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Microsimulation and Population Distribution of Pathways With An Application

Abstract

This article develops an approach that extends the methods that simulate individual
pathways and describe and explain the population distribution of individual pathways.
Conventional microsimulation often bases on static models, ignores its randomness, and fails to
provide the sampling distribution of simulated individual pathways. Our approach uses dynamic
modeling, corrects for the randomness of microsimulation, and provides sampling distribution of
simulated individual pathways. Conventional methods to describe and explain the population
distribution of pathways, such as multi-state life tables (MSLTs), are often non-model-based,
relying on subgroup comparisons. The quantities of pathways in MSLTs are limited.
Macrosimulation of MSLTs based on a static model with very few covariates does not provide
proper tests of hypotheses about the partial effect of explanatory variables. Our approach
constructs individual pathways based on dynamic modeling that includes a sufficient set of
theoretically important explanatory variables, produces an unlimited set of pathway quantities, and
is able to test hypotheses about the partial effect of explanatory variables on pathway quantities
with inferential statistics. Throughout the article, an example examining the effect of welfare
reform on pathways to high school graduation is used to illustrate the approach. The approach
developed here will be useful in various sociological areas applying life course perspective to

describing the patterns of pathways and testing hypotheses about pathways.



Microsimulation and Population Distribution of Pathways With An Application

Life course perspective has been widely applied to many sociological areas because of its
dynamic, interdependent views and its linkage between micro-level actions and macro-level
societal and historical factors. Many life course events, such as pathways to high school
graduation, sequences of school-to-work transitions, trajectories of unemployment and poverty,
and life course patterns of delinquency and crime are discrete and interdependent in nature. In an
example used in this article, before high school graduation, an adolescent can move among four
states—enrolled only, both enrolled and employed, neither enrolled nor employed, or employed
only. The sequence of these states constitutes pathways to graduation or non-graduation. A large-
scale social change, a specific institutional development, an organizational transformation, and
individual trajectories of another life course domain may produce different population distribution
of these pathways. Our objective is to examine how variations in these driving forces change the
population distribution of pathways.

For this objective we develop an approach that extends methods that simulate individual
pathways and describe and explain population distribution of individual pathways. Conventional
microsimulation often bases on static models, ignores its inherent randomness from Monte Carlo
experiments and from the specification of the behavioral model it bases, and fails to provide the
sampling distribution of simulated individual pathways. Our approach addresses these limitations
by dynamic modeling that examines the relationships between time-varying explanatory variables
and individual transitions, correcting for the Monte Carlo randomness of microsimulation,
attending to the specification randomness, and providing the sampling distribution of simulated
individual pathways using the variance-covariance matrix of the parameter estimates from the

dynamic model. Conventional methods to describe and explain the population distribution of



pathways, such as multi-state life tables (MSLTs), are often non-model-based, relying on
comparisons of subgroup MSLTs. The quantities of pathways in MSLTs are limited, such as state
probabilities and expectancies. Macrosimulation of MSLTs based on a simple static model with
very few covariates (typically race, gender and education) does not offer proper tests of
hypotheses about the partial effect of explanatory variables. Our approach addresses these
limitations by constructing complete individual pathways based on dynamic modeling that
includes a sufficient set of theoretically important explanatory variables, producing an unlimited
set of pathway quantities, such as sequencing and durations that is interesting to life course
researchers, and testing hypotheses about the partial effect of explanatory variables on pathway
quantities with inferential statistics.

Throughout the article we illustrate our approach using an example examining the effect of
state welfare policies on the population distribution of pathways to high school graduation. The
remainder of the paper is organized as follows. Section 1 sets up the example. Section 2 discusses
the strengths and limitations of microsimulation and the ways in which we address its limitations.
Section 3 discusses the conventional methods to describe and explain the population distribution
of pathways, such as MSLTs, and how our approach addresses its limitations. The step-by-step
procedure of our approach is described in Section 4. Results of our empirical example are
presented in Section 5. The last section includes concluding remarks and a discussion of the

general application of our approach and directions of future research.

Setting Up An Example
Our example emphasizes the impact of a large-scale social change on the pathways to high

school graduation and non-graduation. The 1996 welfare reform legislation has moved many



welfare recipients and low-income individuals at risk of welfare to the labor market. The
behavioral change of the welfare-target population may have unintended consequences for
adolescents. Even with a strong economy, welfare reform may create competition between
individuals at risk of welfare and adolescents in the low-paying job market. A reduced opportunity
for adolescents’ formal employment may alter their pathways to high school graduation in indirect
ways.

Variations in state welfare policies can affect adolescents’ pathways to graduation (or non-
graduation) through a labor market mechanism, or a “competing labor market effect”. Economists
have observed that the increased supply of other low-wage workers has restrained youth
employment (Rees 1986; Grant and Hamermesh 1981). The more stringent the welfare policies are
in a state, the greater will be the number of welfare-prone individuals who are working, all else
equal. Welfare-prone people are most likely to obtain low-wage, low-skilled jobs, such as those in
the retail and service sectors, which are typical jobs for adolescents. Research evaluating whether
the labor market can absorb welfare recipients without replacing other workers (e.g., Lerman and
Ratcliffe 2000) focused on individuals aged 20-45 with high school or less education and found no
displacement effect. The labor market competition could be more intense between welfare mothers
and adolescents (aged 14-19 without a high school diploma) because of their similar job options
within an easy-to-access local labor market. A possible spillover effect of stringent welfare
policies for adolescents is to reduce their formal employment. A reduction of formal employment
may alter the pathways to graduation in different ways for lower- and higher-income adolescents
because lower-income adolescents were less likely to be employed before welfare reform. Then,
not only the number of lower-income adolescents who have a job may decrease but also they may

try harder to keep the job at the expense of their likelihood of graduation. In addition, welfare



reform may reduce dropouts’ opportunity to work, particularly for lower-income dropouts.
Prolonged idleness may reduce the likelihood to return to school and graduate eventually. Our
objective is to determine the degree to which differential welfare policies alter the pathways to
high school graduation.

The stringency of welfare policies in a state is measured by a composite we created from
the following ten indicators using an one-factor structure in a factor analysis: implementation date
of waiver and Temporary Assistance for Needy Families (TANF, the successor program to Aid to
Families with Dependent Children.), three waiver policies (work requirement, time limit for work
requirement, and work incentives), time limits on benefits, two indicators of sanctions, child age
for exemption from work requirement, minors’ living arrangement mandate, and minors’ school
enrollment mandate. This index varies by state and by year (1992-1999). The data are drawn from
the Department of Health and Human Services (2000)."

