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Abstract

This paper describes and presents preliminary results from a dynamic microsimulation modeling project
underway at the Investment Company Institute (ICI1). The model is being developed to address several
different types of questions that arise in the context of pension policy, especially with respect to defined
contribution (DC) pension plans. The preliminary results described here focus on the labor force
participation, job transition, and pension access modules in the dynamic microsimulation. The results
show, for example, that observed patterns of labor market transitions lead to outcomes where most people
will reach their late fifties without having accumulated significant tenure at any particular job. The policy
implication is that the portability of DC pensions should be a first-order concern when thinking about the
desirability of various pension arrangements.
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I Introduction

During the last few decades pension coverage in the U.S. has shifted from primarily defined-benefit
(DB) to primarily defined contribution (DC) types of plans (Brady and Holden, 2007; Holden, Brady, and
Hadley 2006; Poterba, Venti, and Wise, 2007(A)). This shift has led to extensive research on the
desirability of various types of pensions, and some have raised concern that DC plans may be failing to
meet workers’ retirement needs (General Accountability Office, 2007). Studies have shown that the
guestion of how well any particular pension arrangement will meet employee retirement income goals is a
complicated one. The answer depends on a variety of factors ranging from pension plan parameters and

employee decisions to job turnover rates and resulting job tenure distributions.

This paper describes and presents some preliminary results from a research project underway at the
Investment Company Institute (ICI) that is focused on addressing questions in pension policy. In

particular, some of the questions this project will ultimately tackle include:

e Under what conditions might workers prefer DC to DB pension arrangements?

o What features of DC plan design are important for securing desired retirement outcomes?

o What is the relationship between pension and Social Security benefits across lifetime income

groups, and what does this imply about the need for extending pension coverage?

e How are conclusions about pension adequacy affected by measuring benefit outcomes for

households instead of individuals?

Dynamic microsimulation is a good way to address the overarching (and complicated) question of
how pension arrangements interact with underlying labor market dynamics to determine retirement
outcomes. A dynamic microsimulation model begins with a representative sample of the population as of
some base year, then projects “transitions” for that sample of people forward through time. These

transitions include demographic processes (such as birth, immigration, marriage, partner assignments,



health shocks, death) and economic outcomes (labor force entry and exit, job change, saving and wealth
accumulation). One set of economic outcomes that can be simulated in a dynamic microsimulation
approach is the accumulation of pension balances (DC plans) or the rights to future benefits (DB plans)
though there are several steps needed to make those sorts of projections. Those steps include predicting
labor force participation, earnings, job type, pension coverage, pension type, pension plan parameters,

employee participation, and (if the plan is DC) employee contribution and rollover decisions.

Dynamic microsimulation is a direct way to investigate how underlying individual characteristics
interact with pension plan parameters to determine outcomes. In particular, this approach can show how a
particular pension arrangement may be very good for certain people but not others. For example, DB
plans may work well for people who expect to have a long tenure with their employer, but DC may work
much better for people who change jobs frequently. Taking this one step further, a dynamic
microsimulation is also a very good way to investigate how changes in pension plan policy or individual
behavior will affect retirement outcomes. Examples of those types of objectives include studying the
impact of regulatory proposals or plan-manager decisions about how to structure incentives for

participants.

The model under development at the ICI is in a rudimentary state, as described in the next section.
The basic demographic processes are in place, including births, deaths, and immigration such that the
projected population is representative (that is, consistent with Census projections) through the year 2050.
However, other demographic transitions including marital status changes, partner assignments, fertility,
and health status are not yet included. The basic demographics are sufficient to support simple labor
force, job change, and pension access modules, as described in subsequent sections. Even though these
labor force and pension modules are very stylized, the implications for distributional analysis of pension
policy come through very clearly. In particular, given observed high rates of job turnover, portability of

pension-rights accumulation is a first-order distributional concern.



