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1. INTRODUCTION

Prior to 1982, work life tables in the United States could be viewed as the
labor force counterpart of life tables. Most work in this area emanated from
the US Bureau of Labor Statistics (BLS) and was based on the assumptions
that men entered and left the labor force only once in their lives and women
only entered and left the labor force as a result of a change in their marital
or parental status. The work life model for men especially was demographic
in nature since departure from the labor force was akin to death in a life
table in the sense that labor force reentry was not possible, just as reentry
into a life table cannot occur after death. We now refer to this type of
construct as the conventional model of work life. Tables produced by
Fullerton and Byrne (1976), using data from 1970, illustrate this approach
to work life expectancy (WLE).

The BLS broke away from the conventional model in 1982 and 1986 (US
Bureau of Labor Statistics, 1982, 1986) when it published work life tables
based on a Markov process, or Increment—Decrement model. In Bulletin
2135, the BLS viewed both men and women as “entering and leaving the
labor market repeatedly during their lifetimes, with nearly all participating
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for some period during their lives.” Tables were based on gender, age, initial
labor force status (i.e., initially active in the labor force, inactive, and a
blend of the two), and either educational attainment or race. Bulletin 2135,
based on 1977 data, contained the BLS’s first Markov work life table, but it
also contained the most complete exposition of the conventional model, as
well as some WLEs computed with the conventional mode]. The 1986 table
in Bulletin 2254, based on 1979-1980 data, was the last BLS or other US
government agency prepared WLE table; it contained only Markov
process—generated tables. Others (primarily Ciecka, Donley, & Goldman.
2000; Skoog & Ciecka, 200]a, 2001b; Millimet, Nieswiadomy, Ryu, &
Slottje, 2003; Krueger, 2004) have produced updated WLE tables with
essentially the same method as pioneered by the BLS in its 1882 and 1986
bulletins.

A relatively small minority of forensic economists have used the LPE
model of labor market activity. In this model, one multiplies L (probability
of survival) by P (probability of participating in the labor force) and by E
(probability of employment). The LP part of this model is, in effect, another
alternative to the conventional model and the Markov model of work life.
We discuss relations among the Markov, conventional, and LPE models in
Section 2. Section 3 contains a discussion of the most recent Markov
process—related work in the United States. Section 4 presents the theory and
an example of an occupational-specific WLE table. Section 5 contains a
brief comparison between US and UK work life-related research. We
conclude with some ideas for future research in Section 6.

2. MARKOY, CONVENTIONAL, AND LPE MODELS

Transition probabilities comprise the primitive terms in a Markov process
model. We let "p% denote the probability that a person in state »7 at age x
will be in state 1 at age x+ 1 where m = {a,i} and n = {a,i,d) and where a
stands for active in the labor force, 7 for inactive, and d for the death state.
We assume

i+ pl+pt =1
e+ pl il =1 )

and that the transition to state d does not depend on being active or inactive,

ie, pd=p? ="p? Let 9, and /. denote the number of actives and

inactives at age x in a specific group (usually defined by gender, education.
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and initial labor force status). The magnitudes of ¢/.and I, correspond to
the active and inactive portions of a population if we desire WLE regardless
of initial state. If instead we desire work life for initial actives, let %/, equal a
radix value (usually taken to be 100,000) and set /, = 0. Conversely, for
work life for initial inactives, set ¢/, = 0 and ‘I, = 100, 000. The Markov
process model utilizes the recursions in

U1 = apialx + [piilx

. ; A 2
'[x+1 :ap,l\»alx+'pf\-11x (—')

If transitions occur uniformly throughout the year between age x and
x+1, then

L8 =50+ ep) 3)

captures person-years of activity between ages x and x+1. WLE without
regard to initial labor force status at age x becomes

.. TA-1 qu A
SR ()

where TA denotes the youngest age at which everyone in the population has
died. Using */, = 100,000 and ‘I, = 0 in Eq. (2), work life for initial actives
is obtained as follows:

TA-1 ra
Lj

%l = Z o (4b)

J=x

Using ¢, = 0 and ‘I, = 100,000 in Bq. (2), work life for initial inactives is
obtained as follows:

TA-1 ra
L;

=) 7 (4c)

J=x

The Markov model places no restrictions of transition probabilities beyond
being nonnegative and fulfilling Eq. (1). However, Skoog and Ciecka
(2004b) have shown that both the conventional model and the LP part of
the LPE model are in fact Markov models themselves but with additional
restrictions imposed on transition probabilities. To see this, let [, denote the
number of people alive at age x, let L, = .5(I; + /,+() be the average number
alive between ages x and x-+1, and let pp, denote the labor force
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participation rate at age x. Then the conventional model requires

Ly
aa x+1
P < Ly )

ap’l;‘ =0

i = (Lx+1> ((ppx+x —ppx)) (5a)
¥ Ly (1 —pp.)
[p,’ _ (Lx+1> <] _ (pp,\'—i-l _pp\)>
) Ly (1 —ppy)
before the age of peak labor force participation, and it requires
0 — (L.\-+1> (pp.m)
: Ly PPy
api — <L.\'+l> (1 _PP,\-+1>
' Ly PPy (5b)

beyond the age of postpeak labor force participation.'
The LP part of the LPE model requires

a ina L !
“p='p} = ( = >pp.\-
x

(6)

o L.