Given our focus on the welfare policy effect through a labor market mechanism, we need
to separate out the labor market conditions. We measure the unemployment rate of the general
labor market and the youth-specific labor market at the state level. The state unemployment rates
(1994-2001) are drawn from the Bureau of Labor Statistics. We estimate the earnings of youth
aged 16-24 as a function of race, sex, education, and state of residence using the Current
Population Survey (CPS 1994-2000) data, which were used to construct the average earnings for
the similar youth in the NLSY97. These two labor market measures vary by state and year. Our
dynamic model will include the welfare stringency composite and the two labor market variables,
all at the state-level and time varying.

We define high school graduation as receiving a diploma, excluding GED, because the

return to GED is significantly lower than the return to high school diploma (Cameron and

! For more details see the first author’ previous work (no citation is given to ensure the unanimous review process).



Heckman 1993). We define formal employment as having a job with an employer during the nine
months of the school year and exclude three summer months. In recent decades, the traditional full
engagement in schooling has been replaced by a combination of school enrollment and formal
employment. The committee on the Health and Safety Implications of Child Labor (1998)
estimates that about 44% of 16- and 17-year-olds work at some time during the school year,
mainly in the retail and service sectors. We draw individual-level data on school enrollment and
formal employment from the NLSY97.

The NLSY97 is a nationally representative sample of 8,984 individuals aged 12-16 as of
December 31, 1996, with an oversample of black and Hispanic individuals (Center for Human
Resource Research 2001). Three waves of interviews and retrospective information are used to
construct the observed monthly histories of enrollment and employment from the month at exact
age 14 to the month before exact age 20 (54 months with 9 month per year) or to the end of
observation. Exactly 8,897 respondents have data for 2 - 54 school months with more respondents
observed during earlier ages than older ages (the number of average observed months per person is
27.8), resulting in 251,092 person-month observations.

The NLSY97 provides information on individual and family factors, which affect
pathways to graduation. These include age, sex, birth cohorts, race, family structures, family
income-to-needs ratio, parental education, and parental AFDC participation, a total of 16
variables. Some of these variables vary over time. We will include these individual-variables in
the dynamic model. Because it is important to find out the welfare effect for lower- and higher-
income adolescents, we include an interaction term between state welfare stringency and low
income (at and below 1.30 income-to-needs ratio). This raises the total number of covariates to 20

(3 state-level variables, 16 individual-level variables, and one interaction term).



With the NLSY97 individual histories and state level data, we examine the welfare policy
effect on the population distribution of pathways to high school graduation, controlling for other
state- and individual-level variables. In the following sections we use this empirical example to
illustrate the development of our approach that extends the method that simulation individual

pathways and describe and explain the population distribution of individual pathways.

Microsimulation

This section has four tasks. First it introduces the conventional microsimulation method.
Second, it suggests a dynamic modeling strategy to address the limitation of static behavioral
model based on which conventional microsimulation is performed. Third, it discusses the
randomness of microsimulation and our ways to overcome it. Finally, it addresses the lack of
sampling distribution of simulated individual pathways in conventional microsimulation using a

numerical approximation.

An Introduction

Microsimulation is a common tool in policy analysis and forecasting (Citro and Hanushek
1991). It was first proposed in the 1960s as a technique of computerized modeling.
Microsimulation has been most frequently used in policy study to project the consequences of a
new policy or a policy change. It models individuals’ behavioral responsiveness to proposed
policy change and aggregates the individual behavioral adjustments to the system level. A
microdata base, on which microsimulation acts, is adapted from period to period using the
estimated parameter of the relevant behavioral models under the new policy conditions. The

estimates of the behavioral models are usually based on the same microdata or obtained externally.



Most microsimulation starts with observed sampled microdata in an initial (cross-sectional) period
and simulates microdata for subsequent periods based on the behavioral model estimates and new
policy conditions.

Microsimulation can be standard or empirical. Standard simulations refer to stylized
calculations for typical (hypothetical) individuals, whereas empirical simulations use empirical
data. Most empirical microsimulations are static, which assume that the sampled data and the
characteristics and behaviors of the micro-units remain the same in the future. In contrast, dynamic
simulations allow micro-units to change their behavior as a consequence of changes in the systems
(Nelissen 1994).

Van Imhoff and Post (1998) provide a systematic discussion of the advantages of the
microsimulation method. One advantage of microsimulation is that it easily handles continuous
covariates and categorical variables with a large number of categories, as well as interaction terms
between covariates. This is because it simulates the motion of each individual from state to state,
using a parametric model that gives transition probabilities in terms of covariates. In contrast,
macrosimulation becomes unwieldy as the number of cells increases geometrically, leading to
vanishing cell counts. In addition, microsimulation can incorporate time-varying covariates easily.
This advantage is especially relevant for researchers interesting in the effect of time-varying
variables, such as the continuous, time-varying welfare stringency variable in our example.
Finally, microsimulation enables us to summarize the population distributions in ways that are
unavailable from macrosimulation. For example, quantities such as the ordering and frequency of
sequences, the mean duration in a state, and the number of transitions can be easily ascertained
from simulated individual histories, while these quantities are much more difficult to obtain from

macrosimulation.



Dynamic Behavioral Models

The behavioral model from which parameters are estimated and used in microsimulation
has ironically been a non-central issue in microsimulation. Life course perspective, however,
emphasizes the role of dynamic explanatory variables, such as a large-scale social change, a new
institutional development, a new organizational transformation, and trajectories in another life
course domain. This conceptualization demands dynamic behavioral modeling. Thus, the first
focus of our approach is to specify a dynamic behavioral model.

Using our example, Figure 1 presents the transitions between school enrollment and formal
employment and to high school graduation. We index the five distinct states as S (enrolled and not
employed), B (both enrolled and employed), N (not enrolled, not employed, and not graduated), W
(working, not enrolled, and not graduated), and G (high school graduation, regardless working or
not). Using the life table terminology, S, B, N and W are non-absorbing states and G is an
absorbing state. Adolescents can move in and out of the non-absorbing states but can only move in
but not out of the absorbing state.

(Figure 1 about here)

The model assumes that the current state is dependent directly on the immediate previous
state.” With the short observation interval in the monthly data, our discrete-time transition model
is analogous to the continuous-time transition model of Kalbfleisch and Lawless (1985). If P is a

5x5 matrix of monthly transition probabilities from 7 to #+1, we have the following:

? This so-called Markovian assumption can be tested by adding linear durations to the model. We did it and found that
most linear durations were statistically insignificant and results with and without linear durations were robust.
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where p,.and F,. are zero since one must be enrolled before graduation and all probabilities of

exiting from G in the last row are zero by definition.

We separately model each of the first four rows of the transition matrix using a
multinomial logit model (a piecewise-exponential survival function). Let i be the initial state
(i=1,..,]) at any age ¢ and j be the destination state (j=1, ...,J) at the immediate next age ¢+1.> In our

study, /=4 and J=5. The probability B, for individual k (k=1,...,N) at age ¢ (1=1,...,45) in the ith

row is as follows:

. exp(ﬂi;Xk,)
ikt — J

z exp(ﬂ;kat)
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Each 3, is a set of parameters to be estimated using a multinomial logit estimator and normalized

to zero for stayers. The vector X,, includes 20 covariates, leading to (20+1)*14 S, s in total.

