility. Prior studies have generally addressed
this selection by using selection-correction models or cross-sectional data that includes het-
erogeneous firms and plans (Allen, Clark and McDermed, 1993; Gustman and Steinmeier,
1993; Rabe, 2007). Other studies have used plausibly exogenous variation from tax reforms
(Andrietti and Hilderband, 2004) or plan offerings (Disney and Emmerson, 2004; Manch-
ester, 2010) to identify the consequences of pension plan type for mobility. Our approach
uses exogenous variation induced by the default rule governing the plan transition in a
Difference-in-Differences (DD) framework. This technique relies on the assumption that be-
fore and after the policy change, trends in unobservable determinants of mobility for affected
employees relative to unaffected (but otherwise similar) employees did not differ on either
side of the age governing the default plan. Our identifying assumption passes falsification
tests which generally show no evidence of differential mobility on either side of alternative
age thresholds or in years prior to the policy change. We also confirm that no one particular
year of data from the pre-period is driving the results.

Second, we develop a conceptual framework for evaluating the effect of introducing a
new benefit on mobility that allows for heterogeneity in preferences over the benefit, costs

of switching, and mobility costs. We show that the resulting relationship between benefit

2Goda, Jones and Manchester (2013) uses a technique that applies a regression discontinuity approach
with data on mobility prior to the transition year and finds results qualitatively similar to but less precise
than those presented here.



enrollment and mobility depends on the joint distribution of this multi-dimensional hetero-
geneity as well as the choice environment in which the new benefit is offered. In particular,
whether employees have the opportunity to self-select into the new benefit as compared to
being forced to enroll has different implications for observable mobility patterns across plans.
We use both of these insights to generate testable predictions for our estimated parameters
and to provide a richer interpretation of our empirical evidence.

This framework sheds new light on previous findings of pension plans and employee
mobility. In particular, some previous evidence has shown that both DB and DC plans may
reduce employee mobility (e.g. Gustman and Steinmeier, 1993; Ippolito, 2002). It has been
hypothesized that this result is due to compensation premiums for employees with a pension
plan relative to those without (Gustman and Steinmeier, 1993), and the possibility that the
retention effect is driven by preferential treatment of savers by employers (Ippolito, 2002).
While Aaronson and Coronado (2005) theorizes that changes in employee benefit demand
may have driven, at least in part, the transition from DB to DC plans, they do not present
a conceptual model or empirical strategy for isolating a selection effect. Our framework
implies that the overall effect of plan type on mobility depends on the sign and magnitude
of the incentive and selection effects.

Applying this framework to our setting, we find that the selection effect induces a positive
relationship between mobility and endogenous DC plan enrollment. Interestingly, the DC
plan is not associated with higher turnover once we account for this selection effect — i.e.,
exogenous assignment to the DC plan reduces mobility relative to the DB plan. This finding
highlights the possibility that employees find the bundle of DC plan features, including
increased control, transparent wealth accrual, and loan and withdrawal provisions, desirable
relative to those of the DB plan (as measured by higher retention), which is in line with
previous work that finds a low perceived benefit of additional DB benefits (Fitzpatrick,
2015; Brown et al., 2011).

Third, we are able to evaluate both the short-term and longer-term effects of DC plans



on mobility as our data extends to three years beyond the DC plan introduction. With the
exception of Allen, Clark and McDermed (1993), most studies evaluating the relationship
between pension plan and mobility use a one-year time frame (Gustman and Steinmeier,
1993; Andrietti and Hilderband, 2004; Disney and Emmerson, 2004; Rabe, 2007). We find
that the pattern of positive selection effects and negative incentive effects are consistent
across the one-, two-, and three-year time horizons for measuring mobility.

Our results are specific to our context and the specific features of the DB and DC plans
under consideration. However, there are reasons to suggest that our results are more generally
relevant for a number reasons. First, one key difference between the DB plan in our context
and the standard DB plan is that the benefit formula in our setting is less backloaded, which
weakens the relationship between tenure and pension wealth accrual. However, this feature
biases us against finding evidence of positive selection into DC plans based on mobility
tendencies relative to a setting with a more standard DB plan. Second, the theoretical
framework can be applied to traditional DB plans and to employer-provided benefits beyond
retirement plans, and our framework provides intuition as to how results may vary with
changes in the setting. Third, the employer we study — a large private university — is
diverse and features a range of employees across occupations and job categories, including
service workers, technical employees, and skilled and unskilled positions.

The remainder of the paper proceeds as follows. Section 2 describes the conceptual
framework that motivates our empirical approach and examines what our results may reveal
about the relationship between mobility tendencies and pension plan preferences. Section 3
provides details regarding the natural experiment we exploit in our empirical application. We
outline our empirical strategies in Section 4 and present our results along with robustness

checks in Section 5. Section 6 explores the implications of our results and concludes the

paper.



2 Model of New Benefit Enrollment and Mobility

We construct a conceptual framework for interpreting observational and quasi-experimental
estimates of the relationship between mobility patterns and employee benefit enrollment in
the presence of unobservable heterogeneity. To do this, we first propose a basic framework
that describes individual decisions regarding enrollment in a newly-offered benefit and sub-
sequent turnover. Second, we evaluate the observable implications of this framework in two
distinct choice scenarios for benefit enrollment: one where benefit enrollment is endogenously
chosen and one where it is exogenously determined. Finally, we show how comparing the
relationship between new benefit enrollment and turnover in these two scenarios provides
insight into the selection effect (i.e., the relationship between underlying mobility tendencies
and preferences for the new benefit).

We model the discrete decision between a new employer-provided benefit and an existing
one, and the subsequent decision to leave or stay with one’s current employer. An employee
in our model, indexed by i, has three sources of individual-level heterogeneity: ¢;, which
determines her relative valuation of the new employee benefit over the old option; ¢; > 0,
which represents the employee’s cost of switching to the new employee benefit; and m;, which
dictates the mobility tendencies associated with switching to a new employer. These three
sources of heterogeneity are governed by a joint distribution with CDF F (-) : R* — [0, 1].

We will map these unobservable parameters into empirical outcomes. We define B; to
be a binary variable indicating enrollment in the new benefit at one’s current employer and
L;, for “Leaving,” to be a binary variable indicating departure from the current employer.

For example, in our setting B; = 1 indicates that an employee is observed enrolled in the

3The model is similar in spirit to a Roy (1951) model where individuals self-select into a given state —
e.g. industry — based on the potentially heterogeneous returns to that state. In that case, the econometric
recovery of the effect of said state on outcomes — e.g. earnings — is obfuscated by the correlation between
determinants of the outcome and selection into a given state. Such models have been applied in many
contexts — e.g. the study of selection into higher education (Willis and Rosen, 1979) or selection into
immigration (Borjas, 1987). In our case, individuals may select into a type of retirement plan based on the
value of that plan, and this potentially heterogeneous value subsequently affects the likelihood of staying
with the firm.



DC retirement plan rather than the DB plan, while L; = 1 indicates that an individual has
subsequently left the firm within one, two, or three years of being initially observed.*

An employee maximizes her expected utility, E [V;(w;, B;)] which, among other things,
depends on the employee’s wage w;, the status of her benefit participation B;, and her
choice of employer.” We begin with the benefit enrollment decision. The parameter ¢;,

which captures the net utility change of enrolling in the new benefit, is defined as follows:

¢i = E[Vi(wi, 1)] = E [Vi(w;, 0)] . (1)

Employees with a higher ¢; place a higher value on the new benefit. In our context, such
employees may prefer a DC plan to a DB plan for a number of reasons, including the net
present value, the risk profile of the retirement plan, transparency, portability, control over
investment, etc.

When enrollment is determined solely by the employee, she must pay a cost of switching
to the new benefit, ¢; > 0, in order to realize this utility change. This may include such
costs as time, informational requirements or administrative hurdles associated with switching
benefits. It follows that the employee will use the following decision rule for adoption of the

new benefit:

L it ¢ > ¢

We now turn to the decision of whether or not to leave the firm. Denote V° (w?, BY) as
the value of working at an outside firm and 7n; as a cost of switching employers. We define

m; as the net benefit of leaving the current employer for an outside employer, conditional on

4 In Appendix A.1, we recast our model using a potential outcomes framework, similar to Imbens and
Angrist (1994). Leaving is a function of benefit enrollment — L; = L; (B;) — and benefit enrollment is in
turn a function of the benefit regime — B; = B; (Z;), for Z; € {0,1,2}. When the DB plan is the default,
but employees may switch to a DC plan, Z; = 0; when all employees must enroll in the DB plan, Z; = 1;
and when all employees must enroll in the DC plan, Z; = 2.

5Note that the i subscript allows for flexible differences in expected utility due to a host of unobservable
traits beyond one’s wage.



having the old benefit:

mi = B[V (wy, BY)] = E [Vi(wi, 0)] — ns, (3)

where 7; is a parameter that captures the cost of switching employers. Thus, individuals

7

with a higher m; are more “mobile,” in that their outside options tend to be better relative
to the current employer and/or they tend to have lower switching costs across employers.

The decision to leave the firm can be characterized as follows:

It may seem that we have suppressed the dynamic nature of the these two decisions
made at different points in time. However, we have placed little restriction on the joint
distribution of (¢;, m;, ¢;). Thus, the correlation between these reduced-form parameters can
capture forward-looking behavior. For example, agents with a high likelihood of leaving the
firm — i.e. a high m; — may generally have a low value of enrollment — i.e. ¢; low relative
to ¢; — because they will not be at the firm for long.

We have also assumed that the benefit does not directly affect utility at outside firms.
This may be violated when a new benefit is more portable than the old, as is typically
the case with DC plans. We discuss in more detail in Appendix A.3 the case where this
phenomenon is captured by having the benefit directly affect the cost of switching — i.e.
n; = n; (B;). In our particular setting, the DB plan is less backloaded than typical DB plans,
and thus our simplification may be less of a concern. Additionally, we replicate our results
in Appendix C.2 among a sample of employees who would be vested under either the DB or
DC plan, which further reduces any discrepancies in portability.

We now consider two choice scenarios. In the first case, B; is endogenously determined

by the employees and the default policy is a DB plan. In this case, enrollment is determined



according to Equation 2. In the second case, benefit enrollment is exogenously determined
by the employer. In each case, we discuss the association between benefit enrollment and
observed mobility and how these relationships may be informative about the joint distribu-
tion of (¢, m,c). In particular, we are interested in the co-movement of preferences for the
new benefit, ¢, and mobility, m.

In the endogenous case, the employer introduces a new benefit and allows employees
to select into this benefit according to the rule in Equation 2. Subsequently, employees
make a decision on whether or not to leave the firm according to the rule in Equation 4.
Consider a comparison of the subsequent leave probabilities among those enrolled and those

not enrolled. We define this difference as:

BEnde = 1+ Bselection, (5)

where the “Endo” subscript denotes endogenously determined benefit enrollment.® We have
decomposed this observed difference into a treatment on the treated (/) and a selection
effect (Bseiection). The treatment on the treated can be interpreted as the treatment effect
among those who enroll, i.e. those for whom B; = 1 in Equation 2. The selection effect is
the baseline difference in L; between those who enroll when given the choice (i.e. B; = 1)
and those who do not (i.e. B; =0).