“p="py = (_.;1) (1~ ppy)
X

These extremely restrictive assumptions make little sense. For example,
the conventional model for men requires that nobody leaves the labor force
for any reason other than death (i.e., ?pl = 0) prior to peak labor force
participation that occurs at about age 34, and it completely disallows labor
force entry after the age of peak labor force participation (i.e., p% = 0). The
LPE model does not recognize that labor force status at age x tells us
anything whatsoever about status at age x+ 1 (i.e.. °p% = ‘p&% and “pf = pl).
These severe restrictions are wrong on their face and certainly are
disconfirmed by estimates of transition probabilities (see Krueger, 2004 for
estimates of transition probabilities that show that these assumptions are
wrong).
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The BLS properly abandoned the conventional model in Bulletin 2135 in
favor of the more general Markov model, here summarized by Egs. (1)-(4c).
This model, without the restrictive assumptions in Egs. (5a) through (5¢),
dominates the conventional and the LPE models theoretically, empirically,
and in use. Skoog and Ciecka (2004b) conclude that “*... there is every
reason to embrace the Markov model until it too is dominated by a superior
model.” Tn what follows, the term Markov model refers to the unrestricted
version that is free of the assumptions in Egs. (5a), (5b), and (6) even though
the conventional model and the LPE model are, strictly speaking, Markov
models themselves.

3. MARKOV WORK LIFE TABLE RESEARCH IN THE
UNITED STATES

Prior to 2001, the primary object of Markov model work, as with the
conventional model, was to produce a single expected value, WLE, given a
person’s gender, age, initial labor force status, and either education or race.
Skoog and Ciccka (2001a, 2001b, 2002, 2003) were able to capture the
Markov model’s probabilistic implications by viewing years of activity (YA)
and years to final labor force separation (YFS) as random variables. This
allowed them to determine entire probability mass functions (pmf’s) for YA
and YFS and move beyond the study of expectations. To explain this
approach, let YA,, denote the years-of-activity random variable with
pyalx,m,y) being the probability that a person who is in state m at exact age
v will accumulate YAy, = y years of labor force activity in the future. In a
similar vein. let YFS,, denote the years-to-final-separation random
variable where pygg(x,m,y) represents the probability that a person who
is in state 1 at exact age x makes a final separation from the labor force in
YFS,,, = v years. YA and YFS differ in that the former only counts time in
the labor force: the latter counts all time, including inactive time, prior to
final departure from the labor force.

The YA and YFS probability mass functions with midperiod transitions
for initial actives and inactives are specified below by the combination of
global conditions, boundary conditions, and main recursions. With pmf’s in
hand. measurement of labor market activity was not limited to expected
values (like WLE); other measures of central tendency such as properly
computed medians (often used for final labor force separation in the case of
YFS) and modes could be computed. Measures of dispersion and shape like
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the standard deviation, skewness, and kurtosis can be computed as well. In
addition, probability intervals of various sizes can be calculated. The 50%
probability interval may be of particular importance since it corresponds to
the idea of accuracy to within a reasonable degree of economic certainty. a
critical concept when providing expert testimony. In short. we know the
entire probability distribution implied by the Markov model given gender.
age. initial labor force status. and education. Skoog and Ciecka provided 24
tables for YA and another 24 tables for YFS characteristics — for six
education groups for two initial labor force states for each gender. Tables 1
and 2, for initially active men with a high school diploma on]y illustrate the
most important characteristics captured by the pmf’s.> A separate pmf
underlies every row in Tables 1 and 2 and in all of 24 tables published by
Skoog and Ciecka. As an illustration, Figs. 1 and 2 show pmf’s for 30-year-
old initially active men with high school diploma only. In Table 1, nitially
active 30-year-old men have a WLE of 28.26 years, and a median and mode
of 28.90 and 30.50, respectively, with a distribution that is slightly skewed to
the left (skewness coefficient of —.66) and a bit leptokurtic (kurtosis
coefficient of 3.60). The standard deviation of YA is 8.36 years, implying a
coefficient of variation of approximately .30. The smallest interval contain-
ing 50% of the probability is 26.50 years on the low side and 35.28 years on
the high side, whereas the interquartile range is from 23.17 to 33.35 years.
The interval which excludes 10% of the probability in each tail of the

Table 1. Skoog/Ciecka Years of Activity Characteristics for Initially
Active Men with a High School Diploma Only.

