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Introduction and summary
The supply of manpower has always been a concern to the military,
but this issue took on greater importance in the events leading up to
the creation of the All-Volunteer Force (AVF) in 1973. In 1969, Presi-
dent Nixon established the President's Commission on an All-
Volunteer Force, commonly known as the Gates Commission. The
commission's staff papers were among the first to systematically study
the supply of both enlistments and reenlistments to the military.
These papers, along with concurrent literature in the professional
economics journals, demonstrated that an AVF was feasible from a
fiscal perspective.1

A variety of studies through the early and mid-1970s continued to ex-
amine the supply of reenlistments. A major advance occurred during
the late 1970s with development of the Annualized-Cost-of-Leaving
(ACOL) model. Under this model, the primary driver of the re-
enlistment decision is the discounted difference between the military
pay stream from reenlisting, and the civilian pay stream from leaving
the military. In particular, ACOL combined all the elements of mili-
tary pay (basic pay, allowances, reenlistment bonuses, retirement pay)
into a single, discounted present value. Moreover, ACOL suggested a
time horizon over which the military and civilian pay streams must be
measured and compared. From a statistical perspective, ACOL ex-
pressed the reenlistment rate as a logit or probit function of the dis-
counted pay difference, and possibly other regressors.

The concurrent literature includes Altman and Fechter [1], Fisher [2],
Hansen and Weisbrod [3], Miller [4], and Oi [5]. These papers also
made the important distinction between the fiscal cost of an AVF and the
opportunity cost of diverting individuals from the civilian careers they
would otherwise have pursued.

For example, see [6, 7, and 8].



In parallel to ACOL, Glenn Gotz and John McCall developed a
dynamic-programming model of Air Force officer retention [9, 10].
Rather than specifying a single, dominant time horizon, their model
allowed for probabilistic weighting of multiple time horizons. Al-
though their model was theoretically elegant, it proved difficult to es-
timate given the computer hardware and software environment of
the early 1980s.

ACOL remained the conventional point of departure for much of the
research conducted during the 1980s and 1990s. However, consider-
able effort went into improving the statistical estimation of reenlist-
ment models. That research effort took two major directions. First,
panel probit models were formulated to better track the composition
of cohorts making successive reenlistment decisions during their
military careers. For example, those induced to reenlist by a Selective
Reenlistment Bonus (SRB) might have less of a taste for military life
than others who would have reenlisted even absent an SRB. These
bonus-induced individuals would be less likely to remain in the mili-
tary at subsequent decision points, unless the SRB were sustained.
Panel probit models are designed precisely to capture the effects of
cohort composition on the outcome of successive binary decisions.

The second research direction was to recognize the distinction be-
tween reenlistments (i.e., commitments for 36 or more additional
months of service) and shorter extensions. Only individuals who re-
enlist are eligible to receive SRBs. Thus, an increase in SRB levels not
only will increase the total retention rate but also will change the mix
of individuals retained between those who reenlist and those who
merely extend. The resulting change in the mix of commitments is
clearly important for personnel planning purposes. Thus, a binary
logit or probit model was replaced by a trichotomous model, such as
conditional logit, multinomial logit, or nested logit.

The statistics literature tells us little about adding cohort-composition
effects to trichotomous choice models. The panel probit approach
and the various trichotomous logit approaches have advanced essen-
tially independently, although some of the same researchers have ap-
plied both approaches, at one time or another, in modeling the
reenlistment decision.



Other statistical problems have prompted researchers to modify or
enhance the logit or probit models in various ways. First, there may
be reverse causation between pay and the reenlistment rate. The goal
of the analysis is to estimate the positive effects of SRB and other in-
centives on the reenlistment rate. However, enlisted occupations with
chronically low reenlistment rates tend to be compensated with
higher SRB levels. This pattern of reverse causation may lead to a
downward bias in the estimated pay coefficient. At least two studies
[11 and 12] have used panel data and applied a fixed-effect estimator
in an effort to alleviate this source of bias.

We have already discussed the possibility that people who reenlist for
an SRB might be less likely to reenlist a second time. Similarly, those
who enlist for an accession bonus might be less likely to reenlist at
the first-term decision point. Two studies [13 and 14] have attempted
to control for the composition of the accession cohort when model-
ing the first-term reenlistment decision. They did so by jointly model-
ing survival to the first-term decision point with the outcome of that
decision.

Several issues arise in computing the elasticity of the reenlistment
rate with respect to military pay. The definition of "reenlistment" is
complicated by a number of factors, including reenlistment eligibility
and the treatment of extensions. Some studies exclude individuals
declared ineligible to reenlist from the denominator of the reenlist-
ment rate. However, the eligibility determination may be endogenous
if, for example, individuals expressing a disinclination to reenlist are
subsequently declared ineligible by their units. Some studies combine
extensions with reenlistments, modeling total retention. Others defer
their analysis of extensions, instead tracking them to learn whether
they ultimately reenlist. It is difficult to compare the pay elasticities
from studies that differ in their treatment of extensions.

Computation of the pay elasticity is further complicated by the defini-
tion of "military pay." Many studies measure pay in terms of ACOL or
some other difference between the military and civilian pay streams.
However, it is perilous to direcdy compute the elasticity of the re-
enlistment rate with respect to a pay difference. The elasticity, so com-
puted, will have the same algebraic sign as the baseline pay
difference. Thus, even if increased pay has a positive effect in



encouraging more reenlistments, the elasticity may be zero or even
negative. Instead, the model should be exercised by hypothesizing a
fixed, discrete increase in military pay (e.g., $1,000). Express this in-
crease as a percentage of baseline military pay, and divide the result-
ing percentage increase in the reenlistment rate by the percentage
increase in military pay. This procedure estimates the arc elasticity
with respect to military pay (not the pay difference), and is guaran-
teed to yield the correct algebraic sign.

At various points in time, the SRB has been paid either as a lump-sum
on the date of reenlistment, or in equal annual installments over the
duration of the reenlistment contract (with no indexing for inflation).
To the first order of approximation, lump-sum bonuses are cost-
effective if military members' discount rates exceed that of the federal
government.3 Since 1992, the Office of Management and Budget
(OMB) has tied the federal government's discount rate to the market
rate on Treasury bonds. Several studies have estimated the discount
rates of military members. Two of these studies [12 and 15] exploited
the natural experiment that occurred when the method of SRB pay-
ment switched from annual installments to lump-sum payments. The
estimates of military members' real (i.e., inflation-adjusted) discount
rates are in the range of 6 to 26 percent. By contrast, real Treasury
rates have generally been in the range of 3 to 4 percent. Thus, lump-
sum bonuses are the preferred method of payment.

Finally, several studies have investigated the retention effects of vari-
ables other than relative military pay. In studies specific to the Navy,
the variables of interest have included the incidence of sea duty,
length of deployment, time between deployments, and percentage of
time spent under way while not deployed [16, 17, and 18]. The Navy
studies have also estimated the SRB and other incentives required to
compensate for adverse changes in these duty characteristics. A more
recent study has measured additional duty characteristics and ex-
tended the analysis to all four military services [19].

a

Other considerations include progressive income taxation and govern-
ment recoupment of lump-sum bonuses from individuals who separate
during the contract period. Empirically, these factors are minor and do
not change the basic conclusion.



The remainder of this report reviews each of the aforementioned
methodological issues in detail. It also presents a summary of the pay
elasticities estimated using the various measurement and statistical
techniques. Although we cannot rationalize all of the variation in pay
elasticities, we attempt to correlate the elasticities with the techniques
used to estimate them.
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ACOL model
John Warner and his various collaborators developed the ACOL
model in a series of papers. The initial motivation was to study a pro-
posal by the President's Commission on Military Compensation
(PCMC) to reform the military retirement system [20]. Warner also
programmed a forecasting version of the model in the APL language.
He distributed the model to the Navy Bureau of Personnel (BuPers)
and, later, to the Office of the Assistant Secretary of Defense (Man-
power, Reserve Affairs, and Logistics). BuPers started using the
model to analyze manpower issues in the Navy's Program Objectives
Memorandum (POM), beginning with POM 1982. By the early 1980s,
the ACOL model was well known and accepted throughout the de-
fense manpower community.

The ACOL model's first appearance in the academic literature was a
1984 paper by three of its codevelopers, Enns, Nelson, and Warner
[21]. During that same year, Warner and Goldberg [18] published an
application of the ACOL model in a mainstream economics journal.
Parallel developments were taking place in the literature on retire-
ment from civilian-sector jobs (e.g., Stock and Wise [22], who were
apparently unaware of the ACOL model). The two strands in the lit-
erature were eventually brought together by Lumsdaine, Stock, and
Wise [23] and Daula and Moffitt [24].

Economic theory suggests that individuals combine all the elements
of compensation associated with any alternative into a single meas-
ure, typically the discounted present value. In our context, SRBs pro-
vide both cross-section (i.e., across military occupations) and time-
series variation in discounted pay. Civilian earnings provide time-
series variation, and may provide additional cross-section variation to
the extent that the civilian earnings functions account for military
occupation. Military pay excluding SRBs (i.e., Regular Military Com-
pensation, or RMC) provides time-series variation but only minimal



cross-section variation (to the extent that differences in promotion
rates are captured).

If the three pay components (SRBs, civilian earnings, and RMC) were
entered as separate regressors, their respective coefficients would al-
most certainly be different. RMC would probably have the least sig-
nificant coefficient because RMC has the least sample variation.
However, it would be wrong to conclude that increases in RMC have
the smallest impact on retention. To estimate the effect of RMC more
precisely, one could divide RMC by civilian earnings, thereby forming
an index of relative military pay. The coefficient on this index would
be driven largely by the variation in civilian earnings, but it could be
used to forecast the effects of changes in RMC on retention. These
forecasts would be valid as long as individuals were indifferent be-
tween an increase in RMC and an equal percentage decrease in civil-
ian earnings.

It is even more difficult to compare the efficacy of increases in RMC
versus increases in SRBs. One difference is that SRBs can be targeted
to military occupations experiencing retention problems. Another
difference is that SRBs have a different time dimension from RMC.
SRBs represent one-time payments or, at most, a short series of
annual installments. On the contrary, a given dollar increase in RMC
persists for the duration of a person's military career. Thus, an in-
crease in RMC cannot be evaluated without knowing (or at least es-
timating) the person's time horizon. Moreover, for those whose time
horizons extend to 20 or more years of service, basic pay (the largest
element of RMC) also affects their retirement annuity. Table 1 com-
pares the time dimensions of these various elements of pay.

The ACOL approach solves the dimensionality problem by combin-
ing all the elements of compensation into a single measure. In par-
ticular, the rich sample variation in SRBs can be brought to bear in
estimating the coefficient on the ACOL variable in a logit or probit
choice model. The ACOL coefficient, in turn, can be used to forecast
the effects of any change in compensation, including changes in the
retirement system. Indeed, the ACOL approach was developed pre-
cisely to study the military retirement system. We will also argue, in a
later section, that the ACOL approach is consistent with the results of



studies that segmented compensation into multiple measures (e.g.,
the SRB level and an index of relative military pay).

Table 1. Elements of pay and their time dimensions

______Ray element____________Time dimensions_______
RMC (basic pay + allowances Persists over entire military career

+ tax advantage)

Basic pay Persists over entire military career
Determines retirement annuity

SRBs Lump-sum is instantaneous
Annual installments over the

reenlistment contract

Civilian earnings stream Entire working life

ACOL time horizon
The ACOL approach suggests a time horizon for comparing the mili-
tary and civilian discounted pay streams. However, construction of the
ACOL variable requires an assumption on military members' discount
rates. We will describe methods for estimating discount rates in a later
section. For now, we merely report that enlisted personnel at their first-
term and second-term reenlistment points appear to have real (i.e., net
of inflation) discount rates of 6 to 26 percent.

To develop the ACOL variable, suppose initially that the retention
decision were made solely by comparing the military and civilian dis-
counted pay streams. Then, assuming that the pay streams could be
measured precisely, we could predict with certainty the choice made by
any individual—simply the one yielding the highest discounted pay
stream.

Relaxing these assumptions gradually, suppose next that the pay
streams were known exactly to the individual decision-maker, but not
to the data analyst. This would be the case if the analyst were using a



regression function to predict civilian earnings, yet the individual had
more precise knowledge of his or her own earnings potential. In this
situation, we could no longer predict an individual's choice with cer-
tainty. Instead, we could predict only the probabilities of staying or
leaving for each individual.

As a further relaxation, we can recognize that a person's occupational
choice depends on a comparison not only of discounted pay streams
but also of the nonmonetary advantages and disadvantages of military
versus civilian life. A general assumption in the literature is that the
nonmonetary factors may be expressed as monetary equivalents (e.g.,
"I will remain in the military only if they pay me $1,000 more per year
than I could earn as a civilian"). Most authors further combine the
nonmonetary factors with the unmeasured portion of the pay
streams, and label the result the "taste factor." Continuing the exam-
ple, suppose that the same person who requires a $1,000 annual
premium also knows that his or her potential civilian earnings are
$500 above the regression prediction. The taste factor for this person
would be the sum, $1,500. Note also that the taste factor could be
negative if people prefer military life or if their potential civilian
earnings are below the regression prediction.