To build intuition regarding this decomposition, note that those who have chosen to
enroll (i.e. B; = 1) must have a positive value of ¢;, given Equation 2 and the assumption
that ¢; > 0. Focusing just on the left-hand sides of the inequalities in Equation 4, those now
enrolled have less of a reason to leave the firm relative to those not enrolled, all other things

equal. That is, ¢; - B; > 0 for enrollees. We refer to this direct effect of the new benefit on

6Continuing with the potential outcomes framework mentioned in footnote 4 and described in detail in
Appendix A.1:
ﬁEndo =E [Lz(]-)| Bz(o)

= 1] —E[L;(0)| B;(0) = 0]
=E[Li(1) - Li(0)| B;(0) =

1]+ {E[L;(0)| B;(0) = 1] — E[L;(0)| B;(0) = 0]}.

B1 Bsetection



the likelihood of leaving, 3, as the “incentive effect.”

In our context, a negative incentive effect means that the DC plan reduces turnover
relative to the DB plan among those choosing to enroll in the new DC benefit. This may
seem counterintuitive given that DC plans are typically more portable. However, recall that
the parameter ¢ captures preferences for the multi-dimensional differences between a DC
plan and DB plan. All things equal, those who value the DC plan more receive higher utility
in the job now that it has a DC plan and are therefore less likely to leave it.

We now turn to the second component of the decomposition in Equation 5. Focusing on
the right-hand sides of the inequalities in Equation 4, the difference in leave probabilities
between enrollees and non-enrollees will depend on differences in the distribution of m; across
the two groups. We refer to the difference in leave probabilities due to differences in the
distribution of m; between enrollees and non-enrollees as the “selection effect” or Bgeection-
The sign of the selection effect depends on the baseline difference in leave probabilities absent
the new benefit.

Now consider the second choice scenario, where benefit enrollment is exogenously deter-
mined. Imagine comparing the probability of leaving the firm under the new benefit regime
as compared to under the original regime. The decision to leave the firm is still dictated by
the decision rule in Equation 4. However, now that employees are not self-selecting into the
new benefit, we no longer have a selection effect since plan enrollment is independent of m.
Furthermore, because there is no endogenous enrollment into B;, it is no longer the case that
¢;-B; > 0 for all enrollees. Instead, the incentive effect will vary across employees, decreasing
the likelihood of leaving among those who have a positive ¢ and increasing the likelihood of
leaving for those with a negative ¢. The net change in leave probabilities depends on the
number of employees now induced to stay with the firm — i.e. those with m; and ¢; such
that 0 < m; < ¢; — relative those who are now induced to leave the firm — i.e. those with
m; and ¢; such that 0 > m; > ¢;.

A comparison of leave probabilities under the new relative to the old benefit regime

10



identifies the average incentive effect of B; among all employees, or a treatment effect defined

as:’

BEzog = Too + ™1 1. (6)

Note, we have decomposed the treatment effect into an effect among employees who would
enroll endogenously — B; = 1 — and those who would not — B; = 0. The incentive effect (3,
is the treatment on the treated, defined previously in Equation 5, while the incentive effect
Bo is an analogous treatment on the untreated. The weights my and m; are the population
shares of the two respective types.

Now that we have defined the estimates for the endogenous and exogenous cases, we can
show how the characteristics of the (¢, m, ¢)-distribution are related to the relative magnitude
of the estimates. Fixing ¢; = ¢, suppose that m and ¢ are independent, meaning there is
no selection effect. This means that the distribution of m does not differ among those who
choose to enroll in the new benefit under the endogenous case and under the exogenous
case. If there is no selection effect, then we would expect to find a larger reduction in
leave probabilities under the endogenous case than the exogenous case (i.e. Sgndo < BEzog)-
This is because those who self-select into the new benefit have weakly higher values for the
benefit, and therefore experience larger reductions in the probability of leaving due to the
incentive effect, all things equal.® Now, suppose that the selection effect is negative. This
scenario would further reduce Bgnq, relative to Braog because the negative selection effect
would reinforce the negative incentive effect present in the endogenous case, again implying

BEndo < BEzog- Finally, a positive selection effect would offset the difference between the

"Within the potential outcomes framework from footnote 4 and Appendix A.1, we have:
BEzog = E[Li(1) — Li(0)] = Pr(B;(0) = 0) - E[L;(1) — Li(0)| Bi(0) = 0]

+Pr(B;(0) =1)-E[L;(1) - Lz(o)ﬁéz(o) =1]. :

1 B1
8This is because the distribution of ¢ among enrollees in the endogenous case is a left-truncated version
of the distribution of ¢ among all employees under exogenous enrollment.
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endogenous and exogenous estimates, potentially even reversing the relative magnitude of
BEndo and 5Exog-

In Appendix A we formally show in Proposition 1 that if we are able to observe the rela-
tionship between plan enrollment and leaving in these two settings, we can learn something
about the role of selection. In particular, the selection effect is bounded from below by the

difference between the relationship estimated in endogenous and exogenous settings:

ﬁEndo - BE:cog S BSelection- (7)

To see why this is the case, substitute for the Sgnq, and Br.o, using Equations (5) and

(6) as follows:

/BEndo - 5Exog = /61 + BSelection — 7o * 50 — 71 61

= ﬂSelection + 7 [61 - BO] . (8)

We argue in the appendix that the second term in (8) is negative, thus establishing
the lower bound on Bseection. We cannot directly verify the assumption that £, — By < 0.
For benefits that primarily affect payoffs during employment with the current firm, such as
health insurance, it makes sense to assume that the new benefit is less likely to make those
who would actively choose the benefit to leave the firm than those who would not choose
the benefit. As discussed above, one potentially relevant violation of our assumption is the
case where the new benefit directly affects the cost of leaving the firm through, for example,
greater portability. In our context, however, it happens to be the case that the DB plan is
less backloaded than typical DB plans, and therefore, this may be less of a concern.

Importantly, Equation 7 shows that the key test for positive selection is asymmetric in
that a negative or zero difference (i.e. Bpndo < BErog) is DOt informative about the sign of

the selection effect.” This is because the selection effect could reinforce or counteract the

9This may seem counterintuitive given the standard approach of signing omitted variable bias. However,
the standard omitted variable bias intuition does not hold in the presence of heterogeneous treatment effects

12



incentive effect. Only in the case where the exogenous estimates show a larger reduction
in leave probabilities than the endogenous estimates (i.e. Sgndo > BEzog), can we rule out
a zero or negative selection effect in favor of a positive selection effect. A regression of
mobility (i.e. L;) on new benefit enrollment among employees who can choose their benefit
approximates the endogenous case. As shown above in Equation 5, the correlation between
L; and B; in this choice scenario is driven by both the incentive effect and the selection
effect. Estimating the effect of new benefit enrollment on leave probabilities when benefit
enrollment is randomly assigned approximates the exogenous case (i.e., Equation 6).!° The
effect of B; on L; in that case identifies the average incentive effect. The resulting estimates

can then be used to evaluate the key inequality in (7).

3 Institutional Setting and Data

3.1 Setting

We use data on unionized, non-faculty employees from a large research university. While our
data are from a single institution, the jobs represented in the sample are diverse, ranging
from those with low skill requirements (e.g., athletic equipment keeper, food service worker)
to relatively high-skilled jobs (e.g., life science technician, computer service, audio equipment
specialist). These employees underwent a plan transition on September 1, 2002. Existing
employees in this group could elect to continue participating in the DB plan, or choose to
1

move to the DC plan and cease accruing benefits under the DB plan.!’! Our analysis is

restricted to these existing employees. If no election was made, the employee was enrolled in

and selection on treatment.

10Tn Section 4 we outline our econometric methodology, Two-Stage Residual Inclusion, which allows us
to account for endogenous benefit enrollment while accommodating a nonlinear specification. While the
method technically implies that we recover an average treatment effect, one may be inclined to interpret
our results as a local average treatment effect. In Appendix A.4 we discuss this alternative interpretation in
more detail and show how it would alter our results.

1 This choice applied to union employees hired before January 1, 2001, and governed future benefit accruals
only. All non-union employees hired after this date were enrolled in the DC plan.

13



the default plan. The default plan depended on the employee’s date of birth. In particular,
employees under age 45 as of September 1 were assigned the DC plan as the default, while
employees age 45 or older as of September 1 were assigned the DB plan as the default.!?

The DB plan at the employer offered benefits equal to 2% of an employees average salary,
multiplied by the total years of service. Because the benefit base was the average salary rather
than a final average salary based on the 3 or 5 years prior to retirement, DB benefit accruals
were less backloaded than is typically the case with DB plans. These benefits were vested
for employees with at least 5 years of service. The DC plan offered a 5 percent employer
contribution and matching schedule up to an additional 5 percent.'® Employer contributions
to the DC plan were considered vested immediately for employees in our sample.

How does our setting compare to other employers? One key difference between the DB
plan in our context and the standard DB plan is that the benefit formula in our setting is
less backloaded, which weakens the relationship between tenure and pension wealth accrual.
In addition, our university setting is not typical in that the benefits and working conditions
are likely superior to other private sector employers. Given this, the employees in our
sample are likely to have lower underlying mobility tendencies than most private sector
employees. Moreover, other benefits (such as health care, education benefits, etc.) may
mitigate employees responses to any change in one particular benefit. We expect that both
of these factors would bias us against finding evidence of positive selection into DC plans
based on mobility tendencies.

An important dimension to consider when evaluating the effects of the plan transition
on employee mobility is the relative generosity of the two plans. Because of differences
in how pension wealth accrues, the relative value of the two plans depends on employee

characteristics, such as risk preference, financial literacy, and mobility tendencies as well as

12Non-union employees were subject to an earlier plan transition on January 1, 1997. However, our data
do not span this earlier policy change. Faculty and non-union employees in supervisory roles were never
offered benefits in a DB plan unless they experienced job changes that resulted in changes in employment
group.

13If the employee contributed 1, 2, 3, or 4 percent, the employer contributed 1.5, 3, 4, and 5 percent
respectively.

14



the performance of financial markets. Goda and Manchester (2013) carefully evaluate the
value of the two plans by comparing the certainty equivalents under a base set of assumptions
and show that, among low levels of risk aversion, the plans are of comparable value around
age 45 and the DC plan is more valuable to younger employees and the DB plan is more
valuable to older employees. For higher levels of risk aversion, the DB plan has a higher

certainty equivalent than the DC plan across all ages.

3.2 Data

We construct an original data set using administrative data from two sources: annual payroll
records that include employees present at the university on December 15 of each year from
1999 to 2005 and pension plan records. The payroll data includes annual information on job,
salary, and weekly hours worked as well as demographic characteristics, including exact date
of birth, gender, race, and hire date.'* Pension plan records include information on annual
plan enrollment as well as which plan was the default plan for employees who were eligible
for the plan transition. Our outcome measures are binary variables that indicate whether
an employee we observe in year t is present in the dataset in a future year for one-, two-,
and three-year time horizons. As such, it measures the probability of leaving the employer,
either voluntarily or involuntarily, within one, two, or three years.