Age WLE Minimal 50% P1

Mean Median Mode SD SK KU Low High  25th% 75% 10% 90%

30 28.26 28.90 30.50 8.36 —0.66 3.60 26.50 35.28  23.17 33.35 16.49 37.27
31 2740 28.01 29.50 8.25 —-0.63 3.52 25.50 3420 2233 32.43 15.73 36.33
322655 2701 28.50 S.14 —0.60 3.45 24.50 33.13  21.50 31.50 15.00 35.39
33 2571 2622 27.50 8.02 —0.56 3.39 23.50 3205  20.67 30.58 14.28 34.45
34 2486 2533 27.50 7.90 —0.53 3.32 23.03 31.50  19.84 29.66 13.57 33.5]
35 24.02 2445 2650 7.78 —0.50 3.26 22.11 30.50  19.01 28.74 12.85 32.39
36 23.18 2356 25.50 7.66 —0.46 320 21.21 29.50 1820 27.82 12.15 31.66
37 2235 2267 2450 7.53 —-0.42 3.15 2031 28.50  17.40 26.90 11.49 30.73
38 2153 2178 2350 7.40 —0.39 3.10  19.4) 27.50  16.61 25.99 10.82 29.80
39 20.71 2090 2250 7.26 -0.35 3.06 18.50 26.47 15.82 25.07 10.18 28.88
40 1989 20.02 21.50 7.12 ~0.31 3.02 17.64 25.50  15.04 24.16 9.57 27.95

Source: Skoog and Ciecka (2001b).
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Table 2. Skoog/Ciecka Years to Final Separation Characteristics for
Initially Active Men with a High School Diploma Only.

Age YFSE Minimal 50% PI

Mean Median Mode SD SK KU Low High 25th% 75% 10% 90%

30 33.69 3347 33.30 10.37 -0.42 3.70 28.50 38.94  28.09 39.54 20.00 45.95
31 3276 3249 32,50 10.27 -0.38 3.63 27.50 37.91 2744 38.55 19.18 44.96
32 31.83 31.52 31.50 10.16 —0.34 3.57 26.50 36.87 26,19 37.57 18.37 43.97
333091 30.54 30.50 10.05 —0.30 3.50 25.50 35.83 2524 36.59 17.56 42.99
34 2998 29.56 29.50 9.95 -0.26 3.44 24.50 34.80 2430 35.61 16.76 42.00
35 29.06 28.59 28.50 9.84 —0.22 3.39 23.50 33.76  23.36 34.64 15.96 41.01
36 28.14 27.62 27.50 9.73 —0.18 3.33 22.50 3271 2242 33.66 15.17 40.03
37 2723 26.64 26.50 9.62 —0.14 3.28 21.50 31.67 2149 32.68 14.39 39.04
38 2631 2567 2550 9.51 -0.09 3.24 20.50 30.62  20.55 31.71 13.61 38.06
39 2540 2471 2450 9.40 —0.05 3.19  19.50 29.57  19.61 30.74 12.84 37.08
40 2450 23.74 2350 9.29 —0.01 3.15 18.50 28.52 18.67 29.76 12.08 36.10

Source: Skoog and Ciecka (2003), with permission from National Association Forensic
Economics.
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Fig. 1. PMF for Years of Activity for Initially Active 30-Year-Old Men with High
School Diploma Only.

distribution ranges from 16.49 to 37.27 years. From Table 2, we know that
initially active 30-year-old men with only a high school education have an
average of 33.69 years until final separation from the labor force,
approximately 5.4 years more than WLE. The remainder of the age-30
row gives the other characteristics of years to final separation as Table 1
does for years of labor force activity.



142 GARY R. SKOOG AND JAMES E. CIECKA

0.06

0.05 g

0.04 . .

0.03 v

Probability

0.02 - -

0.01 R v

*
-
*
PR S0 -

Y Ritadeatad , , , e
0 10 20 30 40 50 60

Years

Fig. 2. PMF for Years to Final Labor Force Separation for Initially Active 30-
Year-Old Men with High School Diploma Only.

Global Conditions for Random Varjables RV e {YA.YFS} with Midpoint
Transitions

Pry(X,4,3) = pry(x,i,y) =0 if y<0 or y>TA—-—x~5
Prv(TA,a,0) = Pryv(TA,i,0) =1

Pl="pt=1 for x>TA—]

YA Probability Mass Functions for YAym=y for me{ai} with
Midpoint Transitions

Boundary Conditions
p\’A(‘xs a, O) =0

Pya(X,a,.5) = “p{ + “plpya(x + 1,1,0)
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Pya(x,1,0) = "pfi + ployalx+1,1,0)
for x=BA,..., TA-1