Overcoming the Randomness of Microsimulation

To make microsimulation a powerful tool, we address two sources of randomness in
microsimulation summarized in Van Imhoff and Post (1998). One type of randomness is inherent
in the methodology of microsimulation where Monte Carlo experiments are used to simulate the

occurrences of events at the individual level. Different starting numbers with which the random

3 Age is recalled such that the summer months are not counted. In other words, we consider only 9 months in a year
and age is incremented monthly as the life course unfolds.



number generator is seeded (random number seeds) produce different sets of outcomes. The
degree of the inherent randomness can be reduced by a large sample of individuals and taking the
averages over a large number of independent Monte Carlo experiments. In our empirical work our
sample consists of 8,897 individuals and we take the average of 100 independent Monte Carlo
experiments.

A second source of randomness is “specification randomness”, arising from sampling
variability expressed in standard errors of parameter estimates in the dynamic model. The
specification randomness becomes more severe as the number of explanatory variables increases.
For this reason, one should avoid the tendency to include in the dynamic model as many potential
explanatory variables as possible but focus on finalizing a parsimonious set of theoretically
important explanatory variables as long as the estimates remain robust before performing

microsimulation.

Sampling Distribution of Simulated Individual Pathways

The sampling distribution of simulated individual pathways is a relatively under-
investigated topic in microsimulation. Because individual pathways are simulated based on
parameter estimates from the behavioral model, they are subject to the sampling distribution of the
parameter estimates. This has an important implication for testing hypotheses about the partial
effect of explanatory variables on the population distribution of individual pathways because it
offers a way to produce inferential statistics of the tests. Below we propose a numerical
approximation of the sampling distribution of simulated individual pathways using the high school

graduation example.
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We draw a random sample of parameter estimates from their asymptotic distribution,
which is multivariate normal, and perform microsimulation using the sampled parameters
(Fishman 1996). For the ith row of the transition matrix i=1,...,4, we estimate a dynamic model

and obtain the variance-covariance matrix of estimates, X, with dimensions kxk (k is 84 for rows
1 and 2 and 63 for rows 3 and 4) and its Cholesky decomposition P, a lower triangular matrix
with dimensions kxk. We then randomly sample Z, with dimensions of k from the standard normal
distribution N(0,1). Let the sampled new estimates of parameters be X,, then X, = PZ, + 3, where
B 1s the vector of point estimates of parameters. In the analysis of our example, we focus on the
sampled estimates of parameters for welfare policies. We form the distribution of individual
pathways based on these sampled estimates of parameter while keeping the point estimates of

other parameters. We use a sample size of 30 and as a result we have 30 sets of simulated

individual pathways.

Methods to Describe and Explain Population Distribution of Pathways

This section starts with non-model-based MSLTs and moves to model-based
macrosimulation and microsimulation of MSLTs with an emphasis on its limitations and our ways
to address them. It also raises the importance of the population distribution of non-standard

pathways quantities and tests of hypotheses about these quantities.

Non-Model-Based MSLTs
A conventional method to describe the population distribution of pathways is non-model-
based MSLTs. The input to such a MSLT is a set of age-specific transition probabilities among

non-absorbing states and to the absorbing state for a population. Following Schoen (1988), we can
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construct non-model-based MSLTs using observed data. For a population of 100,000 persons, let
i=1,...,4 be the non-absorbing states (S, B, N, and W) and i=5 be the absorbing state (G). Let

t=1,...,54 be the months. For i=1,...4, [, is the number of persons in state i at age ¢. For i=35, [, is

5
the cumulative number of persons who have graduated by age ¢, so that 21” =100,000.

)

Although the summary measures of non-model-based MSLTs are useful to provide the
distributions of life transitions for the population and subgroups, there are three limitations. First,
when sample data are used, it is usually difficult to construct MSLTs for subgroups by more than
two grouping variables, due to substantial stochastic variability (Land et al. 1994). Second, when
MSLTs of subgroups are compared, other explanatory variables are not kept constant so that the
differences among subgroups in summary measures capture only the total effect rather than the
partial or net effect of the grouping variable. Third, the life table literature has little attention to
the sampling distribution of individual pathways. Calhoun (1997) suggested a bootstrapping

method (resampling the empirical data) in order to generate sampling distributions for life tables.

Macrosimulation and Microsimulation of MLSTs

Recent research has begun to introduce model-based MSLTs through macrosimulation or
microsimulation. Model-based macrosimulation of MSLTs apply the predicted transition
probabilities to the state space at the macro level by cross-classifying all the attributes. Several
empirical studies have used this method, for example, Hayward and Lichter (1998) on labor force
inequality, Hayward et al (1996) on retirement inequality, and Land et al. (1994) and Crimmins et
al. (1996) on active life expectancy. Macrosimulation of MSLTs suffers from the same problem of
limited number of explanatory variables as the number of cells increases geometrically with an

increase in the explanatory variables, leading to vanishing cell counts.
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Model-based microsimulations of MSLTs apply the parameters estimates from a dynamic
model to a sample to simulate the occurrence of events for each individual, which then are
aggregated to the population distribution. An example of empirical studies using model-based
microsimulation is the Laditka and Wolf study (L&W herein) on active life expectancy (1998).
Our method differs from that of L&W, in several ways. First, L&W performed one simulation run
and did not treat the randomness issue. We treat the randomness by taking the average of
independent Monte Carlo experiments. Second, L& W used the point estimates of coefficients of
the dynamic model in microsimulation.* We use the point estimates of parameters and their
variance-covariance matrix to form sampling distribution of MSLT quantities and other pathway
quantities. Third, L&W compared the subpopulation distributions. In contrast, we focus on the net

effect of explanatory variables for the population, keeping other characteristics constant.

Standard MSLT Quantities and Other Pathway Quantities

Summary measures of MSLTs focus on the static state probability at certain point in time,
based on which average expected waiting time for an event to occur (e.g., life expectancy) can be
obtain. This focus ignores the patterns of sequences and trajectories, in which the order and the
number of transitions and the duration of each state in the sequence are central. Simulated
individual pathways can easily provide these measures and facilitate assessment of the impact of
explanatory variables on the population distribution of these measures.

In sum, constructed individual histories using microsimulation based on dynamic
modeling, as proposed in our approach, offers many options to describe and explain the population
distribution of pathways. Next we illustrate the step-by-step procedure of our approach using the

pathways to high school graduation example.

* In their later work they produced the variance of the MSLT, see Wolf and Laditka 1997.
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Step-by-Step Procedure of Qur Approach
We use our example to illustrate the step-by-step procedure. It consists of both data
augmentation and statistical components. We start with a description of the former because it

facilitates an easy explication of the latter.