Suppose, for the moment, that a person currently in year of service
(YOS) t is contemplating only two choices: remain in the military for
an additional s years, or leave immediately. He or she will remain in
the military if:

) ' -- , (1)
;=/+! ;'=;+!

where M. is military pay (including any SRBs) in YOS j, C. is potential
civilian pay in the same year, and v is the taste factor. Note that the
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taste factor is assumed to be time-invariant.4 Equivalently, the person
will remain in the military if:

ACOLS ^ j=t+l
 t+s ————————— > v. (2)

As its name suggests, the ACOL variable is simply the annualized (or
annuitized) difference between the military and civilian pay streams.
Put differently, a stream of s pay differences, each equal to ACOLs,
has the same discounted value as the pay stream
{(M j — Cj), j = t + 1,...,? + s} , namely, the numerator of the previous
expression for ACOLs

Now considering all possible horizons {s = 1,2,3,...} , the person will
remain in the military if there is at least one horizon over which
ACOL exceeds the taste factor. Mathemati cally, this condition is
equivalent to having the maximum ACOL greater than the taste
factor:

Max^ACOLJ > v. (3)

Conversely, the individual will leave the military immediately if there
is no horizon over which ACOL exceeds the taste factor. Mathemati-
cally, this condition is equivalent to having the maximum ACOL less
than the taste factor:

Max^ACOLJ < v. (4)

Inequality (1) is written so that potential civilian pay depends on calendar
year (equivalently, the person's age), but not on the length of his or her
military career (i.e., not upon the value of s). This assumption can be re-
laxed, at the expense of some additional terms that measure the gain or
loss in potential civilian pay from continued military service. The ACOL
expression under this relaxation is found in [11] or [23].
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Thus, the maximum ACOL summarizes all of the information on pay
streams necessary to predict a person's retention decision. Earnings
further than s* years into the future (where s* is the horizon that
maximizes ACOL) need not be considered. This result is impressive
because earnings beyond s*, even when discounted, need not be neg-
ligible numerically; yet the retention decision can be made without
considering them.

"Optimally" of the ACOL time horizon
The horizon s* is sometimes called the "optimal horizon," but this
nomenclature is misleading. It seems to imply that, among all possi-
ble horizons that involve remaining in the military at least one addi-
tional year, the horizon s* is the most preferred. However, some
simple counterexamples disprove this conjecture.3

Suppose the only two possible career lengths involve staying for one
additional year (s = 1) or two additional years (5=2) . Suppose further
that the military/civilian pay differences are $2,000 in the first year
and $1,000 in the second year. If the discount rate is 10 percent, the
ACOL values are ACOL, = $2,000 and ACOL2 = $1,524. The optimal
horizon over which ACOL is maximized is s = 1 year. Thus, the per-
son will stay in the military for some duration if the taste factor is less
than the maximum ACOL, or $2,000. Yet he or she would prefer to
stay for two additional years, rather than just one, if the taste factor is
sufficiently small (or negative). Specifically, having already stayed for
one additional year, the person would prefer to stay for the second

In one of many published examples of the misleading use of the term
"optimal horizon," Gotz [25, p. 266] states that, "associated with [the
ACOL variable] is a known optimal future quitting date." Black, Moffitt,
and Warner [26, p. 270] agree with Gotz on this point: "the ACOL
model assumes that the individual picks a single optimal date of leaving
some time in the future." A rare correct statement is found in Mackin et
al. [27, p. C-5]: "Note that the ACOL measure should be considered an
index describing the financial incentive to stay at least one more year.
The horizon associated with the maximum ACOL is not necessarily the op-
timal leaving point" [emphasis added].

12



year as well if the taste factor is less than the military/civilian pay dif-
ference in that year, $1,000. Figure 1 illustrates this situation.

Figure 1. First counterexample to optimality of ACOL time horizon

$2,500 n

Horizon (years)

Conversely, suppose the military/civilian pay differences are $1,000
in the first year and $2,000 in the second year. In this case, the ACOL
values are ACOL, = $1,000 and ACOL2 = $1,476. The optimal horizon
over which ACOL is maximized is now s = 2 years. Yet the individual
would prefer to leave the military after just one additional year,
rather than two, if the taste factor is sufficiently large. Specifically,
having already stayed for one additional year, the individual would
prefer to leave before the second additional year if the taste factor is
greater than the pay difference in that year, $2,000. It remains true
that, because the taste factor exceeds the maximum ACOL, the indi-
vidual would most prefer to leave the military immediately. Our
point, however, is that among the various career lengths that involve
staying, the so-called optimal horizon is not necessarily the most pre-
ferred. We show this situation in figure 2.

Intuitively, a comparison of the ACOLs values among the various ho-
rizons {s = 1,2,3,...} cannot determine the optimal leaving date be-
cause ACOL does not account for the taste factor, only the relative
earnings. An individual may choose to remain until later, despite a
decreasing sequence of ACOL values, because he or she has a net
preference for military life (i.e., a sufficiently small taste factor).

13



Conversely, a person may choose to leave sooner despite an increas-
ing sequence of ACOL values, because the taste factor is overwhelm-
ingly large.

Figure 2. Second counterexample to optimality of
ACOL time horizon

Horizon (years)

Daula and Moffitt [24] pointed out that, even if the taste factor is
identically zero, the optimal horizon that maximizes ACOL may dif-
fer from the horizon that maximizes the discounted present value of
earnings. Returning to the first example, suppose that military earn-
ings are $10,000 in both years. With the stated differentials, civilian
earnings are $8,000 in the first year and $9,000 in the second year.
The discounted present values (again using a 10-percent discount
rate) are $16,182 for leaving immediately, $18,182 for staying one
additional year and then leaving, and $19,091 for staying two addi-
tional years. In this example, ACOL is maximized at s = I , yet the dis-
counted present value of earnings is maximized at s = 2. With the
assumed zero taste factor, the individual would prefer to stay for the
second year in order to maximize discounted earnings. He or she
would be undeterred by the decline in ACOL values from ACOLj =
$2,000 to ACOL2 = $1,524.

As a technical matter, the ACOL calculation truncates the military
and civilian earnings streams after s years. However, the discounted
present value of earnings is calculated through a predetermined

14



horizon—in practice, through an individual's entire working life, or
even longer if retirement pay is considered. Because it is truncated,
ACOL is not a monotonic transformation of the discounted present
value over the predetermined horizon. Thus, the two expressions
could easily achieve their respective maxima at different values of 5.

None of these arguments vitiate the use of maximized ACOL to pre-
dict the individual's retention decision (although we will soon con-
sider some different arguments against the ACOL approach). But the
arguments do militate against labeling as "optimal" the horizon over
which ACOL is maximized.

Statistical estimation of the ACOL model
If the distribution of the taste factor across decision-makers is nor-
mal, the probability of staying in the military follows a probit model.
If the distribution of the taste factor is logistic, the probability of stay-
ing follows a logit model. Both of these models take the form of
S-curves, so that the estimated probability of staying increases up to a
limit of 1.0 as conditions become more conducive to staying (e.g., as
relative military compensation increases). Conversely, the probability
of staying decreases to a limit of 0.0 as conditions become less condu-
cive to staying. When properly calibrated, the probit and logit
S-curves are virtually indistinguishable, although the logit model is
somewhat simpler mathematically and easier to compute. Software is
readily available to estimate both models.

The logit and probit models allow for the introduction of additional
regressors, apart from the maximum ACOL, that help explain the re-
tention decision. For example, the retention rate has been found to
vary directly with the civilian unemployment rate. The retention rate
is also related to personal characteristics, such as marital status, race,
education, and mental group.

The older studies estimated first-term and second-term retention
models completely independently of each other. Many studies used
grouped data, but even studies that used individual (panel) data
made no allowance for correlation over time in the taste factor for a
given person. We will argue later that disregard for intertemporal
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correlation likely led to upward-biased estimates of the coefficient on
the ACOL variable. As we will see, the ACOL-2 model imposes a
permanent/transitory error structure in an effort to avoid this source
of bias.

Independent of the ACOL developments, David Wise and his various
collaborators developed an essentially equivalent model in their re-
search on retirement from civilian-sector jobs. In particular, they in-
dependently discovered the "maximum ACOL" condition (our
equation 3). Operationally, the only difference from ACOL is that
Wise specified a first-order autocorrelation (AR1) error structure
when estimating sequential retention decisions using panel data.

Interestingly, for a time Wise seemed unaware of the connection be-
tween ACOL and his own research on civilian retirement. He was the
discussant on Warner and Solon's [14] paper at an Army retention
conference. Although the proceedings were published in 1991, the
conference actually took place in 1989, at which time Wise must have
been working on his paper with James Stock that would be published
in 1990. Yet Wise [28, p. 278] made the following comment on War-
ner and Solon, indicating his apparent lack of familiarity with the
ACOL concept:

the ACOL variable should be explained briefly in [Warner
and Solon's] paper. The authors refer the reader to expla-
nations presented in other project reports. But the variable
plays a key role in the analysis; several of the other variables
that are included make little sense if the reader does not
understand what the ACOL variable is supposed to capture.

The two strands in the literature were finally brought together by
Lumsdaine, Stock and Wise [23], some 3 years after the Army reten-
tion conference; further developments were contained in Daula and
Moffitt[24].

6 Stock and Wise [22], equations 2.12 through 2.14 on p. 1162;
or Lumsdaine, Stock, and Wise [23], equation 10 on p. 27.
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Panel probit models
Critics of the ACOL approach point to its poor treatment of the dy-
namics of retention over a person's military career. The ACOL values
often increase over one's career, as fewer years remain until retire-
ment and the discounted value of the retirement annuity dramati-
cally increases. According to a strict interpretation of the ACOL
approach, anyone who stayed at the first decision point would cer-
tainly stay at all subsequent decision points because the taste factor is
assumed time-invariant yet the financial incentive to stay (as meas-
ured by the ACOL value) increases with time. As an empirical matter,
however, we know that retention rates at the second and third deci-
sion points are significantly below 1.0.

To develop a second criticism, consider a person who would have left
the military after one term of service except for the lure of an SRB.
This person has a larger taste factor (i.e., a larger distaste for military
life) than others who would have stayed even absent an SRB. Unless
the SRB is sustained, bonus-induced people are less likely to remain
in the military at the second and subsequent decision points.

As an example, suppose the person had a taste factor of $2,000 and a
first-term baseline ACOL of $1,000, but was offered an SRB that
raised ACOL to $3,000. This person would stay through the first deci-
sion point because ACOL ($3,000, including the SRB) exceeds the
taste factor ($2,000). However, the same individual would leave at the
second decision point unless a sustained SRB or other compensation
incentive raised ACOL above the baseline value of $1,000 to some
value exceeding the (time-invariant) taste factor of $2,000. By con-
trast, a non-bonus-induced person would stay at the second decision
point absent any compensation incentives. The latter individual, by
definition, had a taste factor less than the baseline ACOL value of
$1,000. This person would stay at the second decision point because
the taste factor is time-invariant whereas ACOL tends, if anything, to
increase as retirement approaches.
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We see that the second-term reenlistment rate depends on the cir-
cumstances under which a person survived the first-term reenlistment
decision. In an effort to capture this effect, Warner and Simon [29]
included the lagged first-term ACOL value in a model to predict the
second-term reenlistment rate. Along similar lines, Goldberg and
Warner [30] include the lagged first-term SRB multiple in the sec-
ond-term reenlistment model. The effect of lagged SRB was margin-
ally significant with an unexpected positive sign for one occupational
group (Electronics), and highly significant with the expected nega-
tive sign for one other occupational group (Non-electronics). Despite
the names of these two groups, they are not mutually exhaustive.
Goldberg and Warner's taxonomy contained six other occupational
groups, for which the lagged SRB effect was statistically insignificant.

ACOL-2 model
The ACOL-2 model was an attempt to improve on ad hoc inclusion
of lagged variables in second-term reenlistment models. Black, Ho-
gan, and Sylwester [31] used the ACOL-2 model to predict retention
decisions of Navy enlisted personnel. Black, Moffitt, and Warner [32]
applied the model to retention decisions of Department of Defense
(DoD) civilian employees. The ACOL-2 model was further devel-
oped in a dialogue between the latter authors and Glenn Gotz [25],
and in a subsequent paper on Army reenlistments by Daula and
Moffitt [24].

The ACOL-2 model follows a long tradition in the literature on
panel data. Specifically, the taste factor for each person is decom-
posed into (a) a permanent component, constant over time through
all decision points, and (b) a transitory component, randomly vary-
ing over time from one decision point to another. This perma-
nent/transitory structure has several advantages. First, the retention
rate is no longer predicted as 1.0 at the second and third decision
points. Returning to the example above, the person who stayed at the
first decision point might choose to leave at the second decision
point, if the transitory component of the taste factor were sufficiently
positive. Several events, such as an unusually arduous tour of duty or
failure to receive an expected promotion, could "sour" a person at
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the second decision point. This effect might offset the general ten-
dency for ACOL to increase over the individual's career, causing him
or her to leave the military at the second decision point.

Simply pooling retention data from several decision points, without
imposing a permanent/transitory structure, would lead to an upward-
biased estimate of the ACOL coefficient. We have noted both the
general tendency for ACOL to increase over an individual's career,
and the general tendency for retention rates to increase (though not
all the way to 1.0). Suppose that the first- and second-term data were
pooled, but the two decisions for each person were treated as statisti-
cally independent. Then the entire increase in retention rates would
be attributed to the increase in ACOL, leading to a large ACOL coef-
ficient. In fact, however, part of the increase in retention rates results
from the early departure from the sample of people with a stronger
distaste for the military. Put differently, the ACOL coefficient would
pick up not only the effect of changes in relative compensation on a
fixed population, but also changes in the population composition it-
self. This phenomenon, known as "unobserved heterogeneity," leads
to biased coefficient estimates.