While conceptually the variation in default plan by age aligns well with a regression
discontinuity approach, our power is limited due to low baseline leave propensities and a
relatively small sample size.!” Instead, we employ a DD method using the transition year
(2002) and pre-transition data (1999-2001). Table 1 reports summary statistics for the
sample broken out by the relevant differences used in the analysis. Column (1) reports
summary statistics for employees in all years and of all ages. Columns (2) and (3) report

descriptive statistics for employees under 45 and employees 45 and older, respectively, for the

“Tndividuals with missing pension or demographic records were dropped from the analysis (12 individuals).
Individuals who had DB accruals, but were rehired following the transition were also dropped (7 individuals).
15See Goda, Jones and Manchester (2013) for results using a fuzzy regression discontinuity.
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pre-transition years, while columns (4) and (5) show this same comparison for the transition
year. Comparing the leave propensities across the columns, the data show a sizable drop in
leave propensities among the under 45 employees (i.e. column (2) vs. (4)), while mobility
rates for employees age 45 and over are relatively stable over this time period (i.e. column
(3) vs. (5)). At the same time, the second row of Table 1 shows how DC enrollment
went up dramatically for employees under age 45. Figure 1 plots one-year mobility and DC
enrollment by year for these same two employee groups. Both employees above and below
age 45 experienced a drop in mobility in 2001, prior to the plan transition. However, while
the mobility of employees under age 45 (who became enrolled in the DC plan to a greater
degree) continued to decline, the mobility of those over 45 increased slightly in 2002 following
the plan transition. Overall, these descriptive results suggest that employees who ended up
in the DC plan exhibited a greater decrease in leave propensities relative to employees who

remained in the DB plan.

4 Empirical Strategy

We quantify the role of selection as outlined in Section 2 by estimating the endogenous and
exogenous relationship between enrollment in the DC plan and mobility albeit with one
difference. Rather than true random assignment as described in Section 2, we exploit the
variation in DC enrollment produced by the different default plan for employees on either
side of age 45 in 2002. In what follows we describe our empirical strategy and how the
resulting estimates map to Equation 7, which is the key inequality from our model.

Because we have a binary outcome with a mean relatively close to zero, we rely on a
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probit specification.'

L,=1 {)‘ExogDCi 4+ A Post2002; + AoUnderd5; + 't X; +u; > O} (9)

where L; is a binary variable that equals one if the employee is not with the employer one year
later. We also consider specifications that measure leaving two and three years later. The
variable DCj; is a dummy equal to one if employee i is in a DC plan. The variable Post2002;
is an indicator for being observed in the year 2002, and the variable Under45; is a binary
variable that takes the value 1 if the employee is younger than age 45 on September 1, 2002.%7
The vector X; consists of demographic control variables for gender, race, hours, base salary,
tenure at the employer and dummies for department. We also include specifications where
X, includes a series of age and year dummy variables, omitting Post2002; and Under4b;, to
control more flexibly for age and year. Finally, u; ~ N (0,1) is an unobserved factor related

to mobility. We first consider the following probit specification:

E[Li| Xi] = ® (Ag,00DCi + N Post2002; + A;Under4b; +I';X;) . (10)

In our case DC; may be an endogenous regressor, i.e. DC; and u; may be correlated. The
naive probit regression of L; on DC;, Post2002;, Under4b; and X; will be inconsistent, and
in particular, the coefficient on DC}; will be biased. We define [Bg,q, as the average partial

effect of DC; on L;, estimated from this endogenous regression:

BEndo = E|® (Agng T A1 P0st2002; + ANsUnderdb; + I'5X;)

16We obtain qualitatively similar results using a linear probability model and 2SLS — we consistently
reject our null hypothesis in favor of positive selection. However, we tend to estimate incentive effects much
larger in magnitude, most likely owing to the fact that our outcome variable is binary and has a relatively
low baseline mean. Linear probability model results are available from the authors upon request.

"There are two possible ways to define “over” and “under” groups based on the cutoff of age 45 on
September 1, 2002: cohort (e.g., age 44 on September 1, 2001), and age (e.g., age 45 on September 1, 2001)).
Our base set of results are estimated using the cohort definition; however, our results are robust to defining
Under45; based on age rather than cohort.
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—® (A} Post2002; + A\;Under4b; + I'5X;) |. (11)

In order to address the endogeneity issue, we apply a control function approach, some-
times referred to as Two-Stage Residual Inclusion (or 2SRI, Terza, Basu and Rathouz, 2008),
using default retirement plan rules as an instrument for DC enrollment. Specifically, our in-
strument for DC enrollment is the interaction term Post2002; x Under4b,. Recall that this
group has the DC plan as the default retirement plan. We briefly summarize the procedure
here and show in more detail in Appendix B how this method allows us to overcome the
endogeneity. In the first stage, we estimate the effect of the default provision on DC par-
ticipation for those under 45 in 2002 relative to those over 45 in 2002 using a linear model.
In the second stage, we estimate the effect of DC participation on the one-year turnover
probability while including the residual from the first stage. Our first stage regression is as

follows:

DCz = 7DOP08t2002i X Und67‘451 + ’}/1P08t2002i + 72Uﬂd€7’45¢ + F3X1 + v; (12)

The residual from the first stage regression in (12) is then included as a control function in

the following probit specification:

E [Lz’ XZ] =0 ()\ExogDCi + )\1P08t20021 -+ )\2Uﬂd€T45i + Fle + a@l) (13)

We define fg,04 as the average partial effect estimated using the parameters in (13):

6E:rog = E|® ()\E:Eog -+ ’71P08t20021 -+ ’YQU’)”Ld@?"45i + Fle + OHA)@)
—d (71P08t20021 + 72Uﬂd€7’45,’ + Fle + Oﬂ}l> . (14)
To gain further intuition into our approach, note that if we were to specify a linear prob-

ability model instead of a probit model, this control function method would be equivalent
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to 2SLS estimation. Thus, we are relying on the standard IV assumptions for our instru-
ment. Namely, we assume that conditional on predetermined observables, the instrument
Post2002; x Under4b; is independent of u; and v;. We justify this assumption on grounds
similar to those of a difference-in-differences analysis. That is, we assume that in the ab-
sence of our policy, the difference in leave patterns between those older and younger than
the cohort turning 45 in 2002 would have remained constant. We assess the validity of this
assumption using placebo regressions described below.

In order to test the key inequality in (7) we first estimate the endogenous probit regres-
sion (10) via maximum likelihood estimation, with L; as the outcome and DC};, Post2002;,
Underd5; and X; as regressors. These resulting parameters are then used to calculate Sgq0
with the sample analog of (11). Next, we implement the 2SRI estimator. In the first stage,
we first estimate the linear equation in (12) and retain the residuals 0;. In the second stage,
we estimate (13) by fitting a probit regression via maximum likelihood, with L, as the out-
come and DCj, Post2002;, Under4b;, X; and 9; as regressors. We then calculate Sgg,, with
the sample analog of (14). Standard errors are adjusted for the fact that the regressor 0; is
estimated in the first stage regression.'®

Our estimates provide proxies for the relationship between mobility and DC enrollment
in the endogenous case (Sgndo) and the exogenous case (Sgs0) laid out in Section 2. The
endogenous probit estimates that compare mobility rates among DC participants and DB
participants are driven by both the incentive effect and the selection effect. These two forces
can, in general, lead to an ambiguous relationship between mobility rates across the two
types of plans because the selection effect could reinforce or counteract the incentive effect.
By Equation 7, we can rule out both a negative selection effect and no selection effect if
we can reject the null hypothesis that the endogenous probit estimate is less than or equal
to the 2SRI estimate (i.e., Hy : Bendo < BEzog). Therefore, the key statistic for testing for

positive selection is the p-value for this null hypothesis; we report this for each specification

18See for example Newey and McFadden (1994) for results on the asymptotic properties of two-step esti-
mators.
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in our results tables.'”

We test the robustness of our results and the plausibility of our identification assumption
in several ways. First, we eliminate various years prior to the plan transition to demonstrate
that our results are not driven by a particular pre-transition year. Second, we perform a
variety of falsification exercises where we either assume the plan transition occurred in a
year prior to 2002 at the same age-45 threshold, or that the age threshold for the default
assignment in 2002 was either lower or higher than age 45. Because there does not exist an
analog to Equation (12) in these placebo exercises, we instead report the results of reduced-
form regressions, which replace DC; in Equation (10) with Post2002; x Under45;. We also
provide additional results using an alternative definition of our control group in the pre-
transition years in Appendix C.1. Specifically, we show that our results are not driven by
differences in leave probabilities among very young and very old workers by limiting the
sample to ages close to 45 in Appendix C.3. Finally, we consider an alternative approach to
accounting for an endogenous regressor in the context of a nonlinear model, namely a Local
Average Response Function (or LARF, Abadie, 2003) in Appendix D. We are reassured
by the fact that our results are virtually identical when using this independent method of

addressing endogeneity.

5 Results

In this section, we report the results of our test for positive selection based on Equation
7. We evaluate these main results for one-, two-, and three-year leave outcomes. We also
report our estimates of the incentive effect, i.e. the effect of DC enrollment on turnover
after adjusting for selection. We then examine the robustness to dropping various pre-
plan transition years from the analysis and provide an extensive analysis of placebo default
assignments in different years or at different ages younger or older than age 45. Finally, we

briefly discuss robustness to our definition of age, vesting status, other sample restrictions,

¥nference in this case is adjusted to take into account sample correlation between Bgnq4, and 3 Ezog-
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and our method of addressing endogeneity.

5.1 The Selection Effect

We report our findings for the three measures of leave propensities. For each outcome, we
start by reporting the inputs to the selection test, namely the average partial effect using the
endogenous probit regression (Equation 11) in the first row, followed by the average partial
effect using the exogenous 2SRI probit (Equation 14) in the second row. The third row
provides the p-value of the test of the null hypothesis that Spnio < Brzeg, Which is the key
inequality from Equation 7 for detecting positive selection. The results tables also include
the mean leave probability prior to the default retirement plan change for each estimation
sample and the F-statistic from the first stage regression. The three columns represent
different combination of controls. The first column includes only controls for Under45; and
Post2002;. The second column adds controls for gender, race, hours, base salary, tenure at
the employer and dummies for department. The third column mirrors the second column,
but replaces Under4b; and Post2002; with age and year fixed effects.