Data Augmentation

The whole procedure of our method acts on two related databases from longitudinal survey
data. The first includes observational data of individuals over time. The sampling design of many
longitudinal surveys results in right censoring of observations, i.e., incomplete histories of
younger cohorts. In our case, the NLSY97 provides information on 251,092 individual-month
records of 8,897 sampled respondents, spanning the years 1994-2000. The oldest respondents were
observed up to exact age 20 and the youngest respondents were observed up to only age 16.
Because individuals have different number of observed months, the data are not rectangular. The
non-rectangular data are used for estimating the dynamic model.

The second database, which is used for microsimulations and describing and explaining the
population distribution of individual pathways, expands the incomplete observed individual
histories up to the month before exact age 20. This database becomes rectangular with 54 records
per individual, totaling 54*8,897=480,438 person-month records. The expanded records have all
the explanatory variables (the 20 covariates). It is important to keep in mind that only the initial
observations of the four states (S, B, N and W) at the first month of age 14 are retained and the
observed states in subsequent months are eliminated because all the subsequent transitions and
states are to be simulated. Age is adapted by an increment of one month (9 school months in an

academic year). Sex, race, birth cohort, and parental education are time-invariant and so could be
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repeated in the expanded records. For time-varying individual/family variables such as family
structure and income, we extrapolate the information in the last month of observation.’ For both
rectangular and nonrectangular databases we merge in the state-month data on welfare policies
and labor market conditions using the state of residence of the NLSY97 respondents in each
month. In the rectangular data, the individual records for the youngest respondents expand to 2002
but welfare stringency is only available up to 1999. We use the 1999 welfare policies for 2000-
2002, which is reasonable since all the states have fully implemented their welfare reform policies
since 1999. The state unemployment rates were available for 1994-2001. We use the 2001
unemployment rates for 2002. The youth earnings were available for 1994-2000 from our
calculation based on CPS 1994-2000. We use the 2000 value for 2001-2002. We realize the
potential inadequacies of our imputation of future state-level data. Given the difficulty in

predicting macro trends, we choose a simple way to aid illustration.

Statistical Component

Estimating the dynamic model. We estimate four multinomial logit models each with 4-5
categories using the non-rectangular data. These models estimate the effects of explanatory
variables on transitions with a reference to the stayers of each initial state. It is necessary to save
the estimation results, including the point estimates of parameters and the variance-covariance
matrix, which are to be used in the subsequent microsimulations.

Microsimulations. Microsimulations act on the rectangular data and simulate the state
occupied by each individual sequentially from the second month to the 54™ month. Monte Carlo

experiments are used to determine the state occupied by an individual at a particular age based on

> Alternatively, one can simulate the future values of the individual/family time-varying variables. Because welfare
reform is the key explanatory variables, we chose a simple approach to individual/family variables to avoid
complication of multiple simulations.
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the state occupied by the same individual in the previous month and the fitted transition
probability. We generate 100 independent Monte Carlo experiments, which repeat the following
specific steps.

e Compute transition probabilities from the first month to the second month. We start from
the observed S, B, N, and W at the first month of age 14. Using the estimates from the four
multinomial logit models, we obtain the 14 fitted transition probabilities from an initial
state to each destination state at the second month of age 14 (SB, SN, SW, SG, BS, BN,
BW, BG, NS, NB, NW, WS, WB, and WN).

e Simulating the state occupied by individuals in the second month using Monte Carlo
experiments. The random number generator generates a random number from a uniform
distribution ([0, ]) for each individual. Take Row 1 as an example. From initial state i to j,
J=1,...,5, the five fitted probabilities, p,, which sums to one over j, are mapped into five
subsets of the [0, 1] interval: [0, p.,, D, + Dirs Pit + Din + Piys Pyt + Din + Dis + Digs1] - The
subset where the random number generated for an individual falls determines the
destination state in the second month.

e Simulate states in the subsequent months from the third month to the 54™ month in the
same manner, except that the initial states in each month are the simulated states rather
than the observed states at the last month.

e Saving the simulated results. The simulated states in all months are saved as individual
histories for describing and explaining the population distribution of pathway quantities
and assess the randomness of Monte Carlo experiments.

We obtain the population distribution of pathways by taking the average of the 100 runs.

The randomness of Monte Carlo experiments is measured by the standard deviation of the 100

16



runs. We have tested that the average fluctuates from 30 to 80 experiments and becomes stable
after 80 experiments. Therefore 100 independent experiments are sufficient in our case to produce
the expected values of population distribution and to access the Monte Carlo randomness.

Assessing the net effect of explanatory variables. We contrast the consequences of the
1999 welfare stringency, when all states fully implemented welfare reform, against the 1992
welfare stringency at the beginning of the waiver period. The net effect of welfare stringency
between 1992 and 1999 is obtained by taking the difference between the two sets of population
distribution of pathway quantities based on the 1992 and 1999 welfare stringency values,
respectively.

Our example includes an interaction effect, expressed as the marginal welfare effect for
lower- and higher-income adolescents, respectively (rather than a main effect and an interaction
effect). The welfare policy effect on the population distribution of pathways is assessed for these
two income groups in the following manner.® To test the hypothesis that the probability in S is
greater under the 1999 policy regime than under the 1992 policy regime, we obtain the population
distributions under each of the two policy regimes for lower-income adolescents (fixing the
income-to-needs ratio to one) and the same pair for higher-income adolescents (fixing the income-
to-needs ratio to three). The signs and magnitudes of the differences represent the mean policy
effect on the probability in S for each of the two income groups.

Our next task is to translate the inferential statistics of the parameters in the dynamic
model into the inferential statistics of the welfare effect on population distributions of pathways.
For example, in order to describe our uncertainty about the welfare effect on the probability in S at

age ¢, we need to calculate the variance of the estimated welfare effect. The state probabilities at

® Because different Monte Carlo experiments introduce different random factors, we use the same experiment for
testing hypotheses regarding the difference in population distribution of pathways. In practice, we use the same
random number seed under the two policy regimes.
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age ¢ form complicated, nonlinear functions of the coefficients from the dynamic model. They
depend on (a) the transition (stayer) probabilities from each of the four states (S, B, N and W) at ¢-
1 to a particular state at # and (b) the probability in each of the four states at #-/. The variance of
the difference between the state probabilities under the two policy regimes is difficult to determine
analytically. As described in an earlier section, we resort to a numerical approximation, in which
we form the sampling distribution of simulated individual pathways with a sample size of 30. As a
result we have 30 sets of differences in population distribution between the two policy regimes.
These differences form a distribution of the difference in population distributions under the two
policy regimes and provide the inferential statistics. For example, we obtain the standard deviation
(and confidence intervals) of the difference in a state probability under the 1992 and 1999 regime
at a particular age ¢. If the 95% confidence interval of the difference does not across zero, we are
certain that the difference is statistically significant. These calculations and assessments are
repeated for other pathway quantities that are interested to us, including the proportion of
individuals who made a transition and the duration of the state for those who made the transition,
the top six most frequent sequences of states leading to graduation and nongraduation.
Computational codes and time costs. We use Stata, a statistical software package, to
implement our approach. Using both Stata commands and Stata programming language, our
computational codes are relatively straightforward, short, and simple.” Using these codes, we
perform data augmentation, estimate dynamic models, conduct Monte Carlo experiments, draw
random samples of parameter estimates, describe population distribution of various pathway
quantities, and assess the net welfare effect with inferential statistics. The memory requirement is
not high (300,000MB) and the time costs is reasonable (e.g., one microsimulation run costs 2.81

minutes and the construction of 100 population distribution of a pathway characteristic costs 38

" The computational codes for the analysis in this paper are available upon request.
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minutes). This makes wide applications of our approach to various life course topics possible.