Note that unobserved heterogeneity would not lead to any bias in the
ACOL coefficient estimated from a single cross-section of first-term
reenlistment decisions. Nor would there be any bias if data were
pooled on first-term reenlistment decisions made by different cohorts
of individuals in consecutive fiscal years. Instead, the bias arises from
the failure of the simple ACOL model to adequately track a cohort
(or cohorts) of individuals through successive decision points. Thus,
the bias would be manifest in simple ACOL models only when ap-
plied at the second-term (or later) decision points.

The ACOL-2 model avoids the problem of unobserved heterogeneity
by explicitly tracking the permanent taste distribution as a given co-
hort advances through successive decision points. At each decision
point, the main forcing variable is again the maximum ACOL over all
possible horizons. Suppose, for example, that the first reenlistment
decision occurs in 1990 after 4 years of service, and the second re-
enlistment decision occurs in 1994 after 8 years of service. Then the
first-term reenlistment decision is driven by the maximum ACOL
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over the horizons of staying 1 additional year up to 26 additional
years (assuming mandatory retirement after 30 years of service). For
the second-term reenlistment decision, ACOL is recomputed over
the horizons of staying 1 additional year up to 22 additional years.
Both ACOL values are computed using data from the fiscal years in
which the respective decisions were made (e.g., a person's first-term
decision might be modeled using the military and civilian wages that
prevailed in 1990, but then the second-term decision would be mod-
eled using the wages that prevailed in 1994). Thus, the model cap-
tures not only a person's progression through a fixed military pay
table but also any growth over time in the military pay table or in ci-
vilian wages.7 The ACOL-2 model also allows additional regressors,
such as the civilian unemployment rate. This variable, too, is meas-
ured contemporaneously with the decision years, thus capturing ad-
ditional information on trends in the civilian economy.

Black, Moffitt, and Warner [32] applied the ACOL-2 model to sepa-
ration decisions of DoD civilian employees. Because estimation of the
ACOL-2 model requires numerical integration of the multivariate
normal density, they achieved a considerable computational effi-
ciency by adopting a likelihood-factorization technique previously
developed by Butler and Moffitt [33]. Glenn Gotz [25] wrote a com-
ment on Black, Moffitt, and Warner, to which they immediately re-
sponded. Some of Gotz's points apparently spurred Robert Moffitt
and his various collaborators to further improve on the ACOL-2
formulation.

For example, in their study of Navy enlisted retention, Black, Hogan,
and Sylwester [31] reported that the sample average ACOL value dou-
bled (in constant dollars) from the first-term to the second-term decision
point. The average ACOL value nearly doubled again from the second-
term to the third-term decision point.
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In his comment, Gotz [25, p. 266] makes the following statement:

Recall that associated with [the ACOL variable] is a known
optimal future quitting date [sic], t + 5*... .By construction of
[Black, Moffitt and Warner's] model, any reduction in civil
service pay more than s* years from t [i.e., beyond the "op-
timal future quitting date"] will have absolutely no effect on
the predicted quit rate at t.

Gotz's statement is too severe. When simulating a policy change,
knowledgeable users of the ACOL model always recompute the se-
quence of ACOL values and locate the new maximum ACOL value.
Consider, for example, an increase in military retirement pay, and
suppose that the individual's horizon was initially 4 years ahead
(t + 4). Gotz's statement implies that the horizon would remain fixed
at t + 4 and, thus, the increase in retirement pay would have no effect
on retention. In fact, the horizon might easily move out to year 20, so
that retirement pay now enters the calculation and affects retention.8

Figure 3 illustrates this situation for a first-term decision-maker. In
the base case, ACOL is maximized over the horizon of a 4-year re-
enlistment. The prospect of retirement pay after 20 years causes a
jump in the ACOL value to nearly $4,500 at YOS 20, but that value
still lies below the maximum ACOL of $5,000. Now consider an in-
crease in the present value of retirement pay, equal to $100,000 when
discounted to the date of retirement. The ACOL value jumps to al-
most $7,000 at YOS 20, so the ACOL horizon now encompasses the
20-year retirement point. The increase in the maximum ACOL from
$5,000 to $7,000 provides a substantial retention incentive, even
though the underlying change in compensation takes place beyond
the initial ACOL horizon.

Paradoxically, Gotz and his collaborators had already recognized this
point 5 years earlier, although, like many others, they misinterpreted
the ACOL horizon as the planned leave point. According to Fernan-
dez, Gotz, and Bell [34, p. 16]:

Indeed, recalculation of the ACOL horizon was included in the forecast-
ing version of the ACOL model developed by John Warner in the early
1980s.
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the calculated ACOL for any particular decision point re-
flects a specific horizon, the planned leave point [sic] for
the marginal individual. Changes in earnings beyond that
horizon generally do not affect the [maximum] ACOL
value, and so cannot change the model's retention predic-
tions for earlier decision points. Only an increase in military
earnings (or decrease in potential civilian earnings) large
enough to move the horizon outward can have any effect.

Figure 3. Example of shift in ACOL time horizon

7,000 -i

6,000
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S100K retirement increase

10 12 14
Horizon endpoint (YDS)
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It was clearly the intention of Black, Moffitt, and Warner [32, pp.
258-259] that the maximum ACOL be recalculated after a policy
change:

To incorporate [the effects of a policy change] a new set of
[ACOL] values must be calculated and a [maximum] se-
lected for each individual in the file. The recalculated
[maximum ACOL] is then inserted into the quit model,
along with the other variables and their respective parame-
ters, to obtain a simulated pattern of quit rates.

Other authors, such as Daula and Moffitt [24, p. 520], recognized the
need to recalculate the maximum ACOL after a policy change,
though again mislabeling the ACOL horizon as "optimal":

To construct the...ACOL forecasts...would require recalcu-
lating optimal leaving dates [sic] at every date in the future
(each of which requires rechecking all possible future leav-
ing dates at each future date).
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Dynamic-programming models
Along with John McCall, Glenn Gotz had developed a dynamic-
programming model of Air Force officer retention [9, 10]. Their ap-
proach was particularly well suited to modeling officer retention be-
cause it offered the individual an opportunity to leave the military
during every future year. Although military officers certainly face
minimum service requirements, their mid-career commitments are
usually less rigid than the typical 4-year terms served by enlisted per-
sonnel. Gotz and McCall were also very careful in modeling alterna-
tive promotion paths, capturing the adverse retention effect of being
passed over for promotion.

Unfortunately, Gotz and McCall's formulation was computationally
intensive, especially given the computer hardware and software
environment of the early 1980s. They were able to estimate only three
model parameters: the mean and standard deviation of the perma-
nent taste factor, and the standard deviation of the transitory taste
factor (the latter factor has a mean of zero by assumption). In par-
ticular, they did not estimate the effects of other regressors, such as
the unemployment rate or various personal characteristics. Nor did
they estimate the discount rate, which they fixed a priori. Finally, they
were unable to estimate the standard errors of the three model
parameters.9

Moffitt and his collaborators took some lessons from Gotz and went
on to develop a dynamic-programming model of their own. Their
approach was crystallized in an impressive paper by Daula and Moffitt
[24]. Recall that the simple ACOL model summarizes the military
and civilian pay streams with a single discounting calculation over the

A simple approximation was developed by Warner [35, pp. 27-28], who
fit the three model parameters to the cross-sectional survival profile (by
term of service) that prevailed in the Navy enlisted force in FY 1979. Us-
ing a grid search, Warner estimated the mean permanent taste factor as
$2,800 (in FY 1979 dollars), the standard deviation of the permanent
taste factor as $3,500, and the standard deviation of the transitory taste
factor as $4,500. However, Warner reported that his objective function
was extremely flat, so that many alternative sets of parameter values fit
the data about equally as well.
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dominant optimal horizon. The ACOL-2 model tracks individuals
through time, using contemporaneous pay streams to update the
ACOL calculation at each decision point. Thus, under ACOL-2 there
is a single, dominant horizon at the first-term decision point; a single
(generally different) dominant horizon at the second-term decision
point; and so on. These calculations are illustrated in figure 4, where
the dominant horizon shifts from YOS 7 when evaluated at the first-
term decision point to YOS 20 when reevaluated at the second-term
decision point.

Figure 4. Example of recalculation of dominant time horizon
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By contrast, at any particular decision point, Daula and Moffitt prob-
abilistically weight the discounted pay differences over all future leav-
ing points. Thus, there is no longer a single, dominant horizon.10 In
addition, Daula and Moffitt were more careful in their specification
of the error terms than had been Black, Moffitt, and Warner [32].
Finally, they estimated their model by embedding the dynamic pro-
gram inside the panel probit approach of Butler and Moffitt [33].

The equivalence between dynamic programming and probabilistic
weighting in this context had previously been established by Warner
[35]. Further theoretical developments along these lines are found in
Hotz and Miller [36].
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Daula and Moffitt [24] touted the ease with which their estimates
were computed: "we show that dynamic retention models are consid-
erably less difficult to estimate than [the] literature implies" (p. 500);
"estimation of the model in this form is not difficult...no difficult
calculations are involved" (p. 503); and "since the single-period
model is not overly burdensome itself, its multiple evaluation [using
panel data] is still well within the power of modern computational
facilities" (p. 507). However, they later conceded that estimation took
about 450 CPU minutes per iteration, and six or seven iterations per
model run (p. 514). Thus, each model run took about 48 hours—
hardly an improvement over Gotz and McCall.

For comparison purposes, Daula and Moffitt also estimated the
ACOL-2 model using the bivariate probit technique.11 Interestingly,
they report that the log-likelihood value is slightly better for the
ACOL-2 model than for their dynamic-programming model. In light
of the computational difficulty of the latter (notwithstanding the au-
thors' statements to the contrary), the ACOL-2 model becomes an
extremely compelling alternative.

As Daula and Moffitt correctly point out, multivariate probit is equivalent
to Butler and Moffitt's panel probit technique. The latter was developed
primarily for long panels spanning three or more decision points, to
avoid numerical integration of the trivariate (or higher order) normal
density. These days, both techniques are available in the LIMDEP pack-
age developed by Econometric Software, Inc. (www.limdep.com). In fact,
LIMDEP is advertised as being able to estimate the multivariate probit
model with up to 20 correlated decisions, though one must be skeptical
about the computational speed of such high-dimensional models. Also, it
should be possible to program the panel probit model in PROG
NLMIXEDofSAS.
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Conditional logit models
More detailed models partition the event "staying" into reenlistments
and extensions. Reenlistments are defined as commitments to stay in
the military for 36 months or longer, whereas extensions are defined
as commitments to stay for fewer than 36 months. The distinction be-
tween reenlistments and extensions is clearly important for personnel
planning purposes. There are also behavioral differences, because
only those who reenlist are eligible to receive SRBs. We would expect
an increase in the SRB level to increase the total probability of stay-
ing. Underlying that effect, we would expect an increase in the SRB
level to reduce the probability of extending but to increase the prob-
ability of reenlisting by a larger magnitude.

Various models are available to estimate the three probabilities of re-
enlisting, extending, or leaving. One approach, the conditional logit
model, was pursued by Goldberg and Warner [30] and Goldberg
[11]. These authors collected data on reenlistment, extension, and
separation rates in cells defined by fiscal year, Navy enlisted rating,
and years of service (in the range of 3 to 6 years). They computed a
discounted pay stream associated with each of the three choices for
the "typical" sailor in each cell. In particular, the pay stream associ-
ated with reenlistment contained the SRB, whereas the pay stream as-
sociated with extension did not. Their models contained background
variables, including the civilian unemployment rate, marital status
(i.e., percentage married in each cell), race, education, and mental
group. They estimated coefficients from which one can compute the
marginal effect of each background variable on the three choice
probabilities.

Goldberg and Warner also estimated a single pay coefficient, inter-
pretable as the "marginal utility of income." Using this coefficient, one
can compute the reallocation of the three choice probabilities in re-
sponse to a change in the discounted pay stream associated with one
or more of the three choices. For example, a change in the SRB level
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affects only the pay stream associated with reenlistment (which we de-
note as M), but affects all three choice probabilities as follows:

(5)

dPJdM = -bPL PR,

where b is the pay coefficient and PR, Pe and Pl are the respective
probabilities of reenlisting, extending, and leaving.

Hogan and Black [37, p. 41] opine that,

The conditional logit model... is a poor choice in the analy-
sis of extensions versus reenlistrnents because it constrains
reenlistment bonuses to reduce extensions by the same per-
centage that it reduces losses.

Their statement of this mathematical property of the conditional
logit model is correct; in terms of percentage changes:

(cPE /dM)/ PE = -bPR = (dPL /dM)/ PL. (6)

Hogan and Black argue that reenlisting and extending are closer
substitutes than are reenlisting and leaving. If that were the case, an
increase in the SRB level would draw more reenlistrnents from those
who otherwise would have extended, rather than from those who
otherwise would have left. Thus, one might prefer an alternative
model with the following mathematical property:

(dPE/dM}/PE<(dPL/dM)/PL < 0. (7)

Logit models with correlated taste factors
Alternative models, satisfying the Hogan and Black critique, may be
formulated by returning to the theoretical underpinnings of occupa-
tional choice. For this purpose, we change the notation slightly so
that each choice has its own taste factor. Thus, VR is the monetary
equivalent of the nonmonetary factors associated with reenlisting; VK
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and VL are defined similarly for extending and leaving. The single
"taste factor" in the earlier discussion would be interpreted as
v= VL— VR, the net preference for civilian life.