1. Model Overview and Status Report

The results presented in this paper are the first to come out of the dynamic microsimulation model
under development at ICI. This section of the paper describes the modeling effort in very general terms,
with two particular objectives. The first objective is to describe how the model builds upon successes and
borrows ideas from other dynamic microsimulation modeling projects. The second objective is to explain
how the rudimentary labor force and pension access modules described in subsequent sections fit into the

overall plan for the modeling project.

The ICI dynamic microsimulation is being developed with important insights from several other
successful and on-going efforts. The first is the Social Security Administration’s Modeling Income in the
Near Term, or MINT model (Smith, Favreault, Ratcliffe, Butrica, Toder, and Bakija 2007). Like MINT,
the ICI model is focused on generating a comprehensive view of retirement outcomes that will inform
public policy. Also, like MINT, the ICI model uses data from the Survey of Income and Program
Participation (SIPP) for both the input file and for estimating transition equations. MINT uses several
SIPP panels from the 1990s linked to administrative data records, while the ICI model is currently based

on the 2001 to 2003 SIPP and does not have the advantage of links to other data.

The ICI model also shares features and insights from the Urban Institute’s DYNASIM model
(Favreault and Smith, 2004). Like DYNASIM, the ICI model generates a representative population that
matches Census projections going forward through time, meaning births, deaths, and immigration are all
key modules. One important benefit of a representative population is the ability to aggregate outcomes,
which ties together distributional and (for example) budgetary outcomes. Thus, one can use the model to
simultaneously investigate the cost of a proposal and its impact on (say) poverty rates. Another feature of
DYNASIM built into the ICI effort is the approach of systematically drawing observations using sample
weights from a data set like the SIPP in order to generate the unweighted sample (where each observation,

for example, represents 1000 people) that works best in these sorts of models. Having an unweighted



sample matters a great deal when implementing marriage and other demographic modules, because it

avoids the need to split weights.

One key focus of the ICI model that sets it apart from MINT and DYNASIM is a very specific focus
on job transitions and pension outcomes. In order to meet these goals, the model borrows heavily from
insights that come out of the Policy Simulation Group’s PENSIM model developed for the U.S.
Department of Labor (Holmer, Janney, and Cohen, 2008).! For example, one feature of PENSIM that
plays an important role in the next section is how job duration is modeled. PENSIM uses a “hazard”
approach for setting job length, while the ICI model focuses on the probability of job change given
tenure. Interestingly, both approaches generate distributions of job tenure that are consistent with BLS

estimates, which suggests they are just two ways to look at the same question.

The other dynamic microsimulation project that had a big influence on the design of the ICI model is
the Congressional Budget Office Long-Term (CBOLT) model (see, for example, Harris, Sabelhaus, and
Schwabish 2006). From CBOLT, the ICI model inherits its general programming philosophy, its
integrated micro/macro environment, and the ability to solve repeatedly using stochastic macro variables.
The programming philosophy avoids packaged software in order to maintain efficiency, because a model
solved completely in RAM is many orders of magnitude faster than a model which continuously writes to
disk. Thus, the ICI model inherits from CBOLT the benefit of speedy solutions even with a sample size

of about 300,000 observations—the model solves forward fifty years in about one minute.?

Finally, one other modeling effort that is closely aligned with the current project is the EBRI-ICI
model (Holden and VVanDerhie, 2002). That earlier collaborative project uses an extensive database with

401(k) participant contribution, balance, and loan activity to focus on how participation and accumulation

! It is worth noting that both MINT and DYNASIM use PENSIM-generated job spells linked to their projections
when assigning pension benefits.

2 Some features of the CBOLT framework and extension at ICI can also be traced back to the first author’s
experience with modelers in the U.K. Department for Work and Pensions in 2006. One feature that traces back to
that experience is the importance of using “external” equations, where coefficients and equation structure are
manipulated through (say) and Excel interface, so analysts can use the model without having to do any
programming.



parameters and/or decisions affect outcomes. Many of the important questions addressed by EBRI-ICI
will also be addressed in the current model, but the extension to a representative micro sample will

improve the usefulness for many applications.’