We begin by estimating the effect of DC plan enrollment relative to DB enrollment on the
probability of leaving the employer within the next calendar year and report the results in
Table 2. The endogenous estimate of the correlation between DC plan enrollment and leaving
the employer is negative but not significantly different from zero in all three specifications.
By contrast, Sgg. is negative and statistically significant. Together, these two estimates
imply a p-value for our hypothesis test for selection that consistently allows us to reject
the null hypothesis that Bgnio < Brzeg at the 1-percent level. Thus, based on Equation
7, Bsetection > 0 — because Brnio — BEzog 1s strictly positive. We therefore conclude that
mobility tendencies are positively related to preferences for the DC plan relative to the DB
plan (i.e., the selection effect is positive). Our results show a strong and robust first-stage
relationship, as evidenced by the first stage F-statistics. Results from the first stage — not

reported here — indicate that employees below the age-45 threshold are about 52 percentage
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points more likely to enroll in the DC plan than employees age 45 or older.

For two-year and three-year leave outcomes, we find a similar pattern of results. Tables
3 and 4 report estimates and the test for selection using the same format as Table 2, but use
a dependent variable that measures whether the employee leaves the employer within two
years or three years, respectively. For these analyses, the sample is substantially smaller than
that used for the one-year time horizon in order to eliminate employees in the pre-transition
period whose two- or three-year horizons cross the 2002 introduction date of the DC plan.
Results from the two-year leave outcome consistently produce a negative and significant Sgz0¢
and resoundingly reject the null hypothesis from Equation 7 in favor of positive selection at
the 5 percent significance level. The results for the three-year leave outcome shown in Table

4 are consistent with the two-year outcome.

5.2 The Incentive Effect

While our focus above has been on identifying the role of selection, the results for Bgioq
provide estimates of the incentive effect, i.e. the direct effect of the DC plan on mobility
relative to the DB plan. Column (3) in Table 2 indicates that the incentive effect is negative
and sizable in magnitude: the direct effect of the DC plan on mobility relative to the DB
plan is a 5.6 percentage point reduction in one-year turnover, a 72 percent reduction relative
to the mean.

Our negative incentive effect is counter to conventional wisdom that, relative to DB
plans, DC plans ought to increase mobility due to greater portability. Our results suggest
an alternative perspective, namely that other attributes of the benefit, such as individual
control, liquidity, and transparency, may generally make this DC plan more attractive than
the DB plan and increase the likelihood that one remains with the employer in a way that
dominates portability. Furthermore, as mentioned above, the importance of portability is

reduced in our context given that the DB plan is less backloaded than typical DB plans.?’

2ONote that our findings cannot be explained by inertia among employees affected by the default because
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Finding a negative incentive effect can be further corroborated with research that shows
employees place a low value on additional DB benefits: Fitzpatrick (2015) finds that public
teachers in Illinois would trade just 20 cents in current compensation for an additional
dollar of DB benefit (measured in present discounted value terms). We perform a back-of-
the-envelope calculation to determine the valuation of DC benefits relative to DB benefits
needed to square the magnitude of our incentive effect with existing estimates. Assuming
such a low valuation of DB benefits, employees in our sample would have to only value a

dollar of DC benefits at $0.55 in order to generate the patterns we observe in our sample.?!

5.3 Robustness Checks

In this section, we first evaluate the robustness of our results by examining the sensitivity to
removing various pre-transition years of data that serve as our control. Second, we perform
falsification exercises in which we vary the year of the plan transition or the age threshold

of the default assignment rule.

5.3.1 Robustness to removing control years

To assess whether a particular year of data from the control period is driving our results,
we execute our estimation strategy using different combinations of pre-transition years. For
our one-year leave outcome, our baseline analysis uses pre-transition data from 1999, 2000,
and 2001, which implies that we can test the sensitivity of the estimates using 5 additional
combinations of these data by eliminating one or two years of data at a time. We can repeat
this for our two-year leave outcome, but can only consider two possible subsamples because

our baseline analysis only uses 1999 and 2000 from the pre-transition period. We cannot

employees on either side of the age 45 cutoff faced a default plan.

2'We use the methodology from Goda and Manchester (2013) to determine the average net present value
of DB and DC benefits for employees in our data and a turnover elasticity estimate from Manchester (2012)
inferred from the retention response to a different form of employee compensation at this same institution,
tuition reimbursement benefits. We then scale the value of a dollar of DC benefits relative to a dollar of DB
benefits until we match our incentive effect on turnover.
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conduct this sensitively analysis for the three-year leave outcome because we only use one
year of pre-transition data in the baseline analysis.*

We report Bendo, BEzog and the p-value for our test of positive selection for the baseline
analysis and these alternative subsamples in Table 5 for the one-year leave outcome and in
Table 6 for the two-year leave outcome. For each of these tables, we report results from
estimation using the full set of controls.

For the one-year leave outcome (Table 5), we reject the null hypothesis that Sgnde < BEzog
in favor of positive selection — all reported p-values are below the 5 percent significance level
despite the reduced power. In addition, the Bg,., estimates in the various subsamples are
similar to the baseline results. Results for the two-year outcome are shown in Table 6. We
find consistent support for positive selection and a negative incentive effect for the two-year
outcome, and the magnitudes of the negative incentive effects are in line with our main
results.

Overall, these results indicate that our baseline empirical finding, namely that employ-
ees who choose DC plans over DB plans have higher underlying mobility tendencies, is not
sensitive to the composition of the control group. In addition, the estimates show that elim-
inating one pre-transition year from the analysis results in qualitatively and quantitatively

similar estimates for Sggoq-

5.3.2 Placebo plan transitions and default assignment rules

We do two sets of falsification exercises in order to check the plausibility of our identifying
assumption, namely that trends in unobservable determinants of mobility rates before and
after the transition did not differ on either side of the age-45 threshold. First, we eliminate
the plan transition year (2002) from our analysis and impose a placebo plan transition in
2000 to see if we find any evidence that employees on either side of the age-45 threshold

had differential mobility in 2000 relative to 1999. We also repeat this same exercise, but

22Note that all of the alternative subsamples use the year 2002 because all post-transition outcomes are
measured relative to that year in the baseline analysis.
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use 2001 as the placebo policy change year. Second, we assign a placebo age threshold that
determines the default plan assignment and use data exclusively on one side of the original
age-45 threshold to determine whether we find evidence of differential mobility rates on either
side of the placebo age thresholds. Our identifying assumption implies that we should find
no evidence of changes in our outcome variables in either the placebo plan transition years
or at the placebo age thresholds.

Table 7 shows the results of our falsification exercises for all three leave outcomes. In
each row we report the reduced form results for one-year leave probabilities, where the
coefficient represents the effect of being on the lower side of the assumed age threshold in
the assumed transition year on one-year mobility.”> The top row reports the baseline reduced
form results for comparison (i.e. using the threshold of age 45 in 2002) and shows highly
significant estimates. The next two rows of results assume that the plan transition occurs
in 2001 and 2000, respectively, with an age-45 threshold for the default plan assignment.
Alternatively, rows 4 and 5 use the original policy year, but change the age threshold. The
“Age 32.5 Placebo” limits the sample to those younger than age 45, while the “Age 57.5
Placebo” limits the sample to employees age 45 and older.

Of these 9 placebo tests, only one estimate — the three-year mobility rate for the lower
age threshold — yields a coefficient that is significant at the 5 percent level. The remaining
placebo coefficients in the table are statistically insignificant. Overall, the results from
the falsification exercises provide support for the conclusion that our baseline findings on
selection and incentive effects are likely to be a result of the retirement plan transition in 2002

that led to differences in retirement plan enrollment on either side of the age-45 threshold.

23For each of these falsification exercises, we report the reduced form results because a first stage is not
possible for the falsification specifications.
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5.3.3 Sensitivity to Alternative Age Definitions, Vesting Status, Sample Re-

strictions and Endogeneity Correction

In our study thus far, our estimation procedure uses employees’ age as measured on Septem-
ber 1, 2002, the date of the plan transition. By assigning employees to either side of this
age-45 threshold, we are able to evaluate the effect of the plan transition while controlling
for any underlying differences between younger and older employees in this cohort. Alter-
natively, we could measure employee age in each calendar year and compare employees on
either side of age 45 for that year. We report the results of plan enrollment on one-, two-,
and three-year mobility rates using this alternative definition in Tables C.2-C.4 in Appendix
C.1. The results are consistent with our cohort analysis: the p-value of our test for selection
is significant at conventional levels for all of the specifications. As for the incentive effects,
the Bproy estimates remain negative and statistically significant, although they tend to be
slightly lower.

One may be concerned that the positive selection results are driven by employees who
are vested in the DC plan but not vested in the DB plan due to differences in vesting
requirements. When we restrict the analysis to employees vested in both plans (i.e. at least
5 years of service), the positive selection effect remains, albeit weaker due to the reduced
sample size (see Tables C.5-C.7 in Appendix C.2). This suggests that the multi-dimensional
difference between the two plans contributes to the positive relationship between mobility
tendencies and preferences for the DC plan rather than differences in vesting alone.

We also explore the sensitivity of our results to alternative sample restrictions that ex-
clude very young and very old workers for whom our main identification assumption, namely
that there are parallel time trends in the mobility of both age groups in the absence of the
transition to the DC plan, may be more tenuous. In Appendix C.3, we show both DC en-
rollment and 1-year mobility rates by year for a 5- and 10-year bandwidth on either side of
age 45 in Figure C.1. We also show our main estimation results for both of these restricted

samples in Table C.8. As shown in the figure, pre-transition mobility rates among those over
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and under age 45 are much more similar when limiting the sample to those between the ages
of 35 and 55 (10-year bandwidth) and even more so when the sample is limited to those
between 40 and 50 (5-year bandwidth). However, in both samples, mobility rates decline for
the Over 45 group relative to the Under 45 group.

These results are confirmed in the estimates presented in Table C.8. The 5-year band-
width samples produce estimates of Bg,0, that are similar in magnitude to those presented
in Table 2 when the whole sample is used; the estimates using the 10-year bandwidth are
slightly closer to zero. The (g4, estimates are also closer to zero for the restricted sample,
and thus the difference between Bgaoq and Bgnq4, for each bandwidth is comparable to that
estimated using the full sample. Due to the reduced power from the smaller sample size,
our tests for selection fail to reject the null hypothesis at the 5 percent level when age and
year fixed effects are included in the regressions. The null hypothesis may also differ due
to attenuation of the Bga. estimates. However, the results generally provide evidence that
differences in mobility rates for very young and very old workers are not driving our main
results.

Finally, we describe in Appendix D an alternative approach to addressing endogeneity in
our nonlinear model — the Local Average Response Function (LARF) approach (Abadie,
2003). We provide an overview of the method in Appendix D.1 and report results in Ap-
pendix D.2. The results in Tables D.9-D.11 are nearly identical to those of Tables 2-4. While
the first row in the respective tables are by construction identical, the second rows rely on
distinct approaches to accounting for endogeneity — in the case of 2SRI we rely on a control
function approach, while in the case of LARF we use a reweighting procedure.?* Technically,
the similarity between the results may suggest that the effect among the “complier” popu-
lation is similar to the average treatment effect. This may not be too surprising, given the
fact that our first stage regression implies that more than half of the population are among

the “complier” group.