McFadden [38] showed that the conditional logit model arises when
the taste factors are independent across choices, each with an ex-
treme-value distribution. It is not as well appreciated that the condi-
tional logit model also arises when the taste factors have Gumbel's
multivariate logistic distribution, with correlations of 0.5 between
each pair of taste factors. " In either case, Hogan and Black's critique
comes into greater focus. Suppose that reenlisting and extending are
indeed closer substitutes than either of the other two pairs of choices.
If so, the correlation between the taste factors for reenlisting and ex-
tending should be larger than for the other two pairs of choices. For
example, because reenlisting and extending are more similar, an in-
dividual who requires an above-average premium for reenlisting
rather than leaving should also require an above-average premium
for extending rather than leaving. In other words, the taste factors
for these two choices should have a particularly high correlation.
However, the conditional logit model implicitly assumes equal corre-
lations between all three pairs of choices.13

12 This result is due to Goldberg [11, pp. 80-81]; Gumbel's multivariate lo-
gistic distribution is described in Johnson and Kotz [39, pp. 291-293].
The oft-cited converse to McFadden's theorem states that, if the taste fac-
tors are independent and the choice probabilities are of the logit form,
then the taste factors are extreme-value distributed. However, the latter
result does not rule out correlated taste factors.

Another expression of the difficulty with the conditional logit model is
the "independence of irrelevant alternatives." In our example, the rela-
tive probability of extending versus leaving depends on only the back-
ground variables and the discounted pay streams associated with these
two choices. The relative probability does not depend on the pay stream
associated with reenlisting. In particular, it does not depend on the SRB
level. Yet a person who extends could subsequently choose to reenlist
and thereby receive an SRB. Thus, for many, the SRB level is an impor-
tant determinant of the decision to extend versus leave.
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Nested logit model
McFadden's [40, 41] nested logit model allows for unequal correla-
tions. Under this model, the taste factors associated with reenlisting
and extending have a bivariate extreme-value distribution, with a cor-
relation coefficient that is free to vary in the range of 0 to +1. The
taste factor associated with leaving has a univariate extreme-value dis-
tribution and is independent of the other two taste factors. In the
special case where the correlation coefficient equals zero, the three
taste factors are all independent extreme-value distributed, and the
conditional logit model results. If the correlation coefficient is posi-
tive, however, the probability equations differ from those of the con-
ditional logit model. In particular, the probability equations contain
the correlation coefficient as a free parameter.

During the mid-1980s, Goldberg and Warner attempted to apply the
nested logit model to grouped data on first-term reenlistment deci-
sions in the Navy. Goldberg and Warner never published their results
because they could not achieve convergence to reasonable parameter
estimates. Nor could Mackin et al. [27] using microdata on individual
Navy sailors.

Even when using microdata, there are two approaches to estimating
the nested logit model. The first proceeds in two stages: (1) a logit
model is estimated among individuals who stay, to predict probability
of reenlisting versus extending, and (2) another logit model is esti-
mated to predict the probability of staying (i.e., either reenlisting or
extending) versus leaving. However, the second stage is not a stan-
dard logit model. Instead, it contains an additional variable, known as
the "inclusive value," that must be constructed based on the results of
the first stage. To avoid model failure due to multicollinearity, the in-
clusive value must be computed from at least some variables that are
absent from the second-stage (stay/leave) model. That is, there must
be some variables that drive the reenlist/extend decision but not the
stay/leave decision. Mackin et al. opine that, because individual
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decision-makers ultimately compare all three choices simultaneously,
the required identifying variables simply do not exist.14

The second approach to estimating the nested logit model is full-
information maximum-likelihood. This approach has only recently
become available using commercial software.= It would be interesting
to apply this approach to the retention decision, to determine
whether it circumvents the problem of multicollinearity.

Another expedient was attempted by Warner [42], using grouped
data on first-term and second-term reenlistment decisions in the Ma-
rine Corps. Warner estimated sequential logit models, but simply
omitted the inclusive value from the second-stage model. These se-
quential logit models had good explanatory power and produced
reasonable estimates of the pay elasticities. However, it is not known
what joint distribution of the taste factors, if any, would yield the se-
quential logit probability equations (without the inclusive value).
Thus, Warner's approach, though pragmatic, does not have strong
theoretical underpinnings.

Theoretically, the nested logit model is identified because the inclusive
value is a nonlinear construct, thus not perfectly predictable from any lin-
ear combination of second-stage regressors. As a practical matter, however,
the degree of nonlinearity may not be adequate to identify the model.

LIMDEP version 7.0 includes this feature in the module NLOGIT
version 2.0.
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Multinomial logit models
Recall that Goldberg and Warner [30] and Goldberg [11] computed
a discounted pay stream associated with each of the three choices,
and estimated a single pay coefficient interpretable as the "marginal
utility of income." Thus, their models contain terms of the form b MR,
b Mp and b M[} where MR, Me and M[ are the respective pay streams.
An alternative approach is to enter the pay variables in the same
manner as the background variables. Recall that a background vari-
able, such as the unemployment rate, affects the probabilities of all
three choices. Three separate coefficients are estimated, from which
one can compute the effect of a change in the unemployment rate
on each choice probability. Similarly, one could enter a pay variable,
such as the SRB multiple or dollar amount, as a background variable,
and compute its effect on each choice probability. Thus, the alterna-
tive model would contain terms of the form ^SRB, bt SRB, and
b, SRB.

In the econometrics literature, logit models in which the coefficients
are fixed across choices, but the regressors vary, are known as "condi-
tional logit models." By contrast, logit models in which the regressors
are fixed across choices, but the coefficients vary, are known as
"multinomial logit models."16

The multinomial logit model satisfies the Hogan and Black [37] cri-
tique and breaks the "independence of irrelevant alternatives." Under
the multinomial logit model, the relative probability of extending ver-
sus leaving is sensitive to the pay stream associated with reenlisting,

The term "conditional logit model" is unfortunate because it is not clear,
in any statistical sense, which variable is conditional on which other vari-
able. Nor is it clear why one model is "conditional" and the other (mul-
tinomial) model is, presumably, "unconditional." More recently, Greene
[43] has suggested the terminology "discrete choice model" to replace
"conditional logit model."
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particularly the SRB level. The extension and separation rates change
by (possibly) different percentages in response to an SRB increase:

- (dPL/dSKB)/PL = bE-bL (8)

This difference is precisely the coefficient on SRB in an extend/leave
log-odds model, and is a free parameter that may be of either alge-
braic sign (not necessarily zero).

Hosek and Peterson [12] and Lakhani and Gilroy [44] estimated
multinomial logit models. Reference [12, appendix B] reports nega-
tive coefficients on the SRB level in extend/leave log-odds models, at
both the first-term and second-term decision points. These results in-
dicate that Pp/Pj declines with increases in the SRB level, so that in-
creased bonuses draw more reenlistments from those who otherwise
would have extended than from those who otherwise would have left.

Figure 5 shows the difference between the conditional and multino-
mial logit models. Under the conditional logit model, a hypothetical
SRB increase causes the probabilities of extending and leaving to
both decrease by 20 percent. Under the multinomial logit model,
more reenlistments are drawn from those who would have extended,
so the extension probability decreases even more severely but the
separation probability decreases less severely.

Figure 5. Reallocation of probabilities when SRB level increases
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Hogan [45] cautions that the pay coefficients bR, bp and b; in the
multinomial logit model are not the same as the partial effects and,
further, may even differ in sign from the partial effects. For example,
the partial effect of the SRB level on the reenlistment rate is given by:

BPR/dSm=(bR-bI)PR(l-PR) - (bF-bL)PEPR,

= PR(bR(l-PR) -bEPE-bLPJ. (9)

This expression will differ in sign from bR if bR, bB and bl all have the
same sign, but bR has the smallest magnitude and PR is close to 1.0.
Moreover, the standard error of dPR/dSRB is not immediately avail-
able from those of bR, bp and br but can be derived from the underly-
ing variances and covariances.

Interpretation of the multinomial logit model
Although the multinomial logit model breaks the "independence of ir-
relevant alternatives," it leads to other problems of interpretation. We
argued earlier in favor of the ACOL approach, which combines all the
elements of compensation into a single measure. The multinomial
logit models, as estimated by Hosek and Peterson [12] and Lakhani
and Gilroy [44], do not use a single measure of compensation. Instead,
they segment compensation into two measures: the SRB level and an
index of relative military pay.

Lakhani and Gilroy seem to believe that, if the ACOL approach were
correct, segmenting compensation into multiple measures should
produce equal elasticities on all of the measures. Conversely, if the
elasticities prove unequal, the compensation measures should remain
distinct rather than being combined into a single ACOL variable.

Lakhani and Gilroy report that the SRB elasticities across Army occu-
pations are, if anything, negatively correlated with the relative-pay
elasticities. They interpret this finding as evidence against the ACOL
approach, concluding [44, p. 241]:

The formula is given in Hosek and Peterson [12, appendix C].
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It is, therefore, somewhat presumptuous to assume that the
effect of SRB is the same as that of relative pay, as is often
done in the existing literature: Their dollar values are added
to retirement to represent the cost of leaving in the Annual-
ized Cost of Leaving (ACOL) model.

We will now argue that, based on economic theory, there is no reason
to expect a positive correlation between the SRB and relative-pay
elasticities. Further, we will argue that the ACOL approach can ra-
tionalize the observed negative correlation if there is, in turn, a posi-
tive correlation between SRB levels and civilian earnings
opportunities. This will be the case if military occupations with supe-
rior civilian alternatives have chronically poor retention, and if SRBs
are used to combat these retention problems. Thus, the observed
negative correlation between the two elasticities, rather than being a
paradox that vitiates the ACOL approach, is actually quite consistent
with that approach.

To simplify the algebra, suppose that the difference between military
pay (RMC) and civilian pay is constant over the individual's planning
horizon. We denote the annual difference as (M-C). The ACOL vari-
able equals this quantity plus the annualized bonus. Again, to simplify
the algebra, assume a lump-sum SRB. The annualized value of the
SRB, over an s-year horizon, is given by:

S R B ( l + r)" ;=SRB/Z). (10)
/ ;=i

Thus, ACOL is given by:

ACOL = (M-C)+ SRB / D. (11)

18 For example, consider a lump-sum bonus, a 4—year planning horizon,
and a 10-percent discount rate. Under these assumptions, the annualized
bonus evaluates at 0.315 x SRB. If this amount were paid at the end of
each year over the 4-year planning horizon, the undiscounted total pay-
ment would be 1.26 X SRB, but the discounted total payment would be ex-
actly 1.00 x SRB.
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Conclusions

Suppose we have an estimate of the elasticity of the retention prob-
ability (P) with respect to ACOL:

E = (ACOL / P) (dP / 9ACOL) . (12)

We can derive the elasticity of the retention probability with respect
to the military/ civilian pay difference:

] [dP/d(M-Q]

= [(M-C)/P] [dP/dACOL] [9ACOL / d(M- Q]

= £x (M-Q/ACOL; (13)

and with respect to the SRB amount:

[SRB/P] [3P/aSRB]

= [SRB / P] [dP/ 3ACOL] [9ACOL / 3SRB]

= (Ex SRB) / (Dx ACOL). (14)

Because all of the other terms are common, the correlation (across
occupations) between the latter two elasticities is essentially the cor-
relation between (M - C) and SRB. Thus, the ACOL framework is
consistent with a negative correlation if SRBs are employed to com-
pensate for salary shortfalls in selected military occupations.

We conclude that both the conditional logit model and the multino-
mial logit model have considerable merit. The former is more firmly
grounded in economic theory, combining all the elements of com-
pensation into a single measure of discounted pay. A wealth-
maximizing individual would make his or her reenlistment decision
based on this single measure, and no information is added by parti-
tioning it into multiple components. Moreover, the rich sample varia-
tion in SRBs can be brought to bear in estimating the single pay
coefficient.

On the other hand, the conditional logit model suffers from the in-
dependence of irrelevant alternatives. The multinomial logit model
relaxes this restrictive assumption. However, as just demonstrated, the
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elasticities on the multiple pay components must be interpreted with
caution. Moreover, some of the elasticities maybe underestimated for
lack of sample variation (e.g., the index of relative military pay).

We agree with Hogan [45, p. 258], who states:

In the trichotomous logit model specified by Lakhani and
Gilroy, both the 8KB and relative wage variables are identi-
cal across choices, while the coefficients on the variables
vary across the alternatives. Hosek and Peterson (1985) also
specified the logit model in this way, whereas Goldberg
(1984) constrained the coefficients to be the same and var-
ied the level of the independent variable across choices. It is
not clear to me which specification is preferable.

Finally, we will see later (in table 2) that the pay effects estimated
from the two models are quite similar. Thus, a stark choice between
the two models is not entirely necessary.