The second objective stated at the beginning of this section is to give an idea of how the model used to
generate results for this paper is related to the overall project goal. Figure 1 provides a side-by-side
comparison of the modules in the current model relative to a vision for the future. The rudimentary
model described in the next section should probably not be described as simple; it involves several
complicated modules for demographics and labor market/job transitions. Figure 1 shows that words like
“rudimentary” and “simple” are really contextual. The current version only seems simple when viewed

side-by-side with the more comprehensive model under development.

One useful take-away message from Figure 1 is that the limitation on available demographic variables
in the model imposes restrictions on the labor force and job equations of interest in the next section. The
current demographic modules only provide values for each person’s age, sex, education/in-school, and
immigrant status forward through time. (Although the SIPP data file used for the model has information
on health, marital status, fertility history, and partner characteristics, those characteristics are not yet
simulated forward through time in the model). That means the independent variables in the labor force,
job, and pension equations do not include some obvious determinants, like marital status and the age
distribution of children. This is an evolutionary and not permanent decision; when the demographic
variables are simulated, the labor force equations will be modified to include those other determinants.
Indeed, the questions raised in the last section of the paper are largely focused on the order in which new

modules should be introduced into the model.

3 One line of research that one could argue is missing from the list above is the seminal studies on the future of
401(k) by NBER researchers (see, for example, Poterba, Venti and Wise, 2007(B)). Although the goals of those
studies are in many ways very similar to the current ICI effort, they are best described as “cell-based” projections as
opposed to dynamic microsimulations.



Il. Labor Force and Job Change Modules

The current version of the ICI dynamic microsimulation generates basic demographics (age, sex, and
education) for a representative sample forward through time. Those demographic variables are the key
inputs into the five-equation labor force, job, and pension access modules that are the focus of this paper.
This section describes the first four transition equations, used to project labor market entry, labor market

exit, job change, and government versus private employment.

The flowchart in Figure 2 shows how these various transition equations fit together, and where they
will stand in relation to the overall order of events in the comprehensive model. People begin each
simulation year either in or out of the labor force. The first decision by both groups is whether to change
status; that is, to either enter or exit.* The second main transition is the possibility of job change, which
applies to people who were in the labor force last year and remained in this year. Following the flow of
events, for people who enter the labor force or change jobs, the next step is to assign government or

private employment. That same group of people is then assigned pension access. °

Although the flowchart shows the sequence of events, Figure 3 gives a much better sense of how the
equations fit together because it shows which variables affect the various model predictions. The list of
independent variables for each equation shows how characteristics build on each other over time. The
basic information is demographic: age, sex, and education/in-school, which affect every outcome. The
first equation uses this basic information to predict labor market entry. The second equation uses the
basic demographics, but also information about whether the person is a government employee and their

tenure to predict labor market exit. The third equation is for job change, and uses the same basic variable

4 In the model and the SIPP data, being in the labor force is defined as having enough earnings to generate at least
one quarter of Social Security coverage.

5 There are a number of events/decisions/outcomes not shown in Figure 2 that will be built into the model. For
example, earnings outcomes are not yet modeled, though the module under development will have both predictable
(based on age, sex, and education) and random (shock) components. Also, there are key behavioral settings
(whether to participate, how much to contribute, rollover at both job exit and retirement) that need to be modeled.
These features will have both correlates (some people are more likely to participate in a DC plan given access) but
also policy-lever capabilities (what will happen under 401(k) auto-enrollment or auto-increase?).
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list as the labor market exit equation. Fourth is the assignment of sector (government or private) for new
entrants and job changers—as with labor market entry, the basic demographics are all that drive this
outcome. Finally, the probability of pension access (again for job changers and new entrants) depends on

basic demographics, but also the sector to which the person is assigned.