Results of Our Example

In this section, we present results on adolescents' pathways to high school graduation and
their relationship with welfare policies. After we present the observed pattern of pathways to high
school graduation and coefficient estimates from the dynamic models, we focus on the effect of

welfare stringency on population distributions of pathway quantities.

Observed Pathways to High School Graduation

Table 1 is a MSLT-format presentation of the observed sample data. One of the noticeable
features of the MSLT format is the cumulative proportion of G, the absorbing state. The far right
two columns show the degree of incomplete individual histories in the NLSY97. Exactly 2,062 out
of the total sample 8,897 were observed either having graduated (2,032) by the end of age 19 or
observation or not graduated (30) by the end of age 19. The national statistics show that about
77% of adolescents aged 19-20 has graduated from high school with a diploma (NCES 2001). The
incomplete individual data certainly could not provide adequate graduation rate and proportions in
S, B, N and W because adolescents younger than 19 could have graduated from high school and
those who were still enrolled in school could drop out eventually by age 19.

(Table 1 about here)

Parameter Estimates of the Dynamic Model

Table 2 presents the estimates for the welfare policy effect from the four multinomial logit
models (the full estimates are not presented but available upon request). It reveals that two effects

are similar for lower- and higher-income adolescents: more stringent welfare policies appear to (1)
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reduce the probability of getting a formal job among students (SB), equivalently increase the
probability of remaining in school without a job (SS) and (2) reduce the probability of getting a
job among dropouts (NW), equivalently increase the probability of remaining in idleness (NN).
Other effects differ between lower- and higher-income adolescents. Among low-income students,
more stringent welfare policies increase the probability of losing a job (BS). Among high-income
adolescents, more stringent welfare policies reduce the likelihood of dropping out of school either
with or without a job (SN and BW). Taken together, more stringent welfare policies appear to
affect students and dropouts’ labor market participation. However, we are left uncertain how these
effects contribute to the population distribution of pathways to graduation, to which we now turn.
(Table 2 about here)

Population Distribution of State Probabilities

Table 3 presents the population distribution of state probabilities for the total population
constructed from the simulated histories of sample individuals based on the dynamic model. The
probabilities in each of the four non-absorbing states (S, B, N and W) and the absorbing state (G)
are weighted to represent the population pattern using the sampling probabilities. Only the
probabilities at the last month of each age are presented and others are elided from the table. These
probabilities are averages from 100 independent Monte Carlo experiments so that the randomness
inherent in the Monte Carlo technique is reduced. The Monte Carlo standard errors are reported in
braces {}. For cases when the estimates are not too close to zero, the standard errors range from
0.17% to 13.6% of the estimated probabilities. The average state probabilities are close to state

probabilities obtained analytically using estimated individual transition probabilities® (see

8 Using the estimates of model parameters and the value of the covariates, we calculated the transition probabilities of
the 14 transitions for each individual in each month. Based on these estimated individual-month transition
probabilities and the initial distribution of four states (S, B, N, and W), we can obtain the probability in a particular
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Appendix Table 1). Table 3 shows that 78.4% of adolescents graduate from high school with a
diploma, close to the NCES report (77%). Over the adolescent ages, we see a steep decline in S, an
inverse U-turn with the peak at age 17 for B, and a steady increase in N and W with a higher rate
for W than N after age 17. These profiles are consistent with the report of committee on the Health
and Safety Implications of Child Labor (1998). Figure 2 visually shows the age profiles of the five
states.
(Table 3 and Figure 2 about here)

Welfare Policy Effects on State Probabilities

Table 4 shows the policy effects on the state probabilities by subtracting the state
probabilities under the 1992 policy regime from those under the 1999 policy regime. The standard
deviations are obtained based on 30 sets of sampled parameter estimates for welfare stringency.
The reported statistical significance is based on two-sample paired t-tests. Table 4 shows that, with
few exceptions, welfare policies affect state probabilities across the board even though they
significantly affect only a few transitions in the dynamic model (recalled from Table 2). This
chain reaction-like phenomenon occurs because the initial states as well as all of the transitions
before age ¢ contribute to the state probability at age «. Even with the sampling variability taken
into account, welfare policies significantly alter the state probabilities at most ages for the whole
population. Some of these changes are large whereas others are negligible. Thus, our
interpretations focus on the sign and magnitudes of changes in state probabilities between the two
policy regimes.

(Table 4 about here)

4
state at any age t: Pj,t = Z:Pi’t_lpijgt_1 . The resulting quantities are the expected value of the quantities calculated
i=1

analytically.
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The left section of Table 4 for lower-income adolescents shows that the difference in
probability of state S is positive for all ages. The magnitude is large at ages 15-17 when many high
school students start to look for a formal job: the 1999 welfare regime increases the probability in
state S by 9-11%. This pattern is consistent with the welfare policy effect on B at ages 15-17
where the 1999 policy regime reduces the proportion of students working while in school by 3-
11%. This negative effect becomes positive at age 18 but the magnitude is relatively small. The
alarming finding is that the 1999 policy regime increases the proportion of low-income
adolescents who are dropouts without a job. The effect is sizeable for ages 16 and older with an
increase of 65-143%. For the welfare policy effect on W, the sign is largely negative and the size
is relatively small. Finally the welfare policy effect is negative on the cumulative proportion of
graduation. The size is large for ages 17 and older: almost 9% fewer lower-income adolescents
graduate from high school by the end of age 19 under the 1999 regime than the 1992 regime.
Taken together, welfare policies affect the working status of low-income students and dropouts,
supporting our hypothesized competing labor market effect of welfare policies. This spillover
effect is harmful in that the probability of idleness increases and the probability of graduation
decreases, both substantially. A larger proportion of idle dropouts and a smaller proportion of
graduates among lower-income adolescents are indicative of long-term disadvantages.