Main Recursions

pYA(x: a:y) = ap.{;pYA(x + 1,(1,)’ - ‘l) + apf\:pYA(x-}— 1: i:}’ - 5):
p=152535,... TA—x—.5

pYA(-x> i>y) = [[)fipyAOC -+ l,a,y - 5) + ipf.\'pYA(x + 1,i,))),
y=123,..., TA-x~—5

for x =BA,..., TA-1

YFS Probability Mass Functions for YFS,, =y for me{ai} with
Midpoint Transitions

=

Boundary Conditions
pyes(x,a,y) =0, y=0,1,2,3,..., TA -1

pyes(n i) =0, y=.51,23,...TA-1
pYFS(x: a, 5) = aPi + api:pYFS(x + l, i, 0)

pyes( i, 0) = p + plpyrs(x 4 1,1,0)
for x=BA,..., TA -1

Main Recursions

Pyrs(6 a,p) = “pipyps(x + La,y — 1) + pipyps(x + L,y —1)

pYFS(X: i:y) = [pjlcpYFS(x + 1: a,y — 1) + ipf:oDYFS(x + 1: i: y—- 1)

for x=BA,...,TA—1land y=15,25,3.5,..,TA-x-5
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Skoog and Ciecka (2004b) also bootstrapped estimates of standard errors
for WLE and other characteristics illustrated in Table 1. Bootstrapped
standard errors refer to WLE expectancy itself and other YA characteristics
due to sampling error, whereas the standard deviations illustrated in Table 1
refer to intrinsic variation in YA in the population itself. Bootstrap standard
errors are much smaller than the standard deviations in Table 1. The former
give us information about the accuracy of estimates of WLE (and other
characteristics), whereas the latter refer to the range of years of labor market
activity. Table 3, for all initially active men, illustrates bootstrapped
standard errors. The bootstrap standard error for WLE is .20 years for
initially active 30-year-old men in Table 3. That is, the sampling error is
much smaller than the standard deviation of YA itself, which was found to
be 8.36 years in Table 1.

Millimet, Nieswiadomy, Ryu, and Slottie (MNRS, 2003) use data from
1992 to 2000 to estimate WLEs using the BLS approach to a Markov
process outlined above, and they also estimate parametric models of
transition probabilities using logit functions. Referring to the BLS and logit
approaches, they indicate that “[fJor both males and females the work life
expectancies are extremely close ... at all education and age levels.” MNRS
also estimate a multinomial logit function that they use to get work life
estimates for those initially employed, unemployed, and inactive. They have
two main conclusions: (1) for both men and women with less than a high
school education, work life estimates for the unemployed are closer to work
life estimates for inactives than for those employed and (2) as education
increases, work life estimates for the unemployed approach work life
estimates for employed people. Table 4 illustrates their work life tables for
employed, unemployed, and inactive men.? The standard errors for WLE
initially active men with only high school education are about the same size
as the bootstrap standard errors reported by Skoog and Ciecka (see Table 3)
but much smaller than the standard deviations of years of population
activity in Table 1.

Krueger (2004) published WLEs by age, gender, labor force status, and
education using 1998-2004 data. Table 5 illustrates some of Krueger’s
results.” Krueger's WLEs are quite close to those reported by Skoog and
Ciecka (compare WLEs in Table 1 with the active column in Table 5).
Krueger also provided counts of people in initial active and inactive states
and the numbers that moved from one state to another by age, gender, and
education. This information enables anyone to compute transition
probabilities that are basic to a Markov process. Besides being current,
Krueger, as other researchers, utilized the Current Population Survey, the
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Table 3. Skoog/Ciecka Bootstrap Estimates of the Mean and Standard
Deviation of Years of Activity Characteristics for [nitially Active Men,
Regardless of Education.

Age Bootstrap Bootstrap Bootstrap Boorstrap Bootstrap Bootstrap
Mean of WLE SD of WLE Mean of Median SD of Median Mean of Mode SD of Mode

30 29.35 0.20 29.97 0.20 3177 0.84
31 28.48 0.20 29.05 0.20 30.82 0.85
32 27.61 0.19 28.14 0.20 29.88 0.86
33 26.75 0.19 27.23 0.20 28.92 0.87
34 25.89 0.19 26.32 0.20 27.97 0.87
35 25.03 0.19 25.41 0.20 27.03 0.88
36 24,17 0.19 24.50 0.20 26.07 0.88
37 23.32 0.19 23.59 0.19 25.11 0.88
38 2247 0.19 22.63 0.19 24,15 0.89
39 21.62 0.19 21.78 0.19 23.18 0.89
40 20.77 0.19 20.87 0.19 22.22 0.90
Age Bootstrap Bootstrap  Bootstrap Mean Bootstrap SD Bootstrap Mean Bootstrap SD
Mean of SD  SD of SD of Skewness of Skewness of Kurtosis of Kurtosis
30 8.19 0.10 -0.81 0.04 4.02 0.10
31 8.08 0.10 -0.78 0.04 3.92 0.10
32 7.96 0.10 ~0.74 0.04 3.83 0.10
33 7.84 0.10 -0.70 T0.04 3.74 0.09
34 7.72 0.10 —-0.66 0.04 3.65 0.09
35 7.59 0.10 -0.62 0.04 3.57 0.08
36 7.46 0.10 —-0.58 0.04 3.49 0.08
37 7.33 0.10 -0.54 0.04 3.41 0.08
38 7.20 0.10 -0.49 0.04 3.34 0.07
3 1.07 0.10 ~0.45 0.04 3.27 0.07
40 6.94 0.10 —-0.40 0.04 3.20 0.07