The equations in the ICI dynamic microsimulation are all logit specifications, which means the
predicted value is a probability that some event will occur. In the model, the actual determination for any
given outcome involves comparing the generated probability with a person-specific random draw. For
example, if an individual is out of the labor force with a 30 percent chance of entering, than they will in

fact enter the labor force if the random draw they receive is less than or equal to .3.

All of the transition equations in the current labor force, job, and pension modules are estimated using
an *“age-centering” technique (Sabelhaus and Walker, 2007). Age-centering simply means that each
single-year age group gets its own transition equation, which allows the effect of any given independent
variable to vary with age. For example, the extent to which education affects labor market entry, exit, or
job change may vary with age, and the age-centering approach avoids constraining the coefficient to a
single value for all age groups. The “centering” part means that the sample at any particular single age is
small, so the equation is estimated using data within (in this case) five years of the age of interest. Thus,
data for people age 31 to 39 is used for the age 35 equation, data for people age 32 to 40 for the age 36

equation, etc.® In total there are about 60 estimated equations for each of the five processes.

Coefficient estimates for the five transition equations for three selected age groups (35, 45, and 55)
are shown in Tables 1 through 5. The estimates are not meant to give a comprehensive view of causation
in the model, but the results are very suggestive and consistent with ex ante expectations about the
determinants of various transitions. For example, Table 1 shows that males are statistically more likely to

enter the labor force (conditional on not being in the labor force in the previous period) at the three ages

6 One implication of age-centering is that the coefficient on age in the estimates is just capturing any residual
differences across the “band” around the age group of interest. One should be careful not to interpret the age
coefficient as an absolute age effect—you need to add the constant term back in to get a meaningful number.

7



shown. Table 2 shows they are also less likely to leave the labor force at the three ages, and also that the
college-educated are less likely to exit. Table 3 shows how job tenure plays a very important role in job-
changing behavior; the tenure and tenure-squared terms are both highly significant for all three age
groups. Table 4 shows, for example, that college educated workers are more likely to take government
jobs at younger ages, but that (statistically) disappears for the older age groups. Finally, Table 5 shows
that college-educated and government employees are both much more likely to be in jobs with pension

access.

One simple test of whether these equations are capturing basic labor market and job change dynamics
involves looking at the model-generated job-tenure distributions. Table 6 shows three sets of tenure
distributions by age: the first is from published BLS data, the second is from the SIPP 2003 data, and the
third is the model generated value for 2045. Figure 4 shows the information from the top line of each
panel side-by-side in the same chart. The bottom line is that the model does a good job generating
realistic tenure distributions, especially when compared to the underlying SIPP data. This result is
particularly noteworthy because the model has not been calibrated in any way: the four sets of equations

generating this tenure distribution have been allowed to run free.

The implications for lifetime job outcomes are shown in Table 7. In Table 7 the implied job-tenure
outcomes are organized along two dimensions—sex and level of education—because underlying labor
market dynamics lead to significant variation in outcomes across both sets of characteristics. In
particular, the estimated transition equations suggest that men are much more likely than women to enter
and remain in the labor force. Also, the college-educated are more likely to work for the government, and
government employees are more likely to establish longer tenures, so the college-educated are more likely

to establish long tenures.

The first row in each panel of Table 7 (repeated in Figure 5) shows that the number of jobs held on

average does not vary significantly across education or sex groups. In all of the groups shown the



average number of jobs is close to seven. However, the second line of each panel shows that actual years
worked differs significantly. The model projects women spending about 5 years less on average in the
workforce between 2004 and 2045, and the less than high school group over nine years less than the
college-educated. Some of the latter effect is due to immigrants entering the model; they are more likely

to be less than high school.’