Results for higher-income adolescents are different (see the right section of Table 4). The
patterns in S and B are less pronounced. The proportion of higher-income jobless dropouts is
smaller under the 1999 regime than under the 1992 regime and the size of the effect is small. The
proportion in W for older higher-income adolescents is reduced sizeably under the 1999 regime.
1999 welfare regime increases graduation at ages 18 and 19. Although these results also support

our hypothesized competing labor market effect of welfare policies, the consequences for higher-
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income adolescents are very different from those for lower-income adolescents. The harmful

effect is absent for higher-income adolescents.

Sequencing of States

To better understand the patterns found in Table 4, we examine other quantities of
pathways using the model-based, simulated individual histories. Figure 3 depicts the overall
patterns. The top panel of Figure 3 is for the sequencing to graduation, accounting for 78.4% of
the population (recalled from Table 3). The pie chart shows that six major sequences account for
76.7% of all graduates. These sequences include SB, SBSB, SBS, S, SBSBS, SBSBSB, and BSB.
Through these major sequences, students graduated by exact age 19. Examining the bars more
closely, we find: (1) more students graduate from B than S, (2) the traditional full engagement in
school before graduation is no longer popular—only 8.8% of graduates take this pathway, (3) the
timing of the first formal job while in school is by the middle of age 16, (4) students’ formal jobs
are generally not stable—24.5% of graduates continue working since their first job until
graduation, and (5) the interruption of work is rather short (5-14 months).

(Figure 3 about here)

The bottom panel of Figure 3 is the corresponding figure for non-graduates, accounting for
21.6% of the population. In the simulated individual histories, non-graduation means that
individuals are still in one of the four non-absorbing states by exact age 20. By this late age, the
last non-absorbing state is W in the six most frequent sequences. There is greater heterogeneity in
the sequencing to nongraduation: the six most frequent sequences account for 24.2% of all non-

graduates and the highest percentage among all sequences is 4.5%.
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Welfare Policy Effects on Other Pathway Quantities

Table 5 presents the difference in the proportion of individuals who ever made a particular
transition, the number of transitions among those who ever made such a transition, and the
duration of a state under the two policy regimes with their standard deviation based on the 30 sets
of sampled parameter estimates of the dynamic model. The left section of Table 5 is for lower-
income adolescents. The 1999 regime increases these adolescents’ experience of returning to S
from B as well as the number of transitions among those who ever made such a transition. This
depicts a situation where numerous lower-income students lose their jobs after they try repeatedly
to get one. Although the 1999 regime increases the proportion of lower-income dropouts who
return to S from N, it does not increase the number of transitions among those who ever made
such a transition. These dynamics explain why the proportion of lower-income adolescents staying
in school is greater (by .8%) and the length of staying in school is longer (by 1.2 months) under
the 1999 regime than under the 1992 regime. They also explain why the probability of state S at
various ages is greater (recall from Table 4).

(Table 5 about here)

Corresponding to what we find for the BS transition, the 1999 regime reduces the
proportion of individuals who ever made an SB transition, but it increases the number of such
transitions among those fewer individuals. This implies that a smaller group of students keep on
looking for and finding a job even though they will lose the job more frequently. The 1999 regime
reduces the proportion of individuals who ever made a WB transition as well as the number of
such transitions. These dynamics contribute to the smaller proportion staying in B (by 6.8%) and
the shorter stay in B (by .7 months) under the 1999 regime than the 1992 regime. They also

explain the difference in the probability of state B found in Table 4.
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Although the 1999 regime increases the proportion making NS transitions, it increases the
proportion making SN transitions as well as the number of such transitions. The latter effect
dominates the former effect, appearing to be harmful for lower-income adolescents. To worsen
this situation, the 1999 regime increases the number of BN transitions and reduces the number of
NW transitions. These dynamics contribute to the larger proportion of lower-income adolescents
who stay in idleness (by 9.5%) and the longer duration of idleness (by 2.25 months). Again they
explain the greater probability of state N seen in Table 4.

Finally, the 1999 regime reduces the proportion graduating from B (by 11.9%). It appears
that lower-income students with a job are trying harder to keep the job at the expense of their
likelihood of graduation. This finding provides the dynamics of the lower probabilities in state G
found in Table 4.

The right section of Table 5 is for higher-income adolescents, which is different from
lower-income adolescents. The 1999 policy regime increases the length of staying in school
without a job by 1.5 months, a larger gain than the lower-income adolescents (1.2 months). The
prolonged N status is less severe for higher-income adolescents (by 1.2 months) than for lower-
income adolescents (by 2.2 months). In contrast to lower-income adolescents, both the proportion
and number of SN transition are reduced under the 1999 regime for higher-income adolescents.
Finally, the 1999 regime increases the proportion graduating from S and has no effect on the
proportion graduating from B for higher-income adolescents.

Findings from Table 5 not only further support the competing labor market effect of
welfare policies but also reveal new information. In particular, differences in duration and
probability of a particular state are dissected, enhancing our understanding of mechanisms through

which differences between the two income groups evolve.
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Conclusions

This article develops an approach that extends methods that simulate individual pathways
and describe and explain the population distribution of individual pathways, illustrated with an
example examining the effect of welfare reform on individual pathways to high school graduation.
The extended approach enables an inclusion of a large set of covariates that is theoretically
important and their interactions in the specification of the dynamic model, make a full use of
continuous and time-varying measures of covariates, simulating model-based individual pathways,
and describe and explain the population distributions of these pathways. More importantly, this
approach enables us to assess the net effects of explanatory variables, with inferential statistics, on
the population distribution of individual pathways.

In our example, the extended approach helps to reveal that welfare policies affect lower-
and higher-income adolescents through the same competition in the low-wage job market but the
mechanisms and implications for their pathways to high school graduation are very different.
Although a greater proportion of lower-income adolescents are in school without a job at any age
under the 1999 policy regime, this translates into only a slightly longer duration in school, which
is much shorter than the gain for higher-income adolescents. The lower proportion graduating
from working while in school contributes to the overall lower graduation rate among lower-
income adolescents. In addition, two negative consequences arise for lower-income dropouts—a
greater proportion in idleness and a longer duration of idleness. These changes in the population
distribution of pathways to high school graduation under the 1999 regime appear to be harmful for
lower-income adolescents. Facing the same competition in the low-wage job market under the
1999 regime, higher-income adolescents experience very different consequences in their pathways

to high school graduation. Their proportion and duration of being in school without a job are
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greater and their graduation rate from being a student without a job is greater. The proportion in
idleness is smaller even thought the duration of idleness is longer. These changes appear to be
neutral for higher-income adolescents.

Overcoming the limitations in our approach will be the direction for future research. For
example, some of the time-varying variables on which microsimulation is based are treated as
time-invariant beyond the last survey of NLSY97. Predicted future values of these variables will
preserve their time-varying nature. If this is performed, methods to deal with multiple-pathway
simulations and the resulting complicated randomness need to be developed. In addition, the
analyses of age profiles and sequencing, timing and duration are still in the beginning stage. More
systematic and succinct quantities of individual pathways are a future goal.