38



Reverse causation between bonuses and the
reenlistment rate

Goldberg [11] and Hosek and Peterson [12] were concerned about
reverse causation in the relationship between pay and the reenlist-
ment rate. The goal of the analysis is to estimate the positive effect of
pay, particularly reenlistment bonuses, in encouraging reenlistments.
However, some enlisted occupations have suffered chronically poor
retention because of arduous duty (e.g., Navy ratings with a high per-
centage of time at sea), slow promotions, or lucrative civilian oppor-
tunities. The enlisted occupations with chronically poor retention are
generally awarded higher SRB levels. This pattern of reverse causa-
tion leads to a downward bias in the estimated effect of pay on the
reenlistment rate.

Individual data
It is commonly believed that individual decision-makers are "price-
takers" in the sense that, while their decisions may well be affected by
SRB levels, their decisions do not, in turn, affect SRB levels. However,
even individual data may be plagued by reverse causation that leads
to biased estimation of the bonus effect.

Figure 6 illustrates the situation. We have drawn the supply and de-
mand curves for reenlistments, both as a function of the SRB level.
We have drawn the demand curve as a vertical line, to capture rigid
personnel requirements that are insensitive to the price level. How-
ever, the analysis is virtually identical even if the demand curve exhib-
its some elasticity.

The military service attempts to set SRB levels to equate the supply of
reenlistments to the desired level of demand. If the service errs on the
side of too low an SRB level (e.g., SRB,), too few people reenlist
(pointA), and a shortfall occurs (the distance AB). To alleviate the
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shortfall, SRB levels will have to be increased, either mid-year (if the
problem is detected early enough and if funding is available) or during
the following year. If the service sets too high an SRB level (e.g., SRB2),
too many people desire to reenlist, and a surplus occurs (the distance
CD). In the latter instance, the service may suspend bonus payments
partway through the fiscal year, only to resume payments at the start of
the following fiscal year when new funding becomes available.

Figure 6. Supply and demand of reenlistments
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In either of these instances, a savvy person may wait until the start of
the new fiscal year (executing a short extension, if necessary) in or-
der to enjoy the restored (and possibly increased) SRB level. Thus, a
degree of reverse causation exists in that the person's decision to wait
until (or extend into) the new fiscal year may affect the SRB level that
he or she is offered.

A careful analysis of this situation would examine the pattern of
reenlistments and extensions, accounting for seasonality over the
course of the fiscal year and, in particular, mid-year bonus freezes and
adjustments. Econometric techniques for disequilibrium models
could be applied, although such models require an auxiliary equa-
tion to determine whether a particular observation is drawn from the
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Panel data

supply curve (e.g., point A) or the demand curve (e.g., point C).19

This approach has never, to our knowledge, been applied to
reenlistment models, but seems worthy of serious consideration.

Reverse causation always presents an estimation problem when using
grouped data because the collective reenlistment decisions of the
group will feed back (albeit possibly with a lag) into the SRB levels
that they are offered. However, the downward bias can be alleviated
by applying a fixed-effect estimator. Under this approach, each
enlisted occupation is assigned a dummy variable intended to capture
permanent deviations between that occupation's reenlistment rate
and the overall sample average. Computationally, it is not actually
necessary to include the multiple dummy variables in the regression
equation. Instead, an exactly equivalent approach is to measure each
observation (both left-hand and right-hand variables) as a deviation
from the sample average for that occupation across all of the time
periods.20

Both Goldberg [11] and Hosek and Peterson [12] applied a fixed-
effect estimator to grouped data when estimating the two log-odds
equations for reenlist versus leave and extend versus leave. Hosek
and Peterson (in their table 5) report that the SRB effect on the
second-term probability of reenlistment is actually negative-when es-
timated without the fixed effects. Incorporation of fixed effects re-
stores the expected positive coefficient and considerably increases

19 Disequilibrium estimation is discussed in Maddala [46, chapter 10].
These techniques have been successfully applied to distinguish supply-
constrained from demand-constrained observations in enlisted recruit-
ing models; see Daula and Smith [47] and Dertouzos [48].

20 See Baltagi [49, pp. 9-13] or Hsiao [50, pp. 25-32]. Goldberg [11, p. 96]
noticed that differencing around the occupational averages introduces
both serial correlation and heteroskedasticity. However, Baltagi [51; 49,
p. 23] has shown that applying generalized least squares (GLS), in an ef-
fort to circumvent these statistical problems, is equivalent to applying
ordinary least squares (OLS) in this situation.
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the magnitude of the (already) positive coefficient on the first-term
probability of reenlistment.

Yet another alternative would be to explicitly model the SRB levels in
an auxiliary regression equation. The SRB equation and the reten-
tion equations could then be jointly estimated by two-stage least
squares. Although this approach does not appear to have been at-
tempted, it, too, seems worthy of consideration.
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Joint models of attrition and retention
We have already discussed the possibility that conditions at the first-
term reenlistment point (e.g., SRB levels) may affect subsequent sec-
ond-term reenlistment rates. Similarly, conditions at the accession
point (e.g., the civilian unemployment rate, accession bonus levels)
may affect subsequent first-term reenlistment rates. More generally,
the probability of surviving to the first-term reenlistment point may
be correlated with the outcome of that reenlistment decision. When
several years of data are pooled, the various accession cohorts may
differ in both the conditions that prevailed at their respective acces-
sion points and the resulting survival rates. The reenlistment model is
designed to pick up the effects of changes in SRBs and other vari-
ables on a fixed population. However, the reenlistment model may be
confounded if these variables are correlated with changes in the
population composition itself.

One way to model attrition is as a binary outcome: the person either
survives to the first-term reenlistment point, or does not. A variety of
functional forms, such as logit and probit, may be used for this pur-
pose. The logit and probit functions monotonically map a linear
combination of regressors (in principle, taking on any real value, ei-
ther positive or negative) into an attrition probability that is re-
stricted to the unit interval. In fact, any cumulative density function
(CDF) defined over the entire real line has the same property and,
thus, potentially qualifies as a binary attrition model.

An alternative approach is to model attrition as a continuous-time
process, and to attempt to predict the exact number of months of ser-
vice at which a person attrites (if indeed he or she attrites at all within
the sample period). For example, Baldwin and Daula [52] modeled
Army first-term attrition using a Weibull distribution. Depending on
the estimated shape parameter, the Weibull distribution implies that
the hazard rate (i.e., the instantaneous probability of attrition) is (a)
constant, (b) always increasing, or (c) always decreasing. In particular,
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the Weibull distribution does not allow the hazard rate to behave non-
monotonically (i.e., first increase, then decrease; or first decrease, then
increase).

Binary attrition models
The proportional hazards model is considerably more flexible than
the Weibull distribution. The hazard rate depends on time (t) and a
set of regressors (X) in the following manner:

h(t,X) = g(t)xexp[-(a + Xl3)]. (15)

In this formulation, g(t) is a step function that may behave non-
monotonically if so indicated by the data. Note also the sign conven-
tion: because of the minus sign inside the exponential, a positive coeffi-
cient pi implies that an increase in the corresponding variable Xt serves
to reduce the hazard rate, and thus increase the survival probability.

It is also interesting to consider the binary attrition model that results
if the underlying hazard function follows the proportional hazards
model. Suppose we have two month-of-service markers, 0 < ia < ^.
Given that a person is still on active duty at time £a, the probability
that he or she will remain on active duty at the later time ^ is given
, 21by:

P(ta,tb) = exp
'b-la+xe) t x x j-e ( 'x I g(s)ds (16)

Again, given our sign convention, a positive coefficient /3i implies that
the corresponding variable Xf is positively related to the survival
probability. Moreover, if we absorb the integrated hazard into the in-
tercept a, the double-exponential form is actually the CDF for

21 See Prentice and Gloeckler [53] or Kalbfleisch and Prentice [54, pp.
36-37,98-99].
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Gumbel's Type I extreme-value distribution2" with argument z =
(a + Xfl). This observation is consistent with our earlier assertion that
any CDF qualifies as a binary attrition model.

This result implies that neither logit nor probit is the correct model
for binary attrition under the proportional hazards assumption.
Interestingly, however, Warner and Solon [14] showed that the logit
model may be recovered if the intercept a is itself randomly distrib-
uted across individuals according to an exponential distribution23

with mean 1.0.

More precisely, suppose that the integrated hazard in equation 16,

g(s)ds, has a gamma distribution across individuals with mean 1.0

and variance 9 . The assumption of unit mean is innocuous because
any non-unit portion can be absorbed into the intercept, a. Then the
probability of surviving from t^ to ^ becomes:

p(ta,tb) =
This probability reduces to a logit form if the variance 6 equals 1.0.
However, a gamma distribution with both mean and variance of 1.0 is
just a unit exponential distribution.

See Johnson and Kotz [55, chapter 21] or Mann, Schafer and Singpur-
walla [56, pp. 108-111]. This is the same distribution that McFadden [38]
used to derive the conditional logit model. The context, however, was
quite different. McFadden assumed that the taste factor associated with
any particular outcome is distributed across individuals according to the
extreme-value distribution; further, the distributions across outcomes are
statistically independent. Maximization of utility then leads to a logistic
probability of choosing any particular outcome. In the situation discussed
in the text, an underlying proportional-hazards model implies an extreme-
value (not logistic) survival probability over a discrete time interval. The
latter result follows solely from the proportional hazards assumption, and
bears no relationship to utility maximization.

This result actually goes back to Dubey [57].

45



Warner and Solon estimated a model of this form to predict survival
to the first-term reenlistment decision point (though not the exact
months-of-service if the individual attrites), jointly with a probit
model to predict first-term reenlistments among those surviving to
the reenlistment decision point. They allowed for correlation be-
tween the disturbances in the two models, but found that the correla-
tion was not statistically significant.

Continuous-time models of attrition and reenlistment
Yet another alternative would be to estimate a single, continuous-time
model to predict the exact months-of-service at which a person:

• Attrites before the reenlistment decision point; or

• Survives to the reenlistment decision point, but decides to
separate at that point; or

• Survives to the reenlistment decision point, and decides to re-
enlist at that point, but separates at some subsequent point
[either before or at the individual's updated expiration of
term-of-service (ETS)].

When estimating this type of model, one danger is that the propor-
tional hazards assumption constrains the regressor effects to be the
same in the attrition phase as in the reenlistment phase. For example,
suppose that a particular dummy variable (perhaps identifying a par-
ticular demographic group) has a coefficient of 0.15. This coefficient
indicates that members of the highlighted group are 14 percent less
likely than members of the base group to separate at any point in time
(conditional on survival to that point). However, using separate attri-
tion and reenlistment models, Warner and Solon found that high
school graduates (HSGs) are more likely than nongraduates to survive
to the reenlistment decision point, but less likely than nongraduates to

A coefficient of 0.15 serves to scale down the hazard function by the factor
e ' ° = .86, a 14-percent reduction. It is convenient—but imprecise—to as-
sociate, for example, a coefficient of 0.15 with a 15-percent reduction.
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reenlist. Clearly, no single coefficient on HSG status could capture
both effects.

Follmann, Goldberg, and May [13, 58] addressed this problem by de-
veloping a continuous-time model with different regressor effects
along different intervals of the time axis. In their example, they mod-
eled the probability of an unemployed worker finding a job as a
function of the duration of his or her unemployment spell. A dispro-
portionate number of unemployed workers find jobs during the week
that their unemployment insurance (UI) benefits expire, typically the
26th or 39th week of the unemployment spell. This phenomenon
could apparently be accommodated using a proportional hazards
model with a nonmonotonic step function, g(t). However, the con-
ventional proportional-hazards model constrains the regressor effects
to be the same throughout the entire time axis.

Instead, Follmann, Goldberg, and May modeled the probability of
finding a job as an extreme-value regression (equation 16) during
the week that UI benefits expire. They modeled the probability of
finding a job using a conventional proportional-hazards model over
the remainder of the time axis. Importantly, they allowed for differ-
ent regressor effects over the two time intervals. Indeed, they found
that college graduates residing in counties with low unemployment
rates were most likely to find jobs during the week their UI benefits
expire; but that older, white workers were more likely to find jobs at
all other times.

Although similar in spirit, there are some important differences be-
tween the approaches of Follmann et al. and Warner and Solon.
Follmann et al. define the "spike event" as the period during which
a disproportionate number of transitions occur. In their example,
the spike event was the week in which UI benefits expire. If applied
to attrition and reenlistment in the military, the spike event would
be the period immediately preceding ETS. They modeled the
probability of a spike event using extreme-value regression, al-
though other models, such as logit or probit could have been used
instead. They modeled events away from the spike using a continu-
ous-time, proportional-hazards model. The advantage of using ex-
treme-value regression is that the coefficient vector /? in
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equation 16 is commensurable with the corresponding coefficient
vector in the proportional-hazards model (equation 15) away from
the spike. Although Follmann et al. allowed the two coefficient vec-
tors to differ, it remains meaningful to statistically test their equal-
ity. A similar result would hold if generalized logit regression
(equation 17) were used in place of extreme-value regression at the
spike. However, a probit coefficient vector at the spike would be
scaled differently from the coefficients in the proportional-hazards
model, and the two could not easily be tested for equality.