The distribution of job tenure across education and sex groups is highly skewed. Table 7 shows
several measures of job tenure distribution. For example, the first “duration of jobs” line in each panel is
the answer to the following guestion: what fraction of the people born in 1985 simulated to experience the
job market transitions estimated for this model will have held at least one job for 5 or more years
sometime before they turn 60 (in 2045)? The overall answer is 86 percent, which is not surprising.
However, this ranges from 93 percent for college-educated males to 45 percent for less than high school
females. The other three lines in the first job duration panels ask the same question but for different
durations (10, 15, and 20 years). The range for 20-year jobs is from 47 percent for college-educated males

to less than 3 percent for less than high school educated females (see Figure 6).

The goal of these calculations is to show that job duration—which is important for thinking about the
benefits of DB versus DC pensions—varies significantly across demographic groups. The second set of
“job duration” panels for each sex group looks even more directly at the issue of DB value. These
tabulations repeat the job-length questions about, but condition on the person still being in the long job as

of age 55, when the DB really pays off. The distribution is even more skewed.

7 Immigrant characteristics are assigned using a “pool” or recent immigrants identified in the Current Population
Survey. New immigrants in the model receive values for variables like education and labor force status from the
“donor” record randomly drawn from the pool of records in their age/sex group.
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V. Pension Access

The parsimonious labor market/job change model described above does a good job generating
realistic tenure distributions. In this section the remaining equation—pension access—is used to
characterize how pension and tenure distributions interact. There are a few crucial issues yet to be dealt
with when assigning pensions, however. First, the SIPP pension access rates are low relative to published
employer-based data. Second, the current model may not be generating as much concentration in the
tenure/pension dimension as one would expect, though this could be because the self-employed are being

grouped together with salaried workers in the model.

Table 8 compares pension access rates in the SIPP with published National Compensation Survey
(NCS) data (see BLS, 2007(A) and 2007(B)). The table shows outcomes for private sector employees in
the top panel, and state and local government employees in the bottom panel, tabulations are for any
access to pensions and DB versus DC access. The first thing to note is that pension coverage in the SIPP
is low relative to NCS; 54 percent versus 60 percent in the private sector, and only 76 percent versus 89
percent in the state and local sector. Since all of the simulated pension access results in this section are
based on SIPP input data, the simulated access rates will inherit the bias from using the SIPP to estimate

the pension access equation (Table 5). ®

The second thing to note is that there seems to be a great deal of confusion among those in the SIPP
as to what type of coverage they actually have—maybe even how many pension plans they are covered
by! The “direct” method for reporting SIPP access rates involves taking people at their word as to
whether the plan is DB (including cash balance) or DC. The “adjusted” method overrides or supplements
the answers based on extending the logic other researchers have used (Copeland 2005), (Purcell, 2005 and
2007) to try and get at what type of pension the respondent really has. For example, if the person reports

having a DB plan, but then says they make before-tax contributions to that plan, it is either really a DC

8 The SIPP rates reported here are consistent with other tabulations (Sanzenbacher, 2006).
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plan or the person is in two plans and thinking of them as one. Working through and developing ways

around respondent confusion about plan types is an important next step in this project.

Even though the pension access rates in the data (and hence the model) seem biased down, it is
still interesting to see how pension-sponsored years varies across the population, as shown in Table 9.
The first thing to note is that the fraction of working years covered by a pension (second line of each
panel) ranges from about 65 percent for the college-educated to around 30 percent for the less than high
school group (see also Figure 7). Interestingly, the differences in pension access by sex are not as
noticeable as those for job duration, because labor force entry and exit are not driving the results. In any
case, the numbers are all a bit low, but it is hard to know where in the education/sex distribution these
numbers are biased. One of the issues is that the self-employed (who are less likely to have pension
arrangements) may be in the higher-educated groups, so it is not necessarily the case that the distribution

of pension coverage is even more skewed than what is show in Table 9.