24In the case of a linear probability model, both approaches are equivalent to 2SLS. However, in the
context of a nonlinear model, the difference between these approaches is nontrivial.
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6 Conclusion

The effect of a widespread transition in the employer-provided pension plan landscape from
DB to DC plans on employee mobility has been a subject of interest among policymakers and
academics because of the large number of firms and employees affected. Since DB pension
wealth is typically tied more closely to tenure as compared to DC plans, conventional wis-
dom supports the idea that DC plans will induce higher mobility. However, this conclusion
is complicated by the potential role of selection into employers and plan offerings by em-
ployees with differing underlying mobility tendencies. The effect of plan type on mobility is
further confounded by the multi-dimensional difference between DB and DC plans, including
features, such as individual control, liquidity, and transparency, that may make DC plans
desirable enough to increase retention at firms with these plans.

In this paper, we exploit a natural experiment that created random variation in pension
plan enrollment, in order to study the effects of pension plan type on employee mobility. We
develop an empirical model that helps us interpret the results from our analysis in the context
of separate, and possibly countervailing, incentive and selection effects. This framework
provides predictions regarding the different effects of endogenous and exogenous pension plan
enrollment as they relate to the role of selection on mobility tendencies. Our identification
strategy relies on the assumption that employees exogenously induced to remain in the DB
plan (i.e., employees age 45 or older) did not have underlying mobility tendencies that were
different from employees who were exogenously induced to switch to the DC plan (i.e.,
emploeyes younger than age 45) before and after the employer’s plan transition in 2002. Our
empirical results combined with insights from our model indicate that preferences for DC
plans are positively related to unobservable mobility tendencies.

While extrapolating from our single employer context to other settings may warrant
caution, there are reasons to believe that our findings have some external validity. First,
our theoretical framework allows us to intuitively consider how our results would vary in

a setting with a more traditional, backloaded DB. Second, the employer in our study, a
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large university, features a diverse set of occupations covering a wide range of skill sets and
responsibilities, making the results potentially applicable to a larger set of employers. At
the same time, this employer offers more generous benefits relative to most private sector
employers, which limits generalizability.

Our findings have a number of implications for mobility and the transition from DB to
DC plans. First, our results provide evidence of positive selection into DC plans over DB
plans based on mobility tendencies, implying that at least part of the relationship between the
transition and increased job mobility is due to selection, and not fully caused by differences in
portability or accrual patterns across plan type. Taken directly, our finding implies that the
selection effect is at least 3.6 percentage points — approximately half the one-year turnover
rate in our setting. Comparing this to past findings that DC plans are associated with lower
job tenure, on average, relative to DB plans (Munnell, Haverstick and Sanzenbacher, 2006),
our results imply that the selection effect would fully explain this difference, although such
a direct comparison warrants great caution.””

Second, because the transition we examine takes place within an employer among a set
of covered workers, we can rule out the possibility that the differences in mobility we find are
driven by compensating premiums, which have been used to explain a potentially large part
of the mobility differences between covered and uncovered workers (Gustman and Steinmeier,
1993). Third, we find evidence that, counter to conventional wisdom, DC plans may reduce
mobility relative to DB plans. This suggests that one should not simply characterize the
difference in plan features between DB and DC plans in terms of portability and accrual;
rather, it is important to recognize that the differences are multi-dimensional, including
differences in risk exposure, liquidity, and transparency, for example. Finally, we find that
the incentive and selection effects work in opposite directions in our context. This finding

combined with the multi-dimensional difference between the plans highlight the need for

Z>Munnell, Haverstick and Sanzenbacher (2006) find that employees in a DB-only (DC-only) plan have 4.0
(2.7) years more tenure, on average, relative to a baseline average job tenure of 8.4 years. If a constant hazard
rate is assumed, the implied difference in hazard rates between DC and DB plans would be approximately
1.0 percentage points.
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additional research to identify the role of rational and behavioral factors in the relationship

between pension plan type and employee mobility.
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Figure 1: DC Plan Enrollment and Probability of Leaving within One Year by Default
Assignment: 1999-2002

8 <

(\! .

.-®
o e 2
1999 2000 2001 2002
Fyear
e Overds —e— Underds
(a) DC Plan Enrollment

¥ ]

o |
="
T
L
>
<
£
B
22
@
Q
)
&3 s

o .
<
B T
1999 2000 2001 2002

Fyear

[—e— Over4s = Underds |

(b) Probability of Leaving within One Year

Notes: Over 45 represents employees age 45 or older on September 1, 2002. Under 45
represents employees younger than age 45 on September 1, 2002. Employees over 45 were
defaulted to remain in the DB plan for 2002 and later, while employees under 45 were
defaulted to switch to the DC plan.
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Table 2: Effect of DC Plan on One-Year Leave Probability and Test for Selection

(1) (2) (3)
BEndo -0.022 -0.020 -0.020
(0.015)  (0.015)  (0.015)

B0 ~0.063**  -0.060*** -0.056***
(0.015)  (0.014)  (0.015)

Ho: Bendo < Breog 0.001  0.002  0.005

E[L;] 0.077 0.077 0.077
Controls No Yes Yes
Age FEs No No Yes
Year FEs No No Yes
N 4,153 4,134 4,134
First Stage F-stat 622 622 626

Note: Sample includes employees in the years 1999 - 2002. DC is instrumented for using the difference
in default pension plan type base on age of in 2001 — i.e. instrument is DC plan default. “Endogenous”
estimates are from a simple probit regression. “Exogenous” estimates are calculated using Two-Stage Resid-
ual Inclusion (2SRI) with a linear first-stage and probit second stage. Average partial effects are reported.
P-value for H reported for evaluating implication of Equation (7). Demographic controls include gender,
race, a cubic in tenure dummies, hours worked per year and base pay rate. Robust standard errors are
adjusted for first-stage estimation. * Significantly different at the 10% level; ** at the 5% level; *** at the
1% level.
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Table 3: Effect of DC Plan on Two-Year Leave Probability and Test for Selection

(1) (2) (3)
BEndo -0.024 -0.020 -0.021
(0.023)  (0.023)  (0.023)

ﬁEwog -0.128**  -0.126"** -0.121***
(0.019)  (0.019)  (0.020)

Hoy: Bendo < Breog 0.000  0.000  0.000

E[L;] 0.146 0.146 0.146
Controls No Yes Yes
Age FEs No No Yes
Year FEs No No Yes
N 3,137 3,123 3,123
First Stage F-stat 622 623 623

Note: Sample includes employees in the years 1999 - 2001 and 2002. DC is instrumented for using the
difference in default pension plan type base on age of in 2001 — i.e. instrument is DC plan default.
“Endogenous” estimates are from a simple probit regression. “Exogenous” estimates are calculated using
Two-Stage Residual Inclusion (2SRI) with a linear first-stage and probit second stage. Average partial
effects are reported. P-value for Hy reported for evaluating implication of Equation (7). Demographic
controls include gender, race, a cubic in tenure dummies, hours worked per year and base pay rate. Robust
standard errors are adjusted for first-stage estimation. * Significantly different at the 10% level; ** at the
5% level; *** at the 1% level.

37



Table 4: Effect of DC Plan on Three-Year Leave Probability and Test for Selection

(1) (2) (3)
BEndo -0.033 -0.029 -0.029
(0.025)  (0.025)  (0.025)

5E:Bog 0177 =017 -0.171
(0.027)  (0.026)  (0.027)

Hy: BEndo < BEzog  0.000 0.000 0.000

E[L;] 0.187 0.187 0.187
Controls No Yes Yes
Age FEs No No Yes
Year FEs No No Yes
N 2,040 2,039 2,039
First Stage F-stat 621 624 616

Note: Sample includes employees in the years 1999 and 2002. DC is instrumented for using the difference
in default pension plan type base on age of in 2001 — i.e. instrument is DC plan default. “Endogenous”
estimates are from a simple probit regression. “Exogenous” estimates are calculated using Two-Stage Resid-
ual Inclusion (2SRI) with a linear first-stage and probit second stage. Average partial effects are reported.
P-value for H reported for evaluating implication of Equation (7). Demographic controls include gender,
race, a cubic in tenure dummies, hours worked per year and base pay rate. Robust standard errors are
adjusted for first-stage estimation. * Significantly different at the 10% level; ** at the 5% level; *** at the
1% level.
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Table 7: Reduced Form and Placebo Regressions

(1) (2) (3)
One-Year Two-Year Three-Year

Baseline (Reduced Form) -0.040"**  -0.086***  -0.119***
(0.012)  (0.016)  (0.021)

2001 Placebo -0.004
(0.019)
2000 Placebo -0.028 -0.023

(0.019)  (0.026)

Age 32.5 Placebo -0.011 -0.032 -0.125**
(0.038) (0.050) (0.049)
Age 47.5 Placebo 0.002 -0.005 0.002
(0.021) (0.029) (0.040)
Age FEs Yes Yes Yes
Year FEs Yes Yes Yes
Controls Yes Yes Yes

Note: Samples vary according to specification. “Baseline (Reduced Form)” report reduced form results
for the baseline sample. “2001 Placebo” and “2000 Placebo” drop 2002 and 2001-2002 from the baseline
sample, respectively. “Age 32.5 Placebo” restricts the sample to ages 20-45. “Age 57.5 Placebo” restricts
the baseline sample to ages 45-70. Demographic controls include gender, race, tenure dummies, department,
hours worked per year and base pay rate. Standard errors are robust. * Significantly different at the 10%
level; ** at the 5% level; *** at the 1% level.
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Appendix A: Model Discussion

A.1 Potential Outcomes Framework

In this section, we derive the equations in Section 2 using a potential outcomes framework,
similar to Imbens and Angrist (1994). A distinct feature of our setting is that we will consider
a multivalued instrument. We have a discrete instrument, Z; € {0, 1,2}, which represents an
exogenous factor that may influence benefit enrollment. When Z; = 0, the default benefit is
the DB plan, but employees may switch into a DC plan. When Z; = 1 all employees must
enroll in the DB plan, and when Z; = 2 all employees must enroll in the DC plan. We make

the following assumptions regarding the exogeneity of the instrument Z;:

Assumption A.1 (Instrument Exogeneity).
1.1. Independence: {L;(B;(0),0),L;(B;(1),1),L;(B;(2),2),B;(0),B; (1), B;(2)} 1.Z;;
1.2. Ezclusion: L;(0,0) = L; (0,1) = L; (0) and L; (1,0) = L; (1,2) = L; (1).

Thus, the outcome of leaving is a function of benefit enrollment — L;(B;) = B; - L;(1) +
(1 - B;) - L;(0) — and benefit enrollment is a function of the instrument — B;(Z;) =
1{Z; =0} -B;(0) +1{Z; = 2}.

When enrollment is determined by the employee — i.e. Z; = 0 — the decision rule to

enroll is determined by Equation 2:

L if ¢ > ¢
B;(0) = (A1)

0 if gbz < G;.