Age  Bootstrap  Bootstrap Bootstrap  Bootstrap Bootstrap Bootstrap Bootstrap  Bootstrap
Mean of  SD of 25th  Mean of  SD of 75th Mean of  SD of 10th  Mean of SD of 90th

25th% Percentile 75th% Percentile 10th% Percentile 90th% Percentile
30 24.69 0.25 34.27 0.21 18.11 0.32 38.04 0.25
31 23.82 0.25 33.33 0.21 17.35 0.32 37.09 0.24
32 22.95 0.25 32.40 0.21 16.60 0.31 36.15 0.24
33 22,10 0.25 31.46 0.21 15.85 0.31 35.20 0.24
34 21.25 0.25 30.52 0.21 15.13 0.30 34.25 0.24
35 20.40 0.24 29.59 0.21 14.41 0.30 33.31 0.24
36 19.55 0.24 28.65 0.21 13.69 0.29 32.36 0.24
37 18.71 0.24 27.72 0.21 12.99 0.29 3141 0.25
38 17.87 0.23 26.79 0.2t 12.29 0.29 30.46 0.25
39 17.03 0.24 25.85 0.21 11.60 0.28 29.52 0.25
40 16.21 0.24 24.92 0.21 10.93 0.27 28.57 0.25

Source: Skoog and Ciecka (2004a), with permission from National Association of Forensic
Economics.
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Table 4. Millimet/Nieswiadomy/Ryu/Slottje Work Life Expectancies
and Standard BErrors for Initially Active Men with High School Diploma

Only.
Age WLE Standard Error
30 29.471 267
31 28.606 .266
32 27.735 .264
33 26.862 263
34 25.989 262
35 25.112 261
36 24.240 259
37 23.370 258
38 22.504 256
39 21.641 254
40 20.782 252

Source: Millimet, Nieswiadomy, Ryu, and Slottje (2003).

Table 5. Krueger's Work Life Expectancies for Initially Active,
Inactive, and All Men with a High School Diploma Only.

Age All Inactive Active
30 28.46 ‘ 26.35 28.64
31 27.63 25.46 27.77
32 26.74 24.55 26.91

33 25.883 23.72 26.05
34 25.01 22.83 25.20
35 24.10 21.72 24.34
36 23.24 20.75 23.48
37 22.43 19.87 22.63
38 21.52 18.88 21.77
39 20.69 17.92 20.93
40 19.30 16.88 20.09

Source: Krueger (2004), with permission from National Association of Forensic Economics.

same data used by the BLS to compile labor statistics. Among other
attributes, his dataset replicates US participation rates reported by the BLS,
which gives users a high degree of confidence in his transition probabilities.
Forensic economists can use Krueger’s WLEs directly from his tables, but
the transition probabilities themselves allow users to compute all of the
individual terms in Eqgs. (4a)-(4c). These terms, when summed, comprise

i
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WLE. However, each individual term may be of interest when calculating
the present value of lost earnings because successive individual terms are
subject to greater discounting. For example, using Eq. (4b), individual terms
are L3/, Ly /e, L3a_y /%l with present values of (L%/9L)(1 +
)72 (L [+ )7 (Lo /L)1 + 7)™ for lost earnings
of one dollar at ages x, x-+1,..., TA~1 using r for the net discount rate
and assuming midperiod receipt of earnings.’ Krueger also announced
his intention to make transition probabilities available on a rolling
10-year basis. His most currently available data covers the period 1998—
2007.

Krueger, Skoog, and Ciecka (2006) calculated WLEs for full-time and
part-time workers based on the Markov model. This research provides the
first estimates of the percentage of work life spent in full-time activity and
part-time activity. It also shows differences in work life for those initially in
full-time activity and part-time work. The underlying Markov theory
resembles Eqs. (1)-(4c). Using f7, pt, and i for full time, part time, and
inactive, respectively, we have

o+ + P+ = 1
Pl P PPl P = ] )
zp§+rp§t+lp;+1p§:1

The left superscript indicates beginning period status at age x, and the
right superscript indicates the status at the end of the period. We assume
that 1pd = P'pd = p? =*pd i.e., the probability of dying is independent of
labor force status. If one wishes WLE conditional upon an initial status, say
full-time, set /1, to 100,000, and #/, = 0 and ‘I, = 0 to start the recursions
in Eq. (8) and calculate the number of persons in the statuses on the left-
hand sides at age x+ 1:

S lx-H :frpgf[lx“tpgptlx+ipgilx
ptlx_H:ﬁpitft[x_}_prpitptlx_*_ipitilx (8)
i1x+1 :ﬁpiﬂlx"{"ptpip[lx'fjpiilx

Define

ﬂLx = S(ﬂZx +ﬁlx+1) (9)
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as the person-years spent in the full-time state, and calculate

J=TA=lgiy
J

fi= > 7 (10)
Jj=x ¥

as the WLE of years in the full-time state (the upper right ft superscript)
having started in the fi state (the upper left superscript) for a person exact
age x.