The other panels of Table 9 (and Figure 8) combine the points about job tenure and pension
access. The first observation is that the fraction of people in long-tenured jobs with pensions stands in
proportion to the number with long-tenured jobs in generally roughly in proportion to the pension
coverage rates in their education groups. That is, about 62 percent of the college-educated in jobs 20 or
more years (38.6 percent, Table 7) have a twenty-plus year with pension coverage (24.0 percent, Table 9).
Again, this either reflects a lack of correlation in the model (the people staying in long-jobs do so because
they have pensions) or a real phenomenon (the self-employed may be dominating that group). In any

case, reconciling SIPP pension data issues is a clear priority as this project moves forward.
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Table 5
Parameter Estimates for Pension Access Equation
(Three Example Age-Groups)

Age 35 Age 45 Age 55
Age -0.008 0.001 -0.017
(-0.52) (0.1) (-1.2)
Male 0.088 0.113 0.087
(1.21) (1.73) (1.14)
Less than High School -0.720 -0.763 -0.652
(-5.37) (-6.34) (-4.53)
Some College 0.410 0.116 0.128
(4.53) (1.42) (1.33)
College 0.871 0.547 0.250
(9.09) (6.4) (2.55)
Government 1.184 1.573 1.657
(9.5) (14.02) (13.68)
Constant 0.255 0.136 1.121
(0.48) (0.23) (1.34)
Number of Observations 4,903 5,897 4,411
Pseudo R’ 0.0676 0.0725 0.0688

Z Scores in parenthesis. Based on SIPP 2002-2003 transitions. Age-centered
estimates using all observations + five years of age with linear declining weights
based on distance from center.




Table 6
Comparison of Published, SIPP, and Projected Tenure Distributions

Published BLS Years of Tenure Distribution, 2006

<2 2to 3 3to4 5to0 9 10to 14 15to 19 20+
All 31.4 5.2 17.0 20.9 9.5 6.7 9.4
16-24 69.7 9.3 15.6 5.4
25-34 38.1 6.8 23.4 25.3 5.6 0.8
35-44 24.8 4.6 17.2 26.1 13.7 9.3 4.4
45-54 18.1 3.2 14.0 21.7 12.7 11.1 19.2
55-64 15.3 2.6 12.9 19.7 12.7 11.3 25.5
65+ 135 2.8 12.6 22.6 12.8 10.3 25.4

SIPP Years of Tenure Distribution, 2003

<2 2to 3 3to4 5to0 9 10to 14 15to 19 20+
All 36.0 9.6 10.7 17.6 9.3 6.4 10.5
16 to 24 78.6 9.3 8.5 35
2510 34 44.3 13.1 14.9 22.0 5.1 0.6
3510 44 28.1 10.5 12.1 22.3 12.5 9.3 5.3
45 t0 54 21.2 7.5 8.9 18.5 13.1 10.1 20.6
55 to 64 175 6.7 7.2 16.7 13.2 11.4 27.4
65 Plus 19.2 6.8 8.2 14.5 13.3 7.4 30.6

Model Projection Years of Tenure Distribution, 2045

<2 2to 3 3to4 5to0 9 10to 14 15to 19 20+
All 37.4 9.9 12.7 16.2 9.0 5.7 9.0
16to 24 80.3 11.4 7.1 1.1
2510 34 41.4 13.2 17.2 21.3 6.6 0.3
3510 44 26.8 8.6 135 21.2 15.6 10.6 3.6
45to 54 24.8 8.3 11.6 15.8 11.2 10.3 18.1
55 to 64 26.0 8.3 11.7 16.4 9.3 6.8 21.7
65 Plus 26.1 8.5 12.3 16.7 9.1 5.9 21.4

Differences: SIPP Minus BLS

All 4.6 4.4 -6.3 -3.3 -0.2 -0.3 1.1
16 to 24 8.9 0.0 7.1 -1.9
2510 34 6.2 6.3 -8.5 -3.3 -0.5 -0.2
3510 44 3.3 5.9 -5.1 -3.8 -1.2 0.0 0.9
45to 54 3.1 4.3 -5.1 -3.2 0.4 -1.0 1.4
55 to 64 2.2 4.1 -5.7 -3.0 0.5 0.1 1.9
65 Plus 5.7 4.0 -4.4 -8.1 0.5 -2.9 5.2