Warner and Solon modeled their spike event—reenlistment during
the period immediately preceding ETS—using probit regression.
They modeled attrition away from the spike as a binary outcome us-
ing, variously, probit, logit, or generalized logit regression (i.e.,
equation 17). However, they did not estimate the entire, continu-
ous-time hazard function, g(t). Instead, they estimated the annual
survival rates for the baseline demographic group (i.e., the group
with regressors X = 0 ) . The annual survival rates are the values of
expression 17 when evaluated at successive annual intervals; i.e.,
(^J = {(0,1),(1,2),(2,3),(3,4),}.25 Thus, Warner and Solon claim
too much when they state [14, p. 263], "The main advantage of the
proportional hazard results is that they trace out the temporal pat-
tern of attrition." By estimating only the annual survival rates,
rather than the entire hazard function g(t), their resolution is lim-
ited to an annual view of the attrition process. The month-to-
month hazard function could have been estimated using, for ex-
ample, the Kaplan-Meier nonparametric procedure.

The approaches of Follmann et al. and Warner and Solon both have
merit, and it would be interesting to compare their performance on a
common data set. Off-the-shelf statistical software could be used if the

25 The annual hazard rates are obtained from the parameters a, through a(

r -i i ~°in table 6.7 of [12], using the transformation 1 + 0 exp(-a,) . The
survival rates are obtained by cumulating the annual hazard rates.

See Kalbfleisch and Prentice [54, pp. 10-16].
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reenlistment decision were modeled using logit or probit regression."'
However, extreme-value regression would require specialized software,
and incorporation of a permanent-transitory error structure would be
even more difficult.

27 The earlier paper by Follmann et al. [13] actually made a start in this di-
rection, examining attrition of non-prior-service Marine Corps reservists.
At the time that paper was written, the authors were not yet aware of the
special commensurability between extreme-value regression and the
proportional-hazards model. Thus, they used logit regression rather than
extreme-value regression at the spike (the end of the 4-year contract);
and a Weibull model rather than a proportional-hazards model away
from the spike. Nonetheless, they found that distinct subsets of regres-
sors had significant effects on the hazard function at the spike versus
away from the spike.

28 Extreme-value regression could be estimated using LIMDEP. See chapter
21.7, "User Defined Index Models for Binary Choice," in the on-line
manual for LIMDEP version 7.0 (www.limdep.com).
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Elasticity computation
Care must be exercised in computing the elasticity of reenlistment
with respect to military pay. The elasticity is sensitive to both the defi-
nition of "reenlistment" and the definition of "military pay."

Definition of reenlistment
The definition of "reenlistment" is complicated by the following
f 29factors:

• Early attrition

• Early reenlistment

• Reenlistment eligibility

• Extensions

• Reenlistments to retrain in a different military occupation.

Presumably, personnel who attrite before their ETS have a larger net
preference for civilian life. Failure to control for early attrition could
confound the reenlistment model, if attrition rates are correlated
with variables included in the model. However, Warner and Solon's
[14] results imply that the correlation between attrition and re-
enlistment may not be a major source of bias.

Some personnel reenlist early (e.g., more than 6 months before their
ETS date), perhaps in preparation for an overseas assignment. Their
inclusion in a reenlistment model may lead to a slight bias if the pay
variable is expressed in ACOL form. We have noted that ACOL values
tend to increase over a person's career. Those who reenlist early,
therefore, would tend to have smaller ACOL values, leading to a

29 The next few paragraphs borrow heavily from the excellent discussion in
Smith, Sylwester, and Villa [59, pp. 56-61].
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downward bias in the ACOL coefficient. Smith, Sylwester, and Villa
[59] solve this problem by evaluating ACOL at the original ETS date
rather than at the early decision point.

Some personnel are declared ineligible to reenlist. Among the many
reasons are poor test scores, failure to meet medical or physical fit-
ness standards, disciplinary problems, or missed promotions. One
temptation is to exclude these people from any model of voluntary
reenlistment. There are two counterarguments, however. First, some
people are declared ineligible after expressing a disinclination to re-
enlist (e.g., turning down a required overseas assignment). Excluding
such people will overstate the reenlistment rate, and may also con-
found the model estimates if eligibility is correlated with variables in
the model. Second, for the purposes of force planning, models that
include ineligibles are probably more valuable because the total
population at ETS (including ineligibles) is the base to which pre-
dicted reenlistment rates are generally applied.

Extensions have already been discussed at length. One difficulty with
some of the older studies is that they do not document their treat-
ment of extensions. For example, some studies drop extensions en-
tirely and model the dichotomy between immediate reenlistments
and separations. Other studies combine extensions with reenlist-
ments and model total retention. Still other studies track extensions
to determine whether they ultimately reenlist, thus retrospectively
classifying extensions as either reenlistments or separations. It is dif-
ficult to compare the elasticities from studies that differ in their
treatment of extensions.

Finally, individuals who reenlist to retrain in a different military oc-
cupation are not eligible to receive an SRB. Not all studies (particu-
larly those using grouped data) correctly identify this group. Thus,
the military pay variables are measured with error, and the pay coeffi-
cients may be downward biased.

Definition of military pay
We now turn to the definition of "military pay." Warner and Goldberg
[18, p. 33] describe the preferred method to compute a pay elasticity:
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The pay elasticity is calculated as the percentage increase in
the reenlistment rate brought about by a one-level SRB in-
crease, divided by the percentage increase in [annualized
military pay] implied by the SRB increase.10

Along similar lines, Smith et al. [59, p. 86] construct a "typical mili-
tary pay raise" as a simultaneous 1-percent increase in basic pay, basic
allowance for subsistence (BAS), and basic allowance for quarters
(BAQ). These methods are preferred because the increase in military
pay is measured as a percentage relative to the base value of military
pay, and the latter is always strictly positive.

When the retention model is estimated from individual data, it is
preferable to compute the increase in the reenlistment probability
for each person in the sample and then aggregate, rather than to
work directly with the sample averages. For example, a 1-percent in-
crease in military pay might lead to a 1.0-percent increase in the re-
enlistment probability for one person, a 1.5-percent increase for a
second person, and so on. The simple average of these probability
increases should be used to form the numerator of the elasticity. Us-
ing, instead, the percentage increase in the reenlistment probability
for the "average" person is less accurate and—because the model is
nonlinear—could lead to a numerically different answer.

Some other studies compute the pay elasticity with a denominator equal
to the percentage change in the military/civilian pay difference. For exam-
ple, Daula and Moffitt [60] measure the percentage change in reenlist-
ment generated by a (presumably sustained) increase in the
military/civilian pay difference: A (M- C) / (M- C). In a later paper,
Daula and Moffitt [24] make the same computation for some of their es-
timates. However, they also report elasticities using the Warner/Goldberg

Under the installment arrangement, the annual SRB payment equals an
SRB "level" or "multiple" (an integer or half-integer in the range 0 to 6) x
monthly basic pay at the date of reenlistment. Under the lump-sum
arrangement, the single payment equals the product of the SRB level,
monthly basic pay, and the number of years of reenlistment. In either case,
a one-level SRB increase implies an increase in undiscounted dollars equal
to monthly basic pay x number of years of reenlistment. However, this in-
crease is enjoyed only by reenlisting, not by merely extending.
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method, increasing military pay alone: AM/ M. They even report elastic-
ities using the percentage change in ACOL, ziACOL/ACOL, and the
percentage change in the total (not annualized) discounted pay differ-
ence over a predetermined (not necessarily "optimal") horizon (their so-
called Total Cost of Leaving or TCOL).

Elasticities estimated by these latter methods are unstable, and
should not be used for policy evaluation. A pay difference near zero
implies a zero elasticity; even a slightly negative pay difference im-
plies a negative elasticity, even when retention and military pay move
in the same direction. To see these points, consider the elasticity
when the denominator is measured relative to the military/civilian
pay difference:

[AP/ P]/ [A (M- C) / (M- Q]

= [(M-Qx (APj\ / [PxA(M-C)]. (18)

Suppose that the base military/civilian pay difference happens to
equal zero. Then the percentage change appearing in the denomina-
tor on the left-hand side is infinite, implying that the elasticity itself
(the entire right-hand side) equals zero. As another example, if the
base military/civilian pay difference is negative, the elasticity will also
be negative, even if increased pay has a positive effect in encouraging
more reenlistments (i.e., even if the changes A P and A (M- C) have
the same algebraic sign). In neither case is the computed elasticity
useful for policy evaluation. Our situation is unique because, unlike
most policy evaluations, the base value of our independent variable
does not always take the same algebraic sign, leading to instability in
the conventionally computed elasticity.

Finally, recall that Hosek and Peterson [12] used two compensation
measures: the 8KB level and an index of relative military pay. They re-
port the percentage-point increase in the reenlistment rate associated
with a one-level 8KB increase. Although not an elasticity, the interpre-
tation of this quantity is straightforward.

Hosek and Peterson also report the percentage increase in the reten-
tion (i.e., reenlistment plus extension) rate associated with a
1-percentage-point increase in the military/civilian wage index.
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Unless the base value of the wage index is 1.0, a 1 percentage-point in-
crease in the wage index does not equate to a 1-percent increase. In
fact, the mean value of the wage index was 0.94 in Hosek and Peter-
son's sample. Thus, to obtain the elasticity of retention with respect
to relative military pay, their reported percentage increase in the re-
tention rate must be multiplied by the factor 0.94.

31 This correction is sometimes neglected, for example, by Warner and
Asch [61, table 5].
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Elasticity estimates

Pay elasticities
Table 2 summarizes the pay elasticities from various studies. The left-
hand panel shows the elasticity of the reenlistment rate (or, in some
cases, the total retention rate) with respect to some measure of mili-
tary pay. As we have discussed, the most stable estimates use military
pay alone, rather than the military/civilian pay difference, in the de-
nominator of the elasticity. We will limit our discussion to the former
estimates.

Goldberg and Warner [30] report first-term pay elasticities in the
range of 1.1 to 2.7, whereas Warner and Goldberg [18] report a simi-
lar range of 1.1 to 3.4. Considering the other studies that use military
pay alone in the denominator, most of the elasticities cluster within
the even narrower range of 1.2 to 2.2. These other studies include
Cooke, Marcus, and Quester [16], Daula and Moffitt [24], Shiells and
McMahon [17], Smith et al. [59], and Warner and Solon [14]. All of
the studies cited in this paragraph use individual data, except for
Goldberg and Warner [30], who use grouped data.

Three studies do not conform to this pattern, instead reporting con-
siderably lower first-term pay elasticities. Mackin et al. [27] estimated
pay elasticities by Navy occupational group. Even their most respon-
sive occupational group had an elasticity of only 1.5. Two of the stud-
ies used the ACOL-2 approach, but correctly computed the pay
elasticities with respect to military pay alone, rather than with respect
to the ACOL pay difference. Mackin [62] reports elasticities by ser-
vice, ranging from 0.5 to 1.4. Black, Hogan, and Sylwester [31] report
an elasticity of 0.8 to 0.9 for Navy enlisted personnel. As we discussed
earlier, the ACOL-2 approach was designed, in part, to correct an
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oo Table 2. Pay elasticities from various studies

Study

Black, Hogan, and
Sylwester [31]

Cooke, Marcus,
and Quester [16]

Daula and Moffitt
[60]
Daula and Moffitt
[24]

Goldberg and
Warner [30]

Gotz and McCall
[9]

Hosek and
Peterson [12]

Pay variable

ACOL-2;
but elasticity of
reenlistment
with respect to
military pay
Military/ civilian
pay index;
SRB
Military/civilian
pay difference
Military/civilian
pay difference
Military pay
alone
ACOL-2
Total retention;
military pay
alone (RMC)
Military/civilian
pay difference

Military/civilian
pay index; SRB

Sample SRB effect on reenlistment (not total retention) rate
restrictions Pay elasticity (PP>S = percentage points)

First- Second-
term term First-term Second-term

Installment Lump-sum Installment Lump-sum
Navy enlisted 0.8 - 0.9 0.3

Navy enlisted 1.6 2.5 pp's

Army infantry 1.2

Army infantry 0.5 0.5

Army infantry 2.2 1.3

Army infantry 0.8 0.6
Navy enlisted, 1.1-2.7 0.9-3.8 1.5 - 3.0 pp's 2.0 -3.9 pp's 1.6 -9.1 pp's 2.1 -11.4 pp's
by occupa-
tional group
USAF pilots, 0.8
YOS 7-8
USAFnon- 1.4
rated officers,
YOS 6-7
Enlisted males, 3.6 1.6 1.8 pp's 2.5 pp's 2.3 pp's 2.2 pp's
four services



Table 2. Pay elasticities from various studies (continued)

Study

Mackin [62]

Mackinetal. [27],
conditional logit
model

Shiells and
McMahon [17]

Smith et al. [59]

Warner and
Goldberg [18]

Warner and Solon
[14]

ACOL-2;
but elasticity of
reenlistment
with respect to
military pay
Reenlistment;
military pay
alone
Total retention;
military pay
alone
Military/ civilian
pay index;
SRB
Military pay
alone

Military pay
alone (SRB)

ACOL;
but elasticity of
reenlistment
with respect to
military pay

Sample
restrictions

Army enlisted
Navy enlisted
USAF enlisted
USMC enlisted

Navy enlisted,
by occupational
group

Navy enlisted

Army infantry

Army maintenance
Army administration
Navy enlisted,
by occupational
group
Army infantry

| SRB effect on reenlistment (not total retention) rate
Pay elasticity i (PP>S = percentage points)

First- Second- i
term term i First-term Second-term

I Installment Lump-sum Installment Lump-sum
1.2 1.0 !
1.0 0.8 |
0.5 0.4 |
1.4 1.1 |

0.2-1.5 0.5-1.1 ! 0.4-2.8pp's 1.9-2.6pp's

0.2-0.9 0.5-1.0

1.9 | 1.5pp's

1.3 0.9 1 2.2pp's 1.7pp's

1.8 1.1 i
1.9 1.8 i

1.1-3.4 | 1.8-5.5pp's

1.2 !