To count time in the part-time state, but again starting in the full-time
state, we compute

/”L_\' = -5(]”].\' +p’[.\'—l»l) (.l 1)

as the person-years spent in the part-time activity. We calculate the WLE of
part-time years, starting full time, as

.=TA—1[H‘L,
fehl= 3 n (12)
=

In this way, overall WLE from the full-time state is defined by the sum of
the time in the active states, full-time and part-time, as

feg =lell S (13)

Had we begun in the part-time state, we would have started Eq. (8) with
Sl = 0,71, = 100,000, and ‘I, = 0 and calculated ”'¢/ and #'e/’. If inactivity
had been the initial state, we would have assumed f’] 0, Pl =0, and

= 100,000 and calculated e/ and fe?’.

Table 6 illustrates some Krueger/Skoog/Clecka results for part-time/full-
time activity for males with high school diploma only. For example,
consider 30-year-old males who are employed full time. The expected
number of years in future part-time work is 2.12 years, and the expected
time in full-time activity is 26.53 years. Total expected labor force time
would be 28.65 years (= 2.12+26.53), and approximately .93 (= 26.53/
28.65) of labor force activity would be in the full-time state (see the last
column of Table 6).

In a recent paper, Skoog and Ciecka (2008) presented estimates of the
mean and other distributional characteristics of the present value random
variable evaluated at several net discount rates. This research contains the
first tabulations of the mean, median, standard deviation, skewness,
kurtosis, and probability intervals for present value functions at various
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150 GARY R. SKOOG AND JAMES E. CIECKA

net discount rates. Table 7 shows these characteristics for 30-year-old men,
regardless of education, at net discount rates of 0, .005, .01, .0125, .0150,
0175, .02, .025, .03, .035, and .04. The row with the net discount rate of zero
gives WLE and the distributional characteristics of years of labor force
activity for men age 30. The table shows negative skewness at all net
discount rates, with the median exceeding the mean present value. Standard
deviations vary inversely with discount rates, and probability intervals
tighten (e.g., see the interquartile range) as net discount rates increase. The
Ogden tables, discussed in Section 5, contain expected present values at the
legally mandated rate-of 2.5% in Great Britain. However, none of the
distributional characteristics in Table 7 have been estimated for the present
value random variable in any previous work in the United States or
elsewhere.

4. OCCUPATION-SPECIFIC WORK LIVES

In most applications, forensic economists assume, implicitly or explicitly,
that all future work life will be in the occupation used to determine the
earnings base. While this is reasonable in many applications, we know that
this would not be a good assumption for workers in some occupations. For
example, professional baseball and football players do not continue in these
occupations as would be suggested by the WLE table for the overall relevant
population. While many such persons may continue in their sport in a
related role, such as a coach, scout, or announcer, the time spent in
competitive play is drastically shorter than the years dictated by one of the
population work life tables, and competent forensic economists would
adjust their estimates accordingly. However, there are less obvious
situations, such as railroad workers (shorter work lives than average) and
forensic economists (likely longer work lives than average). Because reliable
occupation- or industry-specific data and technically trained economists,
statisticians, demographers, or actuaries are needed to produce such tables
on a case-by-case basis, there are relatively few such tables currently
available.

Skoog and Ciecka (2006a) used multiple decrement theory, known as
competing risks in biometrics, to estimate WLEs and other distributional
characteristics of railroad workers. The Bureau of the Actuary of the US
Railroad Retirement Board collects data for all US railroad workers. In this
theory, transitions into railroad work are disallowed, but death, disability,
retirement, or withdrawal (to another occupation or jout of the labor

t
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152 GARY R. SKOOG AND JAMES E. CIECKA

force) cause members to leave the occupation. They use the following
notation:

X denotes exact age:

) denotes the youngest age for which the probability of being active
in the railroad industry is zero:

s denotes years of railroad service. here s =0,...,x = 17;

q’(\l) denotes the mortality rate between age x and x4+ 1 (this is the net
rate of mortality),

%) denotes the probability of a railroad disability retirement between x
and x+ 1 given s years of service;

c(ﬁg denotes the probability of a railroad age retirement between x and
x+1 given s years of service;

)

q3) denotes the probability of withdrawal from railroad work between
x and x4 1 given s years of service;

¢ =g — 5((/(2) g+ g, ¢ denotes mortality probability;

/VLECR denotes competing risks railroad WLE for an individual at age x
with s years of railroad service under the assumption of mortality,
disability, age retirement, and withdrawal as the competing risks.