Differences: Model Projection Minus BLS

All 6.0 4.7 -4.3 -4.7 -0.5 -1.0 -0.4
16 to 24 10.6 21 -8.5 -4.3 0.0 0.0 0.0
25t0 34 3.3 6.4 -6.2 -4.0 1.0 -0.5 0.0
35t0 44 2.0 4.0 -3.7 -4.9 1.9 1.3 -0.8
4510 54 6.7 51 -2.4 -5.9 -15 -0.8 -11
55 to 64 10.7 5.7 -1.2 -3.3 -3.4 -4.5 -3.8

65 Plus 12.6 5.7 -0.3 -5.9 -3.7 -4.4 -4.0



Table 7

Lifetime Job Outcomes by Education and Sex
(1985 Birth Cohort, As of Age 60 in 2045)

Average Number of Lifetime Jobs
Average Number of Years Worked

Duration of Jobs, Any Age
At least one job lasting 5 years or more
At least one job lasting 10 years or more
At least one job lasting 15 years or more
At least one job lasting 20 years or more

Duration of Jobs, Age 55+
At least one job lasting 5 years or more
At least one job lasting 10 years or more
At least one job lasting 15 years or more
At least one job lasting 20 years or more

Average Number of Lifetime Jobs
Average Number of Years Worked

Duration of Jobs, Any Age
At least one job lasting 5 years or more
At least one job lasting 10 years or more
At least one job lasting 15 years or more
At least one job lasting 20 years or more

Duration of Jobs, Age 55+
At least one job lasting 5 years or more
At least one job lasting 10 years or more
At least one job lasting 15 years or more
At least one job lasting 20 years or more

Average Number of Lifetime Jobs
Average Number of Years Worked

Duration of Jobs, Any Age
At least one job lasting 5 years or more
At least one job lasting 10 years or more
At least one job lasting 15 years or more
At least one job lasting 20 years or more

Duration of Jobs, Age 55+
At least one job lasting 5 years or more
At least one job lasting 10 years or more
At least one job lasting 15 years or more
At least one job lasting 20 years or more

Less Than
All High School
7.1 7.4
31.7 23.0
86.0 61.6
62.6 30.4
44.4 17.3
30.4 8.0
55.7 32.8
37.2 19.0
27.1 11.2
20.7 54

Males

Less Than
All High School
6.9 8.1
34.4 27.7
91.3 75.6
73.0 42.3
55.2 26.1
38.9 12.4
65.0 45.0
43.9 26.8
33.4 16.2
27.1 8.2

Females

Less Than
All High School
7.4 6.5
29.2 17.4
81.0 45.1
52.8 16.3
34.2 6.9
22.4 2.8
46.9 18.3
30.9 9.8
21.2 5.3
14.8 2.0

High
School

7.7
33.8

89.7
65.3
44.8
30.7

54.2
34.3
23.6
19.2

High
School

7.0
35.8

95.3
75.9
56.5
40.4

64.5
40.4
30.1
25.1

High
School

8.4
314

83.5
53.4
31.6
19.8

42.6
27.5
16.1
12.7

Some
College

7.3
33.0

89.2
64.8
46.0
315

58.5
37.4
27.6
21.9

Some
College

6.9
35.9

93.2
77.6
60.5
42.8

68.7
47.0
36.9
317

Some
College

7.7
30.4

85.5
53.0
32.7
21.1

49.2
28.6
19.0
12.9

College

6.4
324

89.8
71.7
53.9
38.6

64.0
47.2
36.6
27.4

College

6.2
34.8

93.1
81.2
63.8
47.2

72.3
53.6
42.4
34.4

College

6.6
30.5

87.4
64.5
46.6
32.2

57.7
42.5
32.2
22.2



Table 8
Pension Access Rates in SIPP Versus National Compensation Survey

Private Sector Employees

Percent With
Any DC DB
Access Access Access
National Compensation Survey, 2007 60% 53% 22%
SIPP Reported, 2003 54% 39% 25%
SIPP Adjusted, 2003 54% 46% 23%