Our approach makes a number of contributions. First, and most importantly, it provides
researchers with the ability to depict and dissect the mechanism by which a key explanatory
variable affects the distribution of individual pathways toward a destination, net of other
covariates. Second, our approach can be widely applied to the many sociological areas using life
course analysis including life course trajectories and pathways in social mobility, stratification,
demographic behaviors, labor market behaviors, family formation and disruption, children's
educational and social achievements, criminal careers, delinquency, and health status. Third, our
approach supports more timely pathway analyses based on current longitudinal data and having
greater analytical and policy relevance. Interest in studying pathways is growing and this approach
offers researchers an alternative to focusing on historical data that provide complete observed
histories (e.g., Sampson and Laub 1996; D'Unger et al. 1998; Shanahan et al. 1997). As
demonstrated in this study, the approach deepens our understanding of the extent to which the

current welfare reform can indirectly impact the life course of adolescents. This ability to predict
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and analyze the distribution of current individual pathways is particularly useful for studies on

current longitudinal phenomena, the process of which is not observed completely.
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Table 1. Observed Proportions of School Enrollment, Formal Employment, and High School Graduation

Age S B N \ G % unobserved Sample n
13 906 .082 011 .0004 0 0 8,897
14 .847 135 016 .003 0 .019 8,728
15 753 221 .020 .005 .002 216 6,973
16 488 434 .033 .028 017 417 5,186
17 337 418 041 .005 155 .609 3,471
18 053 .087 .035 .056 770 721 2,480
19 .0001 .0008 .003 .008 988 .769 2,062

Source: Waves 1-3 and retrospective data of National Longitudinal Survey of Youth (1997).

Notes: The distribution is presented for the last month of each age, with those of other months elided from table. The distribution is
weighted to represent the population pattern. The percentages of the sampled individual (n=8,897) who were unobserved are mainly
attributed to the younger cohorts of the sample, and, to a lesser degree, to non-interviews. S = enrolled in school and not employed; B
= both enrolled and employed; N= neither enrolled nor employed; W= working and not enrolled; G=high school graduation with a
diploma. G is an absorbing state so that individuals remain in the distribution even though he or she might be right censored after

graduation.



Table 2. Effects of Welfare Policies on Transitions Between School Enrollment and Formal Employment and to Graduation:
Estimates from Four Multinomial Logit Models

To S B N \ G
From S
Welfare policy effect for lower-income youth 0 -.14 ** .01 -.11 -.30
(.04) (.09) (.28) (.18)
Welfare policy effect for higher-income youth 0 -.10 ** -20 * -.29 -.05
(.03) (.08) (.25) (.17)
From B
Welfare policy effect for lower-income youth 5wk 0 A1 -.12 -.24
(.06) (.42) (.18) (.23)
Welfare policy effect for higher-income youth .01 0 -.03 -30* .01
(.04) (.40) (.15) (.21)
From N
Welfare policy effect for lower-income youth -.15 -.15 0 -.52 ** --
(.12) (.45) (.15)
Welfare policy effect for higher-income youth -.03 71 0 -31* --
(.11) (.52) (.13)
From W
Welfare policy effect for lower-income youth -.40 -.48 -.14 0 --
(.76) (.28) (.19)
Welfare policy effect for higher-income youth -.10 -.12 -.16 0 --
(.45) (.25) (.17)

Source: Waves 1-3 and retrospective data of National Longitudinal Survey of Youth (1997).

Notes: S = enrolled in school and not employed; B = both enrolled and employed; N= neither enrolled nor employed; W= working and
not enrolled; G=high school graduation with a diploma. “0” indicates the reference category of each model. “—* indicates not a valid
transition. Standard errors of estimates are in parentheses.

*p<.05. **p<.0l.



Table 3. Simulated State Probabilities of School Enrollment, Formal Employment, and High School Graduation

Age S B N W G
14 .855 127 016 .002 0
{.004} {.004} {.001} {.001} {.000}
15 707 259 025 .009 .001
{.005} {.005} {.002} {.001} {.000}
16 .504 386 .038 .027 .046
{.005} {.005} {.002} {.002} {.002}
17 271 378 057 .071 223
{.005} {.006} {.003} {.003} {.004}
18 .061 .096 .068 124 651
{.003} {.003} {.003} {.004} {.005}
19 .005 .009 064 .138 784
{.001} {.001} {.003} {.004} {.005}

Source: Waves 1-3 and retrospective data of National Longitudinal Survey of Youth (1997).

Notes: Estimates of state probabilities are presented for the last month of each age, with estimates for other months elided from table.
The distribution of state probabilities is weighted to represent the population pattern. S = enrolled in school and not employed; B =
both enrolled and employed; N= neither enrolled nor employed; W= working and not enrolled; G=high school graduation with a
diploma. The table presents the average state probabilities from 100 independent Monte Carlo experiments. The standard deviation of
the 100 estimates of a state probability is the standard errors measuring Monte Carlo randomness, presented in braces{}.



Table 4. Effects of Welfare Policies on State Probabilities of School Enrollment, Formal Employment, and High School Graduation

Lower-Income Youth Higher-Income Youth
Age 1992 Regime 1999 Regime Policy Effect 1992 Regime 1999 Regime Policy Effect
H 2 2)-D) 3 4 “-3)
S
14 827 .864 037 ** .835 .860 025 **
(.006) (.006)
15 .639 725 086 ** .659 11 052 **
(.014) (.011)
16 400 513 113 ** 425 492 067 **
(.019) (.015)
17 .176 288 12 %* .200 258 058 **
(.021) (.018)
18 .020 .065 045 ** .028 .045 017 **
(.013) (.014)
19 .001 .004 .003 ** .001 .002 .001 **
(.002) (.001)
B
14 153 113 -.040 ** 143 123 -.020 **
(.007) (.006)
15 318 226 -.092 ** .290 254 -.036 **
(.016) (.013)
16 455 .350 -.105 ** 421 .390 -.031 **
(.023) (.019)
17 381 .350 -.031 ** 368 365 -.003
(.044) (.040)
18 .056 .099 043 ** .070 .079 .009 *
(.039) (.038)
19 .004 .008 .004 ** .005 .004 -.001
(.006) (.004)
N
14 .016 .019 .003 ** .018 .014 -.004 **
(.003) (.002)
15 .027 .037 010 ** .033 .026 -.007 **
(.006) (.005)
16 .037 .061 .024 ** .046 .036 -.010 **
(.009) (.008)
17 .048 .092 .044 ** .064 .059 -.005 **
(.013) (.013)
18 .052 .099 047 ** .065 .055 -.010 **
(.018) (.017)
19 .042 .102 .060 ** .059 .052 -.007 **