We now derive Equation 5:

BEndo = ]E[LZ|BZ = 1721 = 0] —E[LZ|BZ = O,ZZ :O]

= E[Li(1)]Bi(0) = 1] = E[Li(0)] Bi(0) = 0]
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E[Li(1)] Bi(0) = 1] = E[L:(0)| Bi(0) = 1]

+{E[Li(0)] Bi(0) = 1] = E[L(0)| B;(0) = 0]}

E|[Li(1) — Li(0)| B(0) = 1]

B
H{E[Li(0)| Bi(0) = 1] — E[L;(0)| Bi(0) = 0]},

~~

ﬁSelection

In the second line, we have relied on Assumptions 1.1 and 1.2.

(A.2)

In the exogenous case the employer’s nudge completely determines enrollment in the new

benefit — B;(1) = 0 and B;(2) = 1. We can thus show, as in Equation 6, that:

BEmog

where in the second line, we have again relied on Assumptions 1.1 and 1.2.

A.2 Derivation of a Lower Bound on the Selection Effect

E[L|B;=1,7 =2 —~E[L| B =0,2 = 1]
E[L;(1) — L:(0)]

Pr(B;(0) = 0) - E[L;(1) — L;(0)| B;(0) = (]

J

-~

Bo
+Pr(Bi(0) =1) - E[Li(1) — Li(0)] Bi(0) = 1]

>4

g

B1
moBo + ™1 B,

(A.3)

As mentioned in Section 2 in the text, we can use the observed relationship between benefit

enrollment and leaving under two distinct choice scenarios to establish a lower bound on the

selection effect. We formally state this in the following proposition:

Proposition 1. If the quasi-ezperimental estimate defined in Equation 6 is positive (i.e.

BEzog > 0) and the treatment on the treated is negative (i.e. $y < 0), OR if exogenous benefit

enrollment increases leave propensity by more among those who would not have endogenously

enrolled relative to those who would have enrolled (i.e. By > 1), then the difference between
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the endogenous (Equation 5) and exogenous (Equation 6) estimates is bounded from above

by the selection effect defined in Equation 5. That is:

ﬁE’ndo - ﬁEmog < B,S'election- (A4)

Before proving Proposition 1, we establish a useful lemma:

Lemma 1 (Selection and Observational Correlations). If the treatment on the treated is
negative (i.e. 1 < 0), then the observed difference in leave probabilities by benefit type (B;)

defined in (5) is bounded from above by the selection effect defined in (5). That is:

ﬁEndo S BSelection (A5)

The implication of Lemma 1 is that if we observe a positive correlation between the
probability of the leaving the firm and endogenous enrollment in the new benefit (i.e. SBgnao >
0), then we can sign the selection effect as positive (i.e. Bserection > 0). This result is
asymmetric, in that a negative correlation (i.e. Bgnqo < 0) is not informative about the sign

of the selection effect.

Proof.

BE'ndo = ﬁl—i_BSelection

S ﬁSelection

where the first line was shown in Equation 5 and, in the second third line, we have used the

assumption £; < 0. n

The assumption that 8; < 0 is guaranteed in this version of the model, due to the nonnegative
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enrollment cost. To see that, note:

B = E[Li(1)| Bi(0) = 1] = E[Li(0)] B;(0) = 1]
= Pr(m; > ¢il¢i > ¢;) — Pr(m; > 0[|¢; > ¢;)
< Pr(m; >0|¢; > ¢;) — Pr(m; > 0|¢; > ¢;)

= 0,

where the second line follows from Equation 4, and in the third line, we used the fact that
¢i > ¢; — ¢; > 0, since ¢; is nonnegative.?® Thus, the endogenous effect is bounded above
by the selection effect. It follows that a necessary condition for observing a positive Sgyq, is
a positive selection effect.

We now prove Proposition 1.:

Proof. Recall from Equation 6 that:

ﬁEzog - 7T161+7TOB0

Also, recall from above that SBgngo = B1 + Bsetection. Next, the difference between Sg,q0

and Bpgog gives:

BEndo - 6E:):og = 61 + ﬁSelection - 7"-151 - 71-050
= BSelection + (1 - 7Tl) 61 - 7TOﬁO

= ﬁSelection + o [ﬁl - 50]

If the second term in brackets, [$1 — (o], is negative, then the results follows. We have focused

on two sufficient conditions for this term to be negative. First, note that if Sgz0 > 0, then

26Below in Section A.3 we relax the assumptions that ensure $; < 0 and show that our main result still
holds.
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we have:

0 < Pprog
— mBi + mofo
= P —mo[fr — Bl
< —mo [A1 = Pol

— [fi—F) < 0

where in the fourth line we have used the assumption that g; < 0. Alternatively, we can

just assume that [3; — o] is negative. In either case, the result follows. O

The assumption that [5; — (o] is negative will in general be true if the new benefit is
less likely to make those who would choose the benefit leave the firm than those who would
not choose the benefit if given the choice. It makes sense that those for whom values of
¢; are high are less likely to have m; > ¢;, which is how this condition is represented in
our model. However, this is not guaranteed to be negative and one could construct counter
examples. When this assumption is true, we have the result and a necessary condition for
BEndo — BEzog = 0 is that Bseiection > 0.

A couple of points are worth making about our stylized model. First, it may appear that
the dynamics are completely suppressed in our model. In particular, we introduce a friction
in decision-making by requiring the enrollment decision to be made before the leave decision,
and furthermore do not model forward-looking behavior at the enrollment stage. However,
the friction is meant to capture uncertainty about the future leave decision, or at least about
the time span between enrollment and leaving. In addition, we can allow for the enrollment
decision to be correlated with the leave decision directly through a correlation between ¢

and m, which we have thus far left unrestricted.?”

27In fact, if we had not allowed any friction, then our model would generate the unrealistic prediction that
no one who enrolls then leaves the firm, as it would not be optimal to pay the cost of enrolling knowing that
one would be leaving the firm.
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Second, we have to this point modeled a new benefit that only affects mobility, m, through
its effect on E [V; (w;, B;)]. However, the new benefit we examine in our context (the DC
plan) has the potential to directly affect mobility, for example, by reducing or eliminating
the vesting requirement for retirement benefits. This can be modeled by allowing 7;, the
employment switching cost, to be a function of B;. We have abstracted here from that
interaction. However, we show next in Appendix A.3 that Proposition 1 still holds in this

case, so long as we still assume that Sy > f;.

A.3 Allowing for a Direct Effect of Benefit Enrollment on Mobility

In the previous section, we restricted the effect of the new benefit on m to an effect on
E [V; (w;, B;)]. We now show that an amended version of Proposition 1 still holds once this
restriction is relaxed. We now define a new “mobility” parameter, m, as the value of mobility,
net the switching cost

tie = B[V (wf, BY)] — E[Vi(w,,0)].

Furthermore, we now allow the employment switching cost to be a function of benefit enroll-
ment, B;. Without loss of generality, we normalize the switching cost to zero in the absence

of the new benefit and define this new function 7 (B;) as follows:

ni(Bi) = B;-n;

It follows that the net benefit of mobility is now:

mgi = 1M — 1,
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and the decision to leave is now made according to the following rule:

L if (@i +m) - By <my

Heterogeneity is now captured by the quadruplet (¢, c,m,n). The incentive effect is now
¢ + n, and without any further restrictions on 7, Lemma 1 no longer holds. In particular,
notice that the when 7; < 0, the benefit enrollment may increase the likelihood of leaving the
firm. That is, we may have 5; > 0. This is the case, for example, when the new benefit does
not have as demanding a vesting requirement. Nonetheless, the following, amended version

of Proposition 1 is obtained:

Proposition 1a (Selection, Observational Correlations and Quasi-Experimental Estimates
with Direct Mobility Effects). If exogenous benefit enrollment increases leave propensity by
more among those who would not have endogenously enroll relative to those who would have
enrolled (i.e. By > (1), then the difference between the endogenous (Equation 5) and exoge-
nous (Equation 0) estimates is bounded from above by the selection effect defined in Equation

5. That 1s:

BEndo - ﬁExog S 5Selection

Proof. To prove this, we use the same steps as above to show:

BEndo - ﬁEmog = ﬁSelection + 7o [ﬁl - 50] )

and the result follows. O

A.4 Derivation of Lower Bound when a LATE is Estimated

As mentioned in Section 2, our results require an estimate of the average treatment effect,

BEzog, and our method of 2SRI technically recovers an average treatment effect. However,
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one may alternatively interpret our estimates as a local average treatment effect (LATE),
which is a common interpretation of IV estimates (see e.g. Imbens and Angrist, 1994). In
that case, we must use additional assumptions to establish a lower bound on the selection
effect. To see this, redefine the instrument Z; as a binary variable that takes a value of zero
when the default is the DB plan and one when the default is the DC plan. We define the
subpopulation of compliers as those who would enroll in the DB in the absence of this default,
but who enroll in the DC plan in the presence of it — i.e. those for whom B;(1) > B;(0).
The LATE, then, is defined as follows:

Brare = E[L;(1) — L;(0)| B;(1) > B;(0)] . (A.6)

Note that our previously define treatment on the untreated, [y is related to the LATE

as follows:

Bo

E[Li(1) = Li(0)| B;(0) = 0]
= Pr(Bi(1) > Bi(0)] B;(0) = 0) - E[L;(1) — Li(0)] Bi(1) > B;(0)]

+Pr(Bi(1) = Bi(0) = 0[ Bi(0) = 0) - E[Li(1) = Li(0)| Bi(1) = Bi(0) = 0]

TC TNT
= = 4+
7Tc+7TNT/BC 7Tc+7TNTﬁNT
TC TNT
= ———Brare + By, (A.7)
TC +7TNT TC

where the “C” subscript denotes the complier subpopulation and the “NT” subscript refers
to the “never-taker” subpopulation — those for whom B;(0) = B;(1) = 0. Rearranging

terms from Equation (A.7), we have:

+
Brare = fo T ANT Bo — T Byt
TC (]
T
= [o— —ﬂ]_VCT (Bnr — Bo) - (A.8)
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Suppose that Bgzog = Brare, then our key derivation is altered:

T
BEndo - BEJ:og = 61 + ﬁSeZection - ﬂO + TI'LCT (BNT - BO)

= BSelection + (51 - 50) + 7:_(]_V_CT (BNT - BO) (Ag)

The assumption that Sy > 1 is now no longer sufficient to establish a lower bound, but
rather we require that the sum of the second and third terms in (A.9) be negative.

In the main text, we maintain the assumption that our method recovers an average
treatment effect. In a literal sense, the assumptions required to implement our 2SRI method
imply that our estimates recover an average treatment. In addition, the standard results that
equate IV estimates to a local average treatment effect, e.g. Imbens and Angrist (1994), do
not technically apply in the case of a nonlinear specification, such as ours.

However, as we show below in Appendix D, there is an analogous method, the local
average response function (LARF) method, that recovers an average treatment effect among
the compliers, even in the case of a nonlinear specification. In that case, our empirical
estimates are nearly identical to those using the 2SRI method. This either suggests that
the effect among the compliers is comparable to the average treatment effect, or that the
variation used to identify the 2SRI essentially recovers a local effect. In the former case, we
are justified in interpreting our effect as an average treatment effect, while in the latter case,
we are not.