State and Local Government Employees

Percent With
Any DC DB
Access Access Access
National Compensation Survey, 2005 89% 29% 83%
SIPP Reported, 2003 76% 39% 55%
SIPP Adjusted, 2003 76% 48% 51%

Note: National Compensation Survey counts access to 457 plans
separately. In state and local governments these plans are available

to 54 percent of employees.



Table 9

(1985 Birth Cohort, As of Age 60 in 2045)

Lifetime Pension-Access Job Outcomes by Education and Sex

Average Number of Years With Pension Access
Percent of Work Years With Pension Access

Duration of Jobs with Pension Access, Any Age
At least one job lasting 5 years or more
At least one job lasting 10 years or more
At least one job lasting 15 years or more
At least one job lasting 20 years or more

Duration of Jobs with Pension Access, Age 55+
At least one job lasting 5 years or more
At least one job lasting 10 years or more
At least one job lasting 15 years or more
At least one job lasting 20 years or more

Average Number of Years With Pension Access
Percent of Work Years With Pension Access

Duration of Jobs with Pension Access, Any Age
At least one job lasting 5 years or more
At least one job lasting 10 years or more
At least one job lasting 15 years or more
At least one job lasting 20 years or more

Duration of Jobs with Pension Access, Age 55+
At least one job lasting 5 years or more
At least one job lasting 10 years or more
At least one job lasting 15 years or more
At least one job lasting 20 years or more

Average Number of Years With Pension Access
Percent of Work Years With Pension Access

Duration of Jobs with Pension Access, Any Age
At least one job lasting 5 years or more
At least one job lasting 10 years or more
At least one job lasting 15 years or more
At least one job lasting 20 years or more

Duration of Jobs with Pension Access, Age 55+
At least one job lasting 5 years or more
At least one job lasting 10 years or more
At least one job lasting 15 years or more
At least one job lasting 20 years or more

Less Than High
All High School School
16.6 7.4 16.4
52.2 324 48.5
53.5 23.3 52.7
36.0 10.1 33.8
23.9 5.4 20.8
16.0 24 13.4
33.0 11.9 29.6
22.2 7.3 17.9
155 4.1 11.6
11.7 1.7 9.1

Males

Less Than High
All High School School
17.7 8.8 18.1
51.5 31.9 50.4
56.9 28.2 59.9
41.2 15.1 41.0
28.7 8.2 27.2
19.9 34 18.2
37.9 15.8 375
25.9 10.7 22.3
19.0 5.8 16.0
15.2 21 12.7

Females

Less Than High
All High School School
155 5.8 145
53.0 334 46.0
50.4 17.5 44.6
31.2 4.1 25.7
19.3 2.0 13.6
12.4 1.2 7.9
28.2 7.3 20.7
18.6 3.3 13.0
12.2 2.0 6.6
8.5 1.2 5.1

Some
College

17.0
51.6

56.5
36.6
23.1
16.2

33.7
21.8
15.2
121

Some
College

18.4
51.3

59.3
42.6
29.7
22.4

38.4
27.1
20.7
18.1

Some
College

15.8
52.0

52.1
31.0
16.9
104

294

16.9

10.2
6.5

College

20.1
62.2

65.1
48.4
35.1
24.0

44.1
325
24.2
18.0

College

21.4
61.4

66.1
53.6
40.1
27.7

49.7
36.6
27.7
21.9

College

19.2
62.9

64.4
44.5
314
21.2

39.9
29.5
21.5
15.1
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