(.018) (.019)




Lower-Income Youth Higher-Income Youth

Age 1992 Regime 1999 Regime Policy Effect 1992 Regime 1999 Regime Policy Effect
€)) 2 @-1) 3 4 4)-3)
w

14 .004 .003 -.001 ** .004 .003 -.001 **
(.001) (.000)

15 .014 .012 -.002 ** 017 .007 -.010 **
(.004) (.002)

16 .043 .040 -.003 ** .054 .031 -.023 **
(.012) (.008)

17 .106 .092 -.014 ** 132 .076 -.056 **
(.025) (.017)

18 158 173 .015 209 138 -.071 **
(.038) (.032)

19 .166 187 .021 * 218 .146 -.072 **
(.041) (.037)

G

14 0 0 0 0 0 0
15 0 0 0 0 0 0
16 .066 .036 -.030 ** .054 .051 -.003
(.011) (.012)
17 288 .179 -.109 ** 236 243 .007
(.051) (.058)

18 714 .563 - 151 ** 628 .684 056 **
(.072) (.083)

19 787 .699 -.088 ** 718 796 078 **
(.053) (.055)

Source: Waves 1-3 and retrospective data of National Longitudinal Survey of Youth (1997).

Notes: Estimates of state probabilities under two welfare policy regimes are presented for the last month of each age, with estimates
for other months elided from table. The state probabilities are weighted to represent the population pattern. S = enrolled in school and
not employed; B = both enrolled and employed; N= neither enrolled nor employed; W= working and not enrolled; G=high school
graduation with a diploma. The standard deviation in parentheses is the square root of the variance of the difference in state
probability under the two regimes. It reflects the degree of uncertainty in state probabilities arising from the sampling variability and
measurement error in the estimates of parameters in dynamic models.

*p<.05. **p<.0l.



Table 5. Effects of Welfare Policies on Number of Transitions and Duration in a State

Lower-Income Youth Higher-Income Youth
Proportion Number Proportion Number
1992 1999 Dif. 1992 1999 Dif. 19992 1999 Dif. 1992 1999 Dif.
@) @  @-) (€)] (G CEE) &) ©  (0-05) (7 ® -

BS transition 555 592 .038 ** 1.355 1.396 041 ** .590 572 -.018 1.397 1.363 -.034 **
(.043) (.048) (.030) (.035)

NS transition .104 136 .033 ** 1.093 1.098 .005 122 .099 -.023 ** 1.104 1.074 -.029 **
(.025) (.024) (.024) (.023)

WS transition .026 .012 -014 * 1.006 1.014 .008 .015 .008 -.007 ** 1.023 1.000 -.023
(.032) (.028) (.011) (.019)

S duration 981 .988 .008 ** 12.402  13.582 1.181 ** .984 .986 .002 ** 12.274 13.807 1.533 **
(.003) (.5406) (.001) (:369)

SB transition .865 .831 -.034 ** 1.533 1.572 .039 ** .858 .840 -.019 ** 1.582 1.531 -.052 **
(.022) (.057) (.019) (.041)

NB transition .009 .010 .002 1.012 1.016 .004 .004 .014 .010 ** 1.000 1.008 .008 **
(.009) (.017) (.013) (.011)

WB transition 143 .061 -.081 ** 1.108 1.041 -.067 ** .148 .074 -.074 ** 1.111 1.048 -.063 **
(.039) (.034) (.036) (.032)

B duration .839 771 -.068 ** 7.966 7.263 -.704 ** .827 7194 -.033 ** 7.413 7.667 254 **
(.021) (.655) (.020) (.445)

SN transition 162 227 065 ** 1.113 1.135 021 ** 201 .164 -.037 ** 1.129 1.102 -.027 **
(.031) (.026) (.029) (.025)

BN transition .043 .046 .003 1.019 1.025 .006 * .026 .026 .000 1.012 1.015 .003
(.041) (.023) (.022) (.015)

WN transition 217 212 -.004 1.691 1.372 -.319 ** 258 .148 -.109 ** 1.624 1.349 =275 **
(.046) (.183) (.048) (-129)

N duration .199 295 .095 ** 3.282 5.529  2.248 ** .243 .200 -.044 ** 3.600  4.839 1.238 **
(.041) (.573) (.045) (.485)

SW transition .045 .053 .007 1.012 1.005 -.007 .050 .037 -.013 ** 1.019 1.017 -.002 **
(.036) (.019) (.020) (.010)

BW transition 207 .148 -.058 ** 1.126 1.054 -.073 ** .248 141 =107 ** 1.131 1.052 -.079 **
(.055) (.037) (.051) (.037)

NW transition 253 .240 -013 * 1.733 1.436 =297 ** 290 174 - 116 ** 1.672 1.419 -.253 **
(.045) (.192) (.044) (.134)

W duration 278 298 .021 5.484 6.841 1.357 ** 345 232 =113 ** 6.053 7.135 1.082 **
(.051) (.925) (.056) (.881)

SG transition 244 275 .031 -- -- -- 246 296 050 ** -- -- --
(.068) (.055)

BG transition 542 424 - 119 ** -- -- -- 472 .500 .028 - - -
(.083) (.078)

Source: Waves 1-3 and retrospective data of National Longitudinal Survey of Youth (1997).

Notes: The distribution is weighted to represent the population pattern. S = enrolled in school and not employed; B = both enrolled
and employed; N= neither enrolled nor employed; W= working and not enrolled; G=high school graduation with a diploma.
*p<.05. **p<.0l.



Appendix Table 1. State Probabilities of School Enrollment, Formal Employment, and High School Graduation:

Obtained Analytically
Age S B N W G
14 .855 126 .016 .002 0
15 710 256 .024 .009 .001
16 512 381 .037 .028 .042
17 281 377 .058 .072 212
18 .069 .101 .072 130 .628
19 .006 .009 .070 .148 767

Source: Waves 1-3 and retrospective data of National Longitudinal Survey of Youth (1997).

Notes: Estimates of state probabilities are presented for the last month of each age, with estimates for other months elided from table.
The state probabilities are weighted to represent the population pattern. S = enrolled in school and not employed; B = both enrolled
and employed; N= neither enrolled nor employed; W= working and not enrolled; G=high school graduation with a diploma. The

4
analytically obtained state probability of a particular state at any time point ¢ is P, = ZBJ_IBJ.J_I where P, is the observed proportion
i=1

of each of the four living states in the first month of age 14 and F, , is the estimated transition probability using equation 2.



Figure 1: Transitions Between School Enrollment and Formal Employment and to High School Graduation
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Figure 2: Age Profiles of State Probabilities of School Enrollment, Formal Employment, and Graduation
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Figure 3. Sequencing, Timing and Duration of Pathways to Graduation/Non-graduation
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