Even if our method only identifies a local treatment effect, we have two additional argu-
ments as to why our lower bound is likely to still hold. First, should the third additional
term in Equation A.9 be positive, it is attenuated by a factor or myr/mc which is roughly 1/3
in our sample, given our first stage results (available upon request). Second, we estimate the
average characteristics of the complier subpopulation in Appendix A.5 below. In Table A.1
we compare the complier population to the general sample. We find evidence that compliers

are lower tenured, and more likely to be Hispanic than the general sample; however, there
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is no evidence that they differ in their weekly hours, annual salary, or gender.

A.5 Complier Analysis

We provide some characteristics of the complier population by using the method described
in Autor and Houseman (2005) to estimate the characteristics of the marginal DC enrollee,
and report the results in Table A.1. Column (1) reports the means of various observable
characteristics in our sample. Column (2) reports the estimated average characteristic of the
“compliers,” or those individuals who would not have enrolled in the DC plan were it not
for the fact that they were defaulted into the DC plan. Column (3) reports the difference

along with standard errors. In all cases, the estimates are regression-adjusted for age.
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Table A.1: Estimated Complier Characteristics

(1)

Sample Average

Female = 1

Black

Hispanic

Asian/Am. Indian/Other

Tenure

Weekly Hours

Salary (in $1,000s)

N

0.162+%*
(0.006)

0.107***
(0.005)

0.278"*
(0.007)

0.158"*
(0.006)

11.079**
(0.143)

39573
(0.040)

46.584%+
(0.201)

4,153

(2) (3)
Complier Mean Difference
0.172%* -0.010
(0.032) (0.031)
0.116™* -0.009
(0.025) (0.024)
0.431** -0.154***
(0.040) (0.039)
0.117* 0.041
(0.030) (0.030)
6.763"* 4.316**
(0.469) (0.476)
39.458*** 0.115
(0.211) (0.206)
45.776** 0.808
(1.064) (1.047)
4,153 4,153
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Appendix B: Two-Stage Residual Inclusion (2SRI)

Here we demonstrate the control function approach, Two-Stage Residual Inclusion (2SRI)
(Terza, Basu and Rathouz, 2008, e.g. see). Suppose we have a binary outcome, Y;, a key
regressor of interest D;, a set of predetermined covariates X; and an instrument Z;. The

binary outcome is modeled using a standard probit model:
Y, = I{S\Di—klei—Irui >0} (B.10)
Under the assumption that u; ~ N (0, 1) is independent of (D;, X;), we have the following:
E[Y| D, Xi] = ® (XDi + lei) (B.11)

However, we are interested in the case where D; may be and endogenous regressor, i.e. Dy
and u; may be correlated. In this case, the naive probit regression of Y; on D; and X; will
be inconsistent, and in particular, the coefficient on D; will be biased. Let (A*,I'{) be the
parameters estimated from the naive probit regression. Define the average partial effect of

D; on Y; using the parameters from this naive regression as:
Pento = E[® A +T7X)] - E[®(I7X)]. (B.12)

The average partial effect will, by extension, also be biased. Consider the following ancillary

regressions:

u; = dvi—l—ei, (B14)

where & # 0 captures the endogeneity of D;. We make the following identifying assumptions:

Assumption B.1 (2SRI).
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B.1.1. First Stage: v # 0.
B.1.2. Independence 1: Conditional on X;, Z; is independent of (u;, v;, €;).
B.1.3. Independence 2: v; is independent of e;.
We now demonstrate identification of the average partial effect of D; on Y;. First, sub-
stitute for u; in (B.10) using (B.14) and we have:

Note that the error term e; is independent of the regressors. By normality of u;, we have

e; ~ N (0,0.). Applying standard probit regression results, we have:
E[Y| D, Xi,v] = Pr <5\DZ- + DX+ av; + e > o)

Oe Oe

A 1 g

0-6
We do not directly observe v;, but we can obtain a consistent estimate using the residuals
from a linear regression of D; on Z; and X;, as per (B.13). We then estimate a probit

regression of Y; on D;, X; and the estimated v;. The parameters from the probit estimation

of (B.16) are then used to calculate the average partial effect of D; on Y;:
BExog = E[(I) ()\ + Fle + Oél)i) —-® (Ple + Oé’UZ') ] . (Bl?)

The variance covariance matrix for the estimate parameters are adjusted for the two-step
procedure, using standard results (Newey and McFadden, 1994). Standard errors for the

average partial effect are obtained via the delta method.
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Appendix C: Supplemental Results

C.1 Robustness to Age Definition

Table C.2: Effect of DC Plan on One-Year Leave Probability and Test for Selection, Alter-

native Age Comparison

(1)

(2)

(3)

5Endo -0.016
(0.016)

Braog -0.054"
(0.017)

HO: /BEndo S ﬁE:vog 0.005

E[L;] 0.077
Controls No
Age FEs No
Year FEs No
N 4,164
First Stage F-stat 622

-0.013
(0.016)

-0.049**
(0.017)

0.012

0.077

4,145
621

-0.015
(0.016)

-0.045"
(0.018)

0.031
0.077
Yes
Yes
Yes

4,145
628

Note: Sample includes employees in the years 1999 - 2002. DC is instrumented for using the difference

in default pension plan type base on age of in the current year — i.e.

instrument is DC plan default.

“Endogenous” estimates are from a simple probit regression. “Exogenous” estimates are calculated using
Two-Stage Residual Inclusion (2SRI) with a linear first-stage and probit second stage. Average partial effects
are reported. P-value for Hy reported for evaluating implication of equation 7. Demographic controls include
gender, race, a cubic in tenure dummies, hours worked per year and base pay rate. Robust standard errors
are adjusted for first-stage estimation. * Significantly different at the 10% level; ** at the 5% level; *** at

the 1% level.
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Table C.3: Effect of DC Plan on Two-Year Leave Probability and Test for Selection, Alter-
native Age Comparison

(1) (2) (3)
BEndo -0.012 0.001 -0.004
(0.024)  (0.025)  (0.024)

BEzog -0.110"*  -0.097***  -0.093***
(0.022)  (0.024)  (0.024)

Hoy: Bendo < Breog 0.000  0.000  0.000

E[L;] 0.146 0.146 0.146
Controls No Yes Yes
Age FEs No No Yes
Year FEs No No Yes
N 3,146 3,146 3,146
First Stage F-stat 622 618 624

Note: Sample includes employees in the years 1999 - 2001 and 2002. DC is instrumented for using the
difference in default pension plan type base on age of in the current year — i.e. instrument is DC plan
default. “Endogenous” estimates are from a simple probit regression. “Exogenous” estimates are calculated
using Two-Stage Residual Inclusion (2SRI) with a linear first-stage and probit second stage. Average partial
effects are reported. P-value for Hy reported for evaluating implication of equation 7. Demographic controls
include gender, race, a cubic in tenure dummies, hours worked per year and base pay rate. Robust standard
errors are adjusted for first-stage estimation. * Significantly different at the 10% level; ** at the 5% level;
*** at the 1% level.
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Table C.4: Effect of DC Plan on Three-Year Leave Probability and Test for Selection,
Alternative Age Comparison

(1) (2) (3)
BEndo -0.014 0.004 0.000
(0.026)  (0.027)  (0.027)

BEzog -0.140"*  -0.114*** -0.110***
(0.032)  (0.035)  (0.036)

Hoy: Bendo < Breog 0.000  0.000  0.000

E[L;] 0.188 0.188 0.188
Controls No Yes Yes
Age FEs No No Yes
Year FEs No No Yes
N 2,049 2,038 2,038
First Stage F-stat 621 590 592

Note: Sample includes employees in the years 1999 and 2002. DC is instrumented for using the difference
in default pension plan type base on age of in the current year — i.e. instrument is DC plan default.
“Endogenous” estimates are from a simple probit regression. “Exogenous” estimates are calculated using
Two-Stage Residual Inclusion (2SRI) with a linear first-stage and probit second stage. Average partial effects
are reported. P-value for Hy reported for evaluating implication of equation 7. Demographic controls include
gender, race, a cubic in tenure dummies, hours worked per year and base pay rate. Robust standard errors
are adjusted for first-stage estimation. * Significantly different at the 10% level; ** at the 5% level; *** at
the 1% level.
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C.2 Robustness to Vesting Status

Table C.5: Effect of DC Plan on One-Year Leave Probability and Test for Selection, Vested

Sample

(1)

(2)

(3)

BEndo -0.026*
(0.015)
BEzog -0.049**
(0.015)
HO: /6Endo S ﬁEmog 0.078
E[L;] 0.060
Controls No
Age FEs No
Year FEs No
N 2,688
First Stage F-stat 380

-0.024
(0.016)

-0.049"*
(0.015)

0.084

0.060

2,630
372

-0.024
(0.016)

-0.046***
(0.016)

0.096
0.060
Yes
Yes
Yes

2,630
373

Note: Sample includes employees in the years 1999 - 2002 who have at least 5 years of service. DC is
instrumented for using the difference in default pension plan type base on age of in 2001 — i.e. instrument
is DC plan default. “Endogenous” estimates are from a simple probit regression. “Exogenous” estimates
are calculated using Two-Stage Residual Inclusion (2SRI) with a linear first-stage and probit second stage.
Average partial effects are reported. P-value for Hy reported for evaluating implication of equation 7.
Demographic controls include gender, race, a cubic in tenure dummies, hours worked per year and base pay
rate. Robust standard errors are adjusted for first-stage estimation. * Significantly different at the 10%
level; ** at the 5% level; *** at the 1% level.
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Table C.6: Effect of DC Plan on Two-Year Leave Probability and Test for Selection, Vested
Sample

(1) (2) (3)
BEndo -0.034 -0.033 -0.034
(0.025)  (0.025)  (0.024)

6Exog -0.102**  -0.106*** -0.103***
(0.024)  (0.022)  (0.023)

Hoy: Bendo < Breog 0.003  0.003  0.004

E[L;] 0.126 0.126 0.126
Controls No Yes Yes
Age FEs No No Yes
Year FEs No No Yes
N 2,023 2,004 2,004
First Stage F-stat 380 376 372

Note: Sample includes employees in the years 1999 - 2001 and 2002 who have at least 5 years of service. DC
is instrumented for using the difference in default pension plan type base on age of in 2001 — i.e. instrument
is DC plan default. “Endogenous” estimates are from a simple probit regression. “Exogenous” estimates
are calculated using Two-Stage Residual Inclusion (2SRI) with a linear first-stage and probit second stage.
Average partial effects are reported. P-value for Hj reported for evaluating implication of equation 7.
Demographic controls include gender, race, a cubic in tenure dummies, hours worked per year and base pay
rate. Robust standard errors are adjusted for first-stage estimation. * Significantly different at the 10%
level; ** at the 5% level; *** at the 1% level.
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Table C.7: Effect of DC Plan on Three-Year Leave Probability and Test for Selection, Vested
Sample

(1) (2) (3)
BEndo -0.056**  -0.051*  -0.052*
(0.028)  (0.028)  (0.028)

BEzog -0.149"*  -0.152"**  -0.148***
(0.034)  (0.031)  (0.033)