The probability that a railroad worker age x with s years of service in
railroad work will remain in the railroad industry at age x4 1 is

1P =1 =0+ 2+ 40+ ¢9) (14)

The probability of continuing as a railroad worker is defined recursively
by

1) (3) (4)
H—lpx,s = l/)\,s[] - (C/f\+1 \'+1,s+, + 9,\+u+: + q\+i,s+i)] (] 5)
where i=1,...,w—x—1 and w-xPys =0

The pmf for future years of railroad work YA for a person age x with s
service years in the competing risks (CR) model consists of the boundary
condition and a main recursion in

Boundary Condition: pgi(x, $,.5) =1=pys

Main Recursion: pgi (X,8,)) = y=5Pxs ~ y4.5Pxs (16)

=1525....w—x—.5
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Table 8 illustrates railroad WLEs and standard deviations (see the column
entitted New CR Expectancy and the column immediately to its right)
computed with Eqs. (14)-(16) for railroad workers ages 30, 35, and 40 with
various years of service. The column in Table &, entitled Old AAR-Type
Expectancy, contains WLEs when withdrawals ¢%) are excluded from Eqs.
(14)-(16). This column resembles work previously published by the
Association of American Railroads. One immediately notices the striking
difference in work lives between the new and old estimates reflecting the
importance of withdrawals from railroad work. Finally, the last two columns
of Table 8 show Increment-Decrement model WLEs and standard
deviations that reflect the special 30 year/age 60 retirement provisions
enjoyed by railroad workers. This is a hybrid model that aliows for entry and
egress until age 60 but disallows reentry into railroad work after age 60.°

Skoog and Ciecka (2009) presented a paper that calculated work lives of
position players in major league baseball. The model was the first to move
beyond a first-order discrete state Markov model to a second-order model,
allowing next year’s state to depend on the states not only in this period but
also in the previous period. The data problem is solved because information
on the playing careers of baseball players is publicly available in the United
States. :

Table 8. Work Life Expectancies of Railroad Workers Utilizing
Competing Risk (CR) Theory and the Increment-Decrement Model.

Age Service New CR Standard Old AAR-Type ID Standard
Years Expectancy Deviation Expectancy Expectancy Deviation
30 0 14.21 12.03 27.05 28.81 6.58
30 5 18.51 11.34 26.62 26.71 5.52
30 10 20.20 10.74 26.20 26.71 5.52
35 0 13.68 11.46 24.92 24.49 6.53
35 5 16.55 9.26 22.31 24.04 5.92
35 10 17.72 8.67 21.87 22.24 5.04
35 15 18.43 8.22 21.45 22.24 5.04
40 0 12.18 9.81 20.84 20.35 6.10
40 5 15.52 8.32 20.31 20.06 6.10
40 10 14.33 6.89 17.66 19.61 5.45
40 15 15.13 6.60 17.21 17.80 4.53
40 20 15.21 6.57 16.84 17.80 4.53

Source: Skoog and Ciecka (2006a), with permission from National Association of Forensic
Economics.
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5. COMPARISON OF MARKOV WORK LIFE TABLE
RESEARCH IN THE UNITED STATES AND UNITED
KINGDOM

We take the paper by Butt, Haberman, Verrall, and Wass (BHVW, 2008),
based on 1998-2003 data, to be the standard for Markov work life research
in the United Kingdom. That paper is an important contribution to the
literature and rightfully focuses on a Markov process model embedded in
Ogden-type tables. When comparing their work with US research, the main
differences occur in regard to the information embedded into WLE. In the
United Kingdom, several variables are incorporated into WLE that usually
are kept separate in the United States.

In the United States, WLE typically refers to time in the labor force,
whether working or looking for work. BHVW use the term more
reéstrictively to denote time spent working — time spent unemployed being
excluded from WLE. Both constructs have merit. On the one hand, we
recognize that earnings and fringe benefits flow from actual work time
rather than time in unemployment, and losses due to personal injury and
wrongful death should capture foregone earnings and benefits. Therefore,
BHVW’s usage seems appropriate in personal injury and wrongful death
matters. On the other hand, the US concept of WLE has merit as well.
Consider a person with a work and earnings history encompassing several
years. The effects of unemployment on earnings will then be incorporated
into that individual’s earnings base (BHVW’s multiplicand), and no
additional adjustment for unemployment would be required or desirable
for that person. When including only employed time in WLE, one must be
careful to not double count the effects of unemployment: once in a plaintiff’s
base earnings and a second time embedded in WLE. To avoid double
counting the effects of unemployment, the forensic economist may have to
“gross up” the earnings base to a full-employment equivalent before
applying a BHVW-type WLE (their multiplier) that already has been
diminished by the probability of unemployment.