Notes: pp's = percentage points, USAF = United States Air Force, USMC = United States Marine Corps, YOS = years of service.
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upward bias in simple ACOL models when applied at the second-
term (or later) decision points. Thus, we would expect the ACOL-2
approach to yield lower pay elasticities for these later decisions. How-
ever, it is surprising that the approach yields such lower pay elastic-
ities at the first-term decision point.

Figure 7 plots the various first-term pay elasticities. In constructing
this figure, we arrayed the elasticities from left to right, alphabetically
by the last name of the first author, except that we grouped the
ACOL-2 studies to the extreme right. For studies that estimated
separate elasticities by occupational group, we used a vertical bar to
depict the range of elasticities, and a circle to indicate the midpoint
of the range. We see that there is considerable dispersion in the elas-
ticity estimates, but the ACOL-2 estimates tend to be concentrated at
the lower end.

Figure 7. Elasticity of first-term retention with respect to pay
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We now turn to the second-term pay elasticities. Goldberg and Warner
[30] report pay elasticities in the range of 0.9 to 3.8. Daula and Moffitt
[24] and Smith et al. [59] report pay elasticities that cluster within the
considerably narrower range of 0.9 to 1.8. Mackin et al. [27] report
somewhat lower pay elasticities, in the range 0.5 to 1.1. Using the
ACOL-2 approach, Mackin [62] reports elasticities by service ranging
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SRB effects

from 0.4 to 1.1. Finally, Black, Hogan, and Sylwester [31] report an
elasticity of only 0.3 for Navy enlisted personnel.

In figure 8, we plot the second-term pay elasticities. Not surprising in
this case, the ACOL-2 estimates again tend to be concentrated at the
lower end.

Figure 8. Elasticity of second-term retention with respect to pay
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Table 2 also summarizes the effect of a one-level SRB increase on the
reenlistment (not total retention) rate. The most interesting compari-
son is between the two studies that used grouped data: Goldberg and
Warner [30], who estimated a conditional logit model, and Hosek and
Peterson [12], who estimated a multinomial logit model. According to
Goldberg and Warner, a one-level increase in the first-term SRB, if paid
in annual installments, serves to increase the reenlistment rate by 1.5
to 3.0 percentage points. Hosek and Peterson's point estimate of 1.8
percentage points falls within this range. Similarly, Goldberg and War-
ner report second-term installment SRB effects in the range of 1.6 to
9.1 percentage points; excluding a high outlier narrows the range to
1.6 to 5.2. Hosek and Peterson's point estimate of 2.3 percentage
points falls within that range. The other studies tend to confirm the
ranges established by Goldberg and Warner. Three other studies [16,
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17, and 59] report first-term SRB effects in the range of 1.5 to 3.0
percentage points. Both Mackin et al. [27] and Warner and Goldberg
[18] estimated SRB effects by Navy occupational group. In both cases,
the occupational groups were rather dispersed, with a few producing
SRB effects outside the range of 1.5 to 3.0. The first-term SRB effects
are plotted in figure 9.

Figure 9. Effect of one-level SRB increase on first-term reenlistment rate
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The second-term SRB effects are plotted in figure 10. All of the
second-term SRB effects fall within the range of 1.6 to 5.2 percentage
points established by Goldberg and Warner. In fact, the other esti-
mates cluster within the considerably narrower range of 1.7 to 2.6
percentage points.

Combining the first-term and second-term results, it appears as a
rough rule of thumb that a one-level SRB increase leads to an in-
crease in the reenlistment rate of about 2 percentage points.
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Figure 10. Effect of one-level SRB increase on second-term
reenlistment rate
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Relative stability of SRB effects
We observe a pattern in which the SRB effects are much more stable
across studies than are the pay elasticities. To understand this pattern,
recall that we usually estimate binary retention models using logit or
probit functional forms, both of which are S-shaped curves. Both
functions are very nearly linear over moderate ranges. The SRB effect
is the slope of the retention function with respect to a particular type
of pay increase, and the slope is essentially a constant throughout the
range over which the retention function is nearly linear. On the other
hand, the pay elasticity is not constant along a nearly linear retention
function. Put differently, the elasticity is a measure of curvature for
an iso-elastic approximation to the retention function. The best-
fitting iso-elastic function is extremely sensitive to the point of evalua-
tion (i.e., the sample average retention rate). Thus, elasticity esti-
mates from a logit or probit function tend to be unstable.

These arguments are illustrated in figures 11 and 12. A logit function
and a linear function are virtually indistinguishable over a range of re-
enlistment rates. However, an iso-elastic function has greater curvature
and bends noticeably away from the logit function, even over a rela-
tively modest 12-percentage-point range of reenlistment rates.
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Figure 11. Logit function is closer to linear than to iso-elastic
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Figure 12 increases the magnification within a plausible range of re-
enlistment rates. The logit function is essentially linear, with a slope
of 0.02 reflecting the 2-percentage-point increase in the reenlistment
rate with each unit increase in the SRB level. Also shown are three
iso-elastic curves with very different elasticities. A small perturbation
in the point of evaluation can lead to a nearly threefold variation in
the pay elasticity.

Figure 12. Point estimates of elasticities are unstable
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The studies summarized in table 2 vary considerably in the sample
average retention rate. The theoretical threefold variation in pay
elasticities is supported by figure 7: most of the first-term elasticities
fall within the range of 1.2 to 2.2, but a few fall below 1.0, and others
exceed 3.0. Thus, while the SRB effects are relatively stable, the pay
elasticities are rather unstable. If either, it is the former that is closer
in character to a "natural constant."
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Estimation of discount rates
Hosek and Peterson [12, p. 1] state that, "The chief purpose of
[their] study is to determine whether lump-sum reenlistment bo-
nuses are more cost-effective than installment bonuses." The primary
factor in this determination is a comparison of discount rates be-
tween military members and the federal government. Interestingly,
Hosek and Peterson did not use their findings to explicitly infer a
military member's discount rate. Nonetheless, they argued that lump-
sum reenlistment bonuses are cost-effective as long as the federal gov-
ernment's real discount rate lies anywhere in the range of 4 to
10 percent. Their report appeared during a period when OMB was
still mandating use of a 10-percent real discount rate on government
investment projects. Thus, they concluded that lump-sum bonuses
are the preferred method of payment. "

Hosek and Peterson exploited a natural experiment that occurred in
April 1979, when the method of SRB payment switched from annual
installments to lump-sum payments. They estimated both a dichoto-
mous model of staying (i.e., either reenlisting or extending) versus
leaving, and a trichotomous model of reenlisting, extending, or leav-
ing. They found that, in the former case, installment bonuses were
only 82.7 percent as effective as lump-sum bonuses in encouraging
first-term enlisted personnel to stay. In the latter case, installment
bonuses were 72.8 percent as effective as lump-sum bonuses in
encouraging first-term personnel to reenlist. We can use these
findings to roughly estimate a military member's real discount rate.

According to economic theory, individuals make their decisions by
comparing the discounted present values of the various alternatives.

In 1992, OMB revised its guidance and tied the real discount rate to
inflation-adjusted market rates on Treasury bonds. Those rates have gen-
erally been in the range of 3 percent to 4 percent. The rationale for
OMB's revised guidance was provided after the fact by Goldberg [63].
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If installment bonuses are only 72.8 percent as effective as lump-sum
bonuses, the present value of the former must be only 72.8 percent
the present value of the latter. Assume a 4-year reenlistment horizon
and, following Hosek and Peterson, a 95-percent annual survival rate
within the second term of service. Considering a notional $1,000 bo-
nus, we have the following present-value equation:

0.728 x $1,000
= $250x{l + 0.95/(l+r; + [0.95/(l+r)f + [0.95/(l+r)]3>. (19)

Note that we have not deflated the $250 annual installments by a
price index, so that the installment stream is expressed in nominal
(i.e., current) dollars. Therefore, the solution to this equation pro-
vides an estimate of the nominal discount rate.33 The solution is easily
computed as 20.1 percent. Repeating the exercise using a relative ef-
fectiveness of 82.7 percent (based on the dichotomous model) yields
a nominal discount rate of 8.7 percent.

To convert to real discount rates, we use the following relationship
between the nominal discount rate (r), the real discount rate (d), and
the rate of inflation (f):

(l + r)=(l + d)x(l+f). (20)

33 Hosek and Peterson's analysis appears to contain an error. Their equa-
tion on p. 42 of [12] is essentially the same as our equation 19. They ex-
press the annual installment bonus in nominal terms, as 25 percent of
the corresponding lump-sum bonus. To properly discount the stream of
installment payments, they should be using a nominal discount rate. How-
ever, they state on p. 43, "In keeping with our having adjusted the bonus
amounts in the empirical work for inflation, the interest rate [that solves
the equation] should be interpreted as the 'real' rate—that is, the
inflation-adjusted rate." This statement is a non sequitur; having normal-
ized the various years' bonus amounts in the regression analysis does not
relieve the requirement to either discount a nominal payment stream
with a nominal discount rate, or a real payment stream with a real dis-
count rate. Hosek and Peterson attribute to real discounting all of the
military member's preference for a lump-sum bonus. In fact, some of
that preference should instead be attributed to the automatic inflation
protection provided by an immediate, lump-sum payment.
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Over the sample period of FY 1976 through FY1981, the geometric
average rate of increase in the Consumer Price Index (CPI) was 9.2
percent. Applying the above formula, we estimate real discount rates
of 9.9 percent from the trichotomous model and -0.5 percent from
the dichotomous model. Cylke et al. [15] argue that consideration of
progressive income taxes tends to increase the estimated discount
rate. We have not performed the detailed analysis of Hosek and Pe-
terson's results, including tax effects. However, their results imply
that military members' real discount rates are surely positive, and
may well exceed 10 percent.

Other discount-rate estimates
Table 3 summarizes the real discount rates estimated from various
studies. Cylke et al. [15] followed a procedure similar to Hosek and
Peterson, comparing the effectiveness of SRBs when paid in annual
installments (pre-April 1979) versus a single lump-sum (post-April
1979). Daula and Moffitt, by contrast, used the method of maximum
likelihood to estimate the discount rate as one parameter in the dy-
namic program. Warner and Fleeter [64] compared military mem-
bers' choices between installment and lump-sum severance pay when
the two were offered concurrently; we will discuss their study in the
next section.

Table 3. Estimates of real discount rates

Study
Cylke etal. [15]
Daula and Moffitt [60]

Daula and Moffitt [24]
Hosek and Peterson [12]

Warner and Fleeter [64]

Sample restrictions
Navy enlisted
Army infantry
Army infantry
Army infantry
enlisted males,
four services
Army, Navy,
Air Force officers
Army, Navy,
Air Force enlisted

Term of service
1st term only
1st term only
1st and 2nd terms
1st and 2nd terms
1st term only

YOS 7 through 15

YDS 7 through 15

Real discount rate
17%

4.0% - 5.5%
10.5%

10% - 14%
9.9%

6% - 26%

26% - 37%

Note: Real discount rate from Hosek and Peterson [12] is inferred in the current paper.
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Looking across all of the studies, the estimated discount rates range
between 4 and 37 percent. However, excluding Daula and Moffitt's
[60] low first-term estimates, as well as Warner and Pleeter's high es-
timates for enlisted personnel, the remaining estimates range be-
tween 6 and 26 percent. These rates all exceed the federal
government's real discount rate of 3 to 4 percent, leaving little doubt
that lump-sum bonuses are the preferred method of payment.

Warner and Fleeter study
Warner and Fleeter [64] exploited a natural experiment that oc-
curred when DoD reduced military endstrength during FY 1992 and
FY 1993. Recall that both Cylke et al. and Hosek and Peterson com-
pared a time period during which SRBs were paid in annual install-
ments to a time period during which SRBs were paid as a single
lump-sum. By contrast, Warner and Fleeter examined a single time
period during which both installment and lump-sum severance pay
were offered concurrently. What makes their study unique is that
military members were offered a contemporaneous choice between the
two payment options.

Specifically, DoD offered severance packages to mid-career personnel
(both officer and enlisted) in selected combinations of military occu-
pation, paygrade, and years of service. The Voluntary Separation In-
centive (VSI) provided annual payments equal to 2.5 percent of
terminal basic pay, multiplied by terminal years of service. The annual
payments would continue for a period of time equal to twice the ter-
minal years of service, with no indexing for inflation. The Special
Separation Benefit (SSB) provided a lump-sum payment equal to 15
percent of terminal basic pay, multiplied by terminal years of service.34

Mehay and Hogan [65] report that, during FY 1992, less than 10 percent
of the Navy enlisted force met the occupation/paygrade/YOS eligibility
criteria. Among these individuals, 12 percent accepted some form of
buyout. Mehay and Hogan did not explicitly analyze the choice between
the two payment options. However, they report that among Navy enlisted
personnel who accepted some form of buyout, 85 percent chose the SSB
(lump-sum) payment option.
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If individuals did not discount, the annuity option would be pre-
ferred as long as YOS > 3 (for then 2.5% x basic pay x YOS x 2 x YOS
> 15% x basic pay x YOS). With discounting, the breakeven career
length is somewhat longer. Put differently, for any given career length
of YOS > 7 (the minimum for buyout eligibility), one can compare
the discounted present values of the two payment options at various
discount rates. In fact, when announcing the program, DoD pub-
lished a pamphlet giving the comparison of present values at a
7-percent nominal discount rate, which was the typical yield on
money market funds at the time. Using that discount rate, the pre-
sent value of the annuity option was as much as twice the size of the
lump-sum payment.