Hoy: Bendo < Breog 0.001  0.000  0.001

E[L;] 0.171 0.169 0.169
Controls No Yes Yes
Age FEs No No Yes
Year FEs No No Yes
N 1,361 1,354 1,354
First Stage F-stat 380 372 361

Note: Sample includes employees in the years 1999 and 2002 who have at least 5 years of service. DC is
instrumented for using the difference in default pension plan type base on age of in 2001 — i.e. instrument
is DC plan default. “Endogenous” estimates are from a simple probit regression. “Exogenous” estimates
are calculated using Two-Stage Residual Inclusion (2SRI) with a linear first-stage and probit second stage.
Average partial effects are reported. P-value for Hj reported for evaluating implication of equation 7.
Demographic controls include gender, race, a cubic in tenure dummies, hours worked per year and base pay
rate. Robust standard errors are adjusted for first-stage estimation. * Significantly different at the 10%
level; ** at the 5% level; *** at the 1% level.
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C.3 Robustness to Bandwidth

Figure C.1: DC Plan Enrollment and Probability of Leaving within One Year by Default

Assignment: 1999-2002, Alternative Bandwidths
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Notes: Over 45 represents employees age 45 or older on September 1, 2002. Under 45
represents employees younger than age 45 on September 1, 2002. Employees over 45 were
defaulted to remain in the DB plan for 2002 and later, while employees under 45 were
defaulted to switch to the DC plan.
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Table C.8: Effect of DC Plan on One-Year Leave Probability and Test for Selection, Alter-
native Bandwidths

(1) (2) 3 | @ (5) (6)
BEndo -0.009 -0.009 -0.008 -0.014 -0.014 -0.014
(0.023) (0.022) (0.023) (0.017) (0.017) (0.016)
BEzog -0.057**  -0.058*** -0.052** | -0.046™* -0.046™** -0.042**
(0.022) (0.022) (0.022) (0.017) (0.016) (0.017)
Hy: BEndo < BExzog 0.048 0.043 0.059 0.056 0.049 0.072
E[L;] 0.052 0.052 0.052 0.054 0.054 0.054
Controls No Yes Yes No Yes Yes
Age FEs No No Yes No No Yes
Year FEs No No Yes No No Yes
Bandwidth 5 5 5 10 10 10
N 1,499 1,499 1,499 2,584 2,584 2,584
First Stage F-stat 155 155 156 320 321 323

Note: Sample includes employees in the years 1999 - 2002. DC is instrumented for using the difference
in default pension plan type base on age of in the current year — i.e. instrument is DC plan default.
“Endogenous” estimates are from a simple probit regression. “Exogenous” estimates are calculated using
Two-Stage Residual Inclusion (2SRI) with a linear first-stage and probit second stage. Average partial effects
are reported. P-value for Hy reported for evaluating implication of equation 7. Demographic controls include
gender, race, a cubic in tenure dummies, hours worked per year and base pay rate. Robust standard errors
are adjusted for first-stage estimation. * Significantly different at the 10% level; ** at the 5% level; *** at
the 1% level.
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Appendix D: Local Average Response Function (LARF)

Results

D.1 Overview of Method

We consider an alternative approach to addressing endogenous regressors in the context of a
nonlinear, probit specification. In particular, we apply the Local Average Response Function
(LARF) approach to our context (Abadie, 2003). We recast our econometric model within
a potential outcomes framework. Let Y (D (Z),Z) be a binary outcome of interest, which
is a function of a binary treatment variable, D (Z) and a binary instrument, Z. Define Y}
and Y; as the potential outcomes, as a function of the treatment variable D. For a given
individual, the observed outcome is Y = DY; + (1 — D)Y;. Likewise, define the potential
treatments as D; and Dy, which are functions of the instrument Z. For a given individual,
the observed treatment status is D = ZD; + (1 — Z) Dy. Let X be a vector predetermined
covariates. Using the shorthand Y, = Y (d,z) for the potential outcomes, we make the

following assumptions regarding the instrument, Z:

Assumption D.1 (LARF).

D.1.1. Independence: Conditional on X, the random vector (Yoo, Yo1, Y10, Y11, Do, D1) is

independent of Z
D.1.2. Ezclusion: Pr(Yy = Yy X) =1 ford € {0,1}
D.1.3. First Stage: 0 <Pr(Z=1|X)<1 and Pr(D, =1|X) > Pr(Dy = 1| X)
D.1.4. Montonicity: Pr(D, > Dy| X) =1

Abadie (2003) shows that the instrument Z can be used to estimate a Local Average
Response Function (LARF). We briefly sketch the results from Abadie (2003) and apply them

to our specific context. Let the average response function be E[Y (D)| X] — i.e. the average
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relationship between the expected outcome and treatment variable. We define the LARF as
E[Y (D)| X, D; > Dy] — i.e. the average response among the complier subpopulation, or
the group for whom D; > D,. Consider the following weight k:

D(1-2) (1-D)Z
- Pr(Z=0/X) Pr(Z=1X)

(D.18)

Let g (Y, D, X) be a general function with bounded expectation. Abadie (2003) proves that

under the assumptions above, we have the following:
E[g(Y,D,X)| D, > D] =E ﬁ-g(YyD,X) (D.19)
K

In words, we can estimate any statistical moment among the subpopulation of compliers by
using a weighted expectation over the entire population. Intuitively, the LARF generalizes
the classic Local Average Treatment Effect (LATE) (Imbens and Angrist, 1994) to a broad
class of nonlinear models. Indeed, if we were to model our outcome using a linear probability
model the LARF and 2SLS LATE estimates are identical.

In our context, we assume the local average response function takes on a probit form:
E[Y(D)|X,D1 > D()] = q)()\LARFD+FLARFX> (DQO)
The parameters of interest maximize a probit likelihood function among compliers:

(Aparr, L'parr) = argmaxE|Y In® (AD +I'X)
AT

—(1-Y)In(1-®(AD+TX)) 'Dl > DO} (D.21)

We cannot estimate the sample analog of (D.21) because we do not simultaneously observe

Dy and Dy. However, using the result above in (D.19), we can yet recover the parameters
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as follows:

(Aparr,Cranp) = argmaxE {ﬁ (Y In® (AD + I'X)
—i—(l—Y)ln(l—(I)()\D—i—FX)))] (D.22)

The resulting parameters can thus be used to calculate an average partial effect among the
compliers:

Brarr = E[® (Aparr +TparpX) — @ (TrarrX) |Dy > Do)

E
K
In practice the weight x, and in particular Pr (Z = 1| X) must be estimated in a first stage.

We specify a linear model as follows:
Z =7mX+p. (D.24)

We then estimate the LARF parameters using the sample analog of (D.22). Inference is
performed accounting for the fact that the weight x is estimated in a first stage (Newey and
McFadden, 1994). The average partial effect in (D.23) now holds a causal interpretation
— the LARF function returns the ceteris paribus effect of variation in D on Y among a
consistent group, the compliers, and therefore does not suffer from the selection bias that
confounds the naive, endogenous regression in (10) in the text.

In our context, the outcome of interest is L;, the endogenous regressor is DC;, the set
of controls are (Post2002;, Under45;, X;) and the instrument is Post2002; x Under45;. We
approximate the endogenous average partial effect as before using the naive probit in (10)
and the exogenous average partial effect with Sparr. We then test the key inequality in
equation 7. Inference is adjusted to account for the sample correlation between these two

parameters.
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D.2 LARF Results

Table D.9: Effect of DC Plan on One-Year Leave Probability and Test for Selection, LARF
Estimates

(1) (2) (3)
BEndo -0.022 -0.020 -0.020
(0.015)  (0.015)  (0.015)

B0y -0.063**  -0.060*** -0.056"*
(0.013)  (0.014)  (0.015)

Hy: Bpndo < Brsog 0.001  0.002  0.005

E[L;] 0.077 0.077 0.077
Controls No Yes Yes
Age FEs No No Yes
Year FEs No No Yes
N 4,153 4,134 4,134
First Stage F-stat 622 622 626

Note: Sample includes employees in the years 1999 - 2002. DC is instrumented for using the difference
in default pension plan type base on age of in 2001 — i.e. instrument is DC plan default. “Endogenous”
estimates are from a simple probit regression. “Exogenous” estimates are calculated using Local Average
Response Function (LARF) with a linear first-stage and probit second stage. Average partial effects are
reported. P-value for Hj reported for evaluating implication of equation 7. Demographic controls include
gender, race, a cubic in tenure dummies, hours worked per year and base pay rate. Robust standard errors
are adjusted for first-stage estimation. * Significantly different at the 10% level; ** at the 5% level; *** at
the 1% level.
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Table D.10: Effect of DC Plan on Two-Year Leave Probability and Test for Selection, LARF
Estimates

(1) (2) (3)
BEndo -0.024 -0.020 -0.021
(0.023)  (0.023)  (0.023)

BEog 0,121 -0.120%**  -0.116***
(0.018)  (0.018)  (0.019)

Hy: Bendo < Brwog 0.000  0.000  0.000

E[L;] 0.146 0.146 0.146
Controls No Yes Yes
Age FEs No No Yes
Year FEs No No Yes
N 3,137 3,123 3,123
First Stage F-stat 622 623 623

Note: Sample includes employees in the years 1999 - 2001 and 2002. DC is instrumented for using the
difference in default pension plan type base on age of in 2001 — i.e. instrument is DC plan default.
“Endogenous” estimates are from a simple probit regression. “Exogenous” estimates are calculated using
Local Average Response Function (LARF) with a linear first-stage and probit second stage. Average partial
effects are reported. P-value for Hy reported for evaluating implication of equation 7. Demographic controls
include gender, race, a cubic in tenure dummies, hours worked per year and base pay rate. Robust standard
errors are adjusted for first-stage estimation. * Significantly different at the 10% level; ** at the 5% level;
K at the 1% level.
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Table D.11: Effect of DC Plan on Three-Year Leave Probability and Test for Selection,
LARF Estimates

(1) (2) (3)
BEndo -0.033 -0.029 -0.029
(0.025)  (0.025)  (0.025)

BEzog -0.168™*  -0.170** -0.164"**
(0.027)  (0.026) (0.027)

Hy: Bendo < Brwog 0.000  0.000  0.000

E[L;] 0.187 0.187 0.187
Controls No Yes Yes
Age FEs No No Yes
Year FEs No No Yes
N 2,040 2,039 2,039
First Stage F-stat 621 624 616

Note: Sample includes employees in the years 1999 and 2002. DC is instrumented for using the difference
in default pension plan type base on age of in 2001 — i.e. instrument is DC plan default. “Endogenous”
estimates are from a simple probit regression. “Exogenous” estimates are calculated using Local Average
Response Function (LARF) with a linear first-stage and probit second stage. Average partial effects are
reported. P-value for Hj reported for evaluating implication of equation 7. Demographic controls include
gender, race, a cubic in tenure dummies, hours worked per year and base pay rate. Robust standard errors
are adjusted for first-stage estimation. * Significantly different at the 10% level; ** at the 5% level; *** at
the 1% level.
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