In BHVW’s construct, WLE is a present value. It would be similar to
computing the present value of each term in Eqgs. (4a), (4b), or (4c) and then
summing all terms. This 1s not commonly done in the United States where
WLE consists of undiscounted labor force time. The US convention
potentially creates a “front loading” problem and overestimates of lost
earnings (Skoog & Ciecka, 2006b). This problem is avoided in BHVW’s
construct of work life that focuses on present value, the ultimate object of
interest for conipen’_sation purposes. However, a specifig net discount rate

) |
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(2.5%) is embedded in WLE as calculated by BHVW. If, for whatever
reason, a forensic economist wanted to use another discount rate, the
BHVW-type WLE would have to be recomputed.

BHVW report standard errors for their WLEs. This is important because it
enables users to better judge accuracy and formulate ranges within which loss
estimates should lie. Similar standard errors have been computed using the
US notion of WLE. In addition, standard errors have also been computed for
the median, mode, standard deviation, skewness, kurtosis, and various
percentile points for the US version of WLE (Skoog & Ciecka, 2004b).

BHVW incorporate disability into their WLEs. Tn the United States, a
vocational expert often presents courtroom testimony integrated with work
of a forensic economist in personal injury matters. Vocational experts are
replaced in the BHVM tables by average employment experience of disabled
people in the UK database. However useful this might be if only a “rough
and ready” multiplier is deemed sufficient, the use of such averages generally
is avoided in the United States where vocational experts assess the plaintiff
for type of work and ability to hold competitive employment, postaccident.
They take into account the unique qualities of the injured party — the effects
of his education, training, occupation, and transferable skills. Rather than
determine that a large statistical group might retain some fraction of its
former capacity when disabled, a more individual analysis is undertaken. In
considering transferable skills and acknowledging that the vast hetero-
geneity in the disabled population gives little guidance for “disabled”
individuals, it is concluded that, if the injured plaintiff can hold a job
postaccident and absent specific medical evidence to the contrary, economic
losses are likely to be reflected in lower earnings (multiplicand) in the
postaccident job rather than in lowered WLE. For example, the employ-
ment experience of “‘disabled” coal miners from a particular musculoskeletal
injury has virtually nothing to say about what the prospective employment
experience would be for an injured plaintiff schoolteacher suffering an adult
onset brachial plexus injury, who further has a duty to mitigate damages by
working if possible. The illusion of precision in using disability data often
adds noise rather than signal, and can in fact create damages where none
exists. For example, by declaring a person disabled who is earning the same
amount in the same job postaccident, a statistically irrelevant lowered work
life spuriously assigns damages where none may exist.

Finally, UK work life research deals only with WLE (the mean of
additional years of labor force activity) whereas work in the United States
has dealt with probability distributions of YA and its characteristics,
including WLE.
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6. POSSIBLE FUTURE RESEARCH

Future WLE-related research will likely progress along several fronts.

(1) Tables will be updated. New tables probably will be based on Krueger’s
1998-2008 transition probabilities.

(2) Updated tables will likely contain more refined educational groups. For
example, those with a formal high school education may be separated
from GED holders. New educational groups may include only those
with PhDs and other more advanced educational attainments. )

(3) Expected present values of active time, as well as other distributional
characteristics of the present value random variable, may be computed
for a range of net discount rates.

(4) More parametric functions may be estimated and used to calculate WLE
and other labor force varjables.

(5) New tables and/or parametric functions may include variables like race
and the impact of both race and education.

(6) We may improve on the Markov model itself, which is a discrete state
autoregressive process of order one, since transition probabilities
depend on a person’s current labor force state but not on the path of
labor force states that led to that state. An autoregressive model of order
two would incorporate information on a person’s current state and
previous state. So, for example, a person being active at age x—1 and
active at age x may lead to a different transition probability of being in a
certain state at age x4 1 than for the case of a person who was inactive
at age x—1 and active at age x.

NOTES

1. Monotonicity conditions also must be fulfilled in order to get sensible estimates
of transition probabilities. In Eq. (5a), ‘p? would be negative if pp, ., < pp, for ages x
and x4 1 prior to peak labor force participation. Similarly, estimated aps. would be
negative in Eq. (5b) if pp, +1>ppx for postpeak participation rates. Since
probabilities cannot be negative, the model could not be used if estimated
participation rates implied negative transition probabilities.

2. Only ages 3040 are shown. Complete sets of tables begin at ages 16, 18, 22, and
26, depending on educational attainment, through age 75.

3. Depending on educational attainment, MNRS tables start at ages 16, 17, or 2]
and end at age 85.



Markov Work dj’fe Table Research in the United States - 157

4. Krueger supplies 10 transit tables by gender and education that can be used to
compute transition probabilities. He also gives WLEs by gender and education for
initial actives, inactives, and without regard to initial status. Tables begin at ages 17,
18, or 20 depending on education and run through age 75.

5. See Skoog and Ciecka (2006b) for an alternative approach that computes the
present value of lost earnings using WLE and then corrects for {ront loading by using
a set of nomograms for net discount rates of .01, .02, .03, and .04.

6. See Skoog and Ciecka (1998, 2006¢) for additional estimates of Old AAR-Type
expectancies and Markov process expectancies for railroad workers.
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