One can also calculate the breakeven discount rate—the rate at
which a person must discount the annuity payments to yield a present
value equal to the lump-sum payment. Warner and Fleeter computed
before-tax breakeven discount rates ranging from 17.5 to 19.8 per-
cent, varying solely as a function of YOS. They also computed
after-tax breakeven discount rates ranging from 17.5 to 23.6 percent.

Despite these high breakeven rates, most people chose the lump-sum
payment option, indicating that their personal discount rates were
even higher. According to Warner and Fleeter:

Among the officers with less than 10 years of service, more
than half took the lump-sum. Among the E-5 enlisted per-
sonnel with less than 10 years, over 90 percent did so. Al-
most 75 percent of E-7 enlisted personnel with 15 years of
service took the lump-sum. Even among the more senior of-
ficers, 30 percent or more took the lump-sum. Overall,
about half of the officers chose the lump-sum while over 90
percent of the enlisted personnel did so.

Warner and Pleeter's estimated discount rates were shown earlier in
table 3. They ranged from 6 to 26 percent for officers, and from 26 to
37 percent for enlisted personnel.

We use some diagrammatic tools from microeconomic theory to illu-
minate these calculations. Figure 13 is an indifference-curve diagram
for a person choosing between the annuity and lump-sum payment op-
tions. The axes measure consumption of goods and services in the first
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and second time periods, respectively. Absent either severance pay or
access to financial markets, the person would simply consume his or
her income in each period. This income "endowment" is depicted as
point E. Relaxing these assumptions gradually, suppose next that the
person may either borrow or lend at the interest rate r. The resulting
budget line passes through point E with negative slope of 1 + r. As the
figure is drawn, this individual would choose to lend money in the first
period, reducing consumption in that period but increasing consump-
tion in the second period when the investment comes due. Geometri-
cally, the person moves along the budget line from point E to a
consumption optimum at point B.

Figure 13. Comparison of annuity and lump-sum payment options
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slope = 1 + r
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The slope of the person's indifference curve at point B equals 1+r.
Thus, the observed slope is solely a function of the interest rate at
which the person may either borrow or lend. The observed slope is
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not a measure of underlying preference for current versus future con-
sumption. The latter must be measured at some benchmark level of
relative consumption that is independent of market opportunities.
Conventionally, a measure of time preference (or "impatience") is
derived from the slope of the person's indifference curve at the
45-degree line (the line along which current and future consumption
are equal). The slope at the 45-degree line (e.g., at point A) is
equated to 1 + p, and p is defined as the consumer's "rate of time

r »35preference.

To see this point in another way, consider the two individuals pic-
tured in figure 14. These two have very different preferences for cur-
rent versus future consumption. The "impatient" one is more
concerned with current consumption, and has a steep indifference
curve (drawn as a solid curve). By contrast, the "patient" person is
more concerned with future consumption, and has a flat indifference
curve (drawn as a dashed curve). These differences in time prefer-
ence are evident by comparing the slopes of the solid and dashed in-
difference curves at the 45-degree line. Yet, if these two people
borrow or lend at the same interest rates as each other, they will
reach consumption optima at which each has an indifference curve
with slope 1 + r. Again, the observed slope measures market oppor-
tunities rather than underlying time preference.36

Finally, we compare the annuity and lump-sum severance packages.
Returning to figure 13, the annuity option serves to increase income
during both the first and second periods. Thus, the annuity option
shifts the endowment point both horizontally (point F) and then ver-
tically (point G). The new budget line passes through point G with

This definition is found in Epstein and Hynes [66], among other places.

When reviewing studies of "discount rates," one must carefully distin-
guish between those that measure market opportunities (r) and others
that measure underlying time preference (p). All of the studies in our
table 3 are measuring market opportunities. Other studies of market op-
portunities, outside the military sector, include Gately [67], Gilman [68],
and Hausman [69]. Lawrance [70] is the best-known study of the con-
sumer's rate of time preference.
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slope 1 + r. The individual may now adjust his consumption path to
reach a higher utility level at point C.

Figure 14. Two individuals with different time preferences but equal
interest rates

t
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By contrast, the lump-sum option serves to increase income during
only the first period. Thus, the lump-sum option shifts the endow-
ment point horizontally beyond point F, perhaps to point H. As
drawn in figure 13, point H lies to the northeast of the budget line
passing through point G. Thus, the lump-sum option leads to an even
higher budget line and, consequently, an even higher utility level
(neither of which is explicitiy shown in the figure, to avoid clutter).

The consumer's preference for point H (lump-sum option) over
point G (annuity option) reveals that his or her budget line is steeper
than the line segment GH. The slope of the budget line is, again,
1 + r. However, the slope of the line segment GH equals 1.0 plus the
"breakeven rate" computed by Warner and Fleeter. To see why, note
that points G and H would lie on the same budget line only if the two
payment options yielded exactly the same discounted present value.
The line segment GH is, in fact, a subset of the hypothetical budget
line with slope equal to 1.0 plus the interest rate that equates the two
present values—the breakeven rate.
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As is clear from this analysis, the consumer prefers the lump-sum pay-
ment option only if his or her personal discount rate exceeds the
breakeven rate. Thus, a consumer's choice of either the annuity or
lump-sum payment option serves to bound his or her personal discount
rate on one side or the other of the predetermined breakeven rate. It is
this information that Warner and Fleeter exploit to estimate the distri-
bution of personal discount rates in the military population.

75



THIS PAGE INTENTIONALLY LEFT BLANK



Effects of variables other than pay

Personal characteristics
Retention models have often included variables other than pay. Per-
ennial favorites include the civilian unemployment rate, and personal
characteristics, such as marital status, race, education, and mental
group. One difficulty is that these are some of the same personal
characteristics used to predict civilian pay in forming the mili-
tary/civilian pay difference or pay ratio. Inclusion of these character-
istics in the retention model introduces multicollinearity, which tends
to depress the estimated coefficient on the relative pay variable. This
problem was noted by Warner [71, pp. 222-223]:

inclusion of individual attributes such as education, race,
and Armed Forces Qualification Test (AFQT) score in the
retention equation to control for non-pecuniary factors re-
sults in substantial changes in pay parameter estimates. Such
changes may occur either because the model is properly
specified only with these variables included or because of
the multicollinearity introduced, since these factors also
help determine the relative pay variable in the equation....A
second source of sensitivity...may arise if variables that affect
civilian wages are also entered directly in the retention func-
tion. I am not sure whether they should or should not be in-
cluded. I will only comment that I have done it both ways,
and I have found maximum-likelihood estimates of pay elas-
ticities to be much more sensitive to inclusion or exclusion
of these variables than estimates based on a grouped logit
approach.

Whether or not to include personal characteristics remains an open
question. Personal characteristics should certainly be included if
there is an independent interest in their effects on retention. How-
ever, if the primary goal of a particular study is to estimate the pay ef-
fects, it may be preferable to exclude the personal characteristics
because their inclusion tends to destabilize the pay coefficient.
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Sea duty
Several studies have examined the effect of sea duty on reenlistment
rates of sailors. Warner and Goldberg [18] modeled the first-term re-
enlistment rate as a function of the expected percentage of time
spent on sea duty during the second term of service. They assigned
each person the expected sea duty specific to his or her Navy rating.
They estimated that a 10-percentage-point increase in prospective sea
duty would reduce the reenlistment rate by a modest 1.6 percentage
points.

The effect of sea duty was revisited by Shiells and McMahon [17]. In
the numerical example to illustrate their findings, they increased the
prospective sea/shore ratio from 2.6:1 (i.e., 2.6 years on sea duty for
every year on shore duty) to 3.3:1. They estimated that the
25-percent increase in the sea/shore ratio would reduce the re-
enlistment rate by 1.9 percentage points. Note that Shiells and
McMahon did not use the same metric for sea duty as did Warner
and Goldberg. Using the latter authors' metric, the percentage of
time spent on sea duty would increase from 72 percent (2.6/3.6) to
77 percent (3.3/4.3). Correspondingly, the reenlistment rate would
fall by 0.8 percentage point. Comparing the two estimates, Shiells
and McMahon's is over twice as large as Warner and Goldberg's.
However, even the larger estimate implies that the hypothesized in-
crease in sea duty could be offset by a one-level SRB increase.

Personnel tempo
More recently, a few studies have begun to look at the effect of per-
sonnel tempo (Perstempo) on retention. Cooke, Marcus, and
Quester [16] examined three measures of Perstempo for male sailors:

• Length of deployment

• Turnaround ratio, defined as time between deployments
divided by length of deployment

• Percentage of time under way while not deployed.
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Reference [16] found few systematic patterns for sailors with 8 to 10
years of service. However, the authors found several significant effects
among 4-year obligors at their first reenlistment point. For instance,
they found that longer deployments adversely affected retention, es-
pecially among married sailors (roughly one-third of those making
reenlistment decisions). Second, a lower turnaround ratio also ad-
versely affected retention, but the effect was smaller and limited to
married sailors. Third, the percentage of time under way while not
deployed had an adverse effect on retention. The latter effect was
most severe among both married sailors and sailors serving in rela-
tively sea-intensive ratings (these two groups overlap).

Among their other results, Cooke, Marcus, and Quester [16] found
that retention was lower among sailors deployed at their decision
point, even controlling for a sailor's deployment history during the 3-
year window leading up to the decision point. Finally, retention was
lower among sailors serving on ships that had recently undergone a
major maintenance activity (overhaul or restricted availability) that
lasted 8 months or longer.

Hosek and Totten [19] developed some additional measures of Per-
stempo, and extended the analysis to all four military services. They
not only examined long duty, but they appear to be the first to exam-
ine the effect of hostile duty on retention. They measured long duty
as the incidence of the Family Separation Allowance, which is paid to
personnel with dependents from whom they are separated for 30 or
more consecutive days. They measured hostile duty as the incidence
of Hostile Fire Pay, which is paid to personnel subject to hostile fire
or explosion, or those on duty in areas deemed to be hostile.

Hosek and Totten found that some degree of long or hostile duty ac-
tually increases first-term retention, particularly among Army and
Marine Corps personnel. Beyond a certain point, however, additional
long duty reduces retention, especially if that duty is also hostile.
Therefore, overall retention might improve if the burden of long and
hostile duty were shared among large numbers of military personnel.
However, Hosek and Totten caution that duty sharing must be bal-
anced against operational factors, including unit cohesion:
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We found that the impact of added long or hostile duty dif-
fers for personnel who have had it from those who have not,
and whether it is hostile or non-hostile. Thus, if the added
hostile duty can be spread to troops who have not yet been
deployed, then the effect on reenlistment is likely to be posi-
tive; if the added duty falls to those who have already been
deployed, then the effect on reenlistment is likely to be
negative. Of course, decisions about how to allocate addi-
tional assignments must include a variety of factors beyond
effects on retention rates. A Service's capability to share
long or hostile duty among units may be influenced by ad-
vantages gained from assigning units particular roles for a
major theater war and assuring that these units stand at full
readiness. For readiness reasons, it may not be advisable to
spread such duty more broadly (pp. xvii-xviii);...because
personnel are attached to units and develop specialized
skills and knowledge about the unit's roles and missions,
weaponry/equipment, and fellow unit members, simply
swapping one person or unit for another is essentially infea-
sible. A more subtle means must be devised (p. 58).

Finally, consistent with Cooke , Marcus, and Quester [16], Hosek and
Totten found much smaller effects of long or hostile duty for early-
career personnel (i.e., those beyond the first term but with 10 or
fewer years of service) than for first-term personnel.
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Areas for future research
This survey has identified several fruitful areas for future research:

• Determine what joint distribution of taste factors, if any, would
yield the sequential logit procedure used by Warner [42] to
model the stay/leave decision along with the reenlist/extend
decision among those who stay.

• Attempt full-information maximum-likelihood estimation of
the nested logit model for the stay/leave and reenlist/extend
decisions.

• Add cohort-composition effects to trichotomous logit (or
probit) models for the reenlist/extend/leave decision.

• When using grouped data, explicitly model SRB levels jointly
with reenlistment rates, to control for reverse causation.

• When using individual data, apply disequilibrium estimation
to distinguish supply-constrained from demand-constrained
observations.

• Continue the joint modeling of attrition and first-term
reenlistment. Compare the methods of Follmann, Goldberg,
and May [58] and Warner and Solon [14] on a common data
set.

• Further investigate the apparently low first-term pay elastic-
ities produced by the ACOL-2 approach.

The current paper has attempted to decompose the variation in pay
elasticities in terms of differences in data handling (e.g., treatment of
ineligibles and extensions), modeling technique, and elasticity com-
putation. However, this decomposition is confounded by differences
in service, occupational group, and time period among the many
studies examined. A useful "controlled experiment" would be to ap-
ply the various estimation techniques to a common data set, thereby
eliminating any confounding differences in sample composition. In
light of the changing market for military labor, it seems imperative to
conduct this experiment using the most recent available data.
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