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Abstract

We examine the role of reservation wages in youth unemployment in South Africa
by estimating a structural job search model both with and without survey data on
the reservation wage. We find that inclusion of reservation wage data implies a labor
market in which job offers are relatively frequent but at wages that tend to be too
low to be accepted. Using a novel procedure, we combine our structural estimates
with reservation wage survey data to estimate the full distribution of search costs in
the sample. These estimates confirm the model’s predictions about the relationship
between search costs and labor market outcomes, thereby allowing for insights into
individual-specific heterogeneity in structural parameters that may not be inferred
from the observed data alone. Counterfactual simulation of an employer wage subsidy
predicts an increase in reservation wages, but also an increase in accepted wages and a
decreased probability of experiencing a lengthy unemployment spell. To our knowledge,
this is the first attempt to apply survey data on reservation wages to a structurally
estimated search model for a developing country.

∗We thank Cally Ardington, Nicola Branson, David Lam, and Jessica Goldberg for orienting us to CAPS
and sharing their programs for formatting the data. Brian McCall provided invaluable guidance on the
structural estimation techniques used in this paper. David Lam, Murray Leibbrandt, Zoë McLaren, Jeffrey
Smith, Kevin Stange, Martin Wittenberg, and seminar participants at the University of Michigan and the
University of Cape Town provided useful comments. All errors belong to Todd.
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1 Introduction

Unemployment is persistently high in South Africa, and has increased dramatically since
the fall of apartheid. According to the standard International Labor Organization (ILO)
definition, national unemployment among 16-64 year olds rose from 15.6 percent in 1995 to
26.7 percent in 2005. Using a broader definition, unemployment rose from 28.2 percent to
41.1 percent over the same period.1 Youths are particularly likely to be unemployed: using
the ILO definition, in 2005 the unemployment rate for 16-19 year olds was 56.6 percent,
while for 20-24 year olds it was 52.3 percent. The immediate causes of such trends in
unemployment are found largely in the substantial increases in labor force participation
since the fall of apartheid, which has occurred for almost all groups but particularly among
African women. The new entrants tended to be less skilled than those already in the
labor force. At the same time that labor supply was increasing, labor demand stagnated,
particularly for the low-skilled (Banerjee et al, 2007).

Despite broad agreement on these proximate causes of the unemployment increase, its
level and persistence remain a puzzle. Standard labor market models would predict that
wages should decline to clear the market and reduce unemployment to more reasonable
levels than those observed. Although there is evidence that real incomes have fallen since
apartheid (Leibbrandt, Levinsohn and McCrary, 2005), the failure of unemployment rates
to fall frustrates conventional economic wisdom. The observed patterns suggest that there
are substantial frictions in the labor market. One hypothesis regarding such frictions is
that reservation wages among the unemployed are high relative to offered wages, leading
job searchers to reject job offers as unacceptable (or leading firms to adapt by failing to
make such offers in the first place). According to this reservation wage hypothesis, the
fall of apartheid spurred a climate of increased economic expectations among previously
disenfranchised groups, particularly blacks and coloureds. Such heightened labor market
expectations for disadvantaged groups coincided with increased human capital investments,
resulting in reservation wages that tended to exceed employers’ willingness to pay. Thus
the reservation wage hypothesis holds that the increase in South African unemployment is
largely voluntary, resulting from an influx of workers unwilling to work for the prevailing
wages offered by firms.

In this paper, we examine the reservation wage hypothesis by estimating a structural job
search model applied to the Cape Area Panel Study (CAPS), a panel dataset of youth
in Cape Town with detailed histories of education, job search and labor market behavior.
The structural search approach is appropriate for the context we study because it explicitly

1The ILO definition classifies “working age individuals as being in the labor force if during a week
of reference they were employed or wanted to work and were available to start working within a week
but also had actively looked for work during the past four weeks...The broader definition...[eliminates] the
requirement of having actively searched for a job in order for an individual as to be classified as unemployed.”
(Banerjee et al, 2007: 6).
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models the labor market frictions that lead to equilibrium unemployment and estimates
their magnitude. As is well known, the structural approach also provides a valid framework
in which to conduct policy simulations, making our results more useful for policymakers
seeking to reduce South African unemployment. Although estimation of a structural search
model can not determine whether reservation wages are “too high,” as the reservation wage
hypothesis contends, it can nonetheless determine what must be true of the model’s param-
eters in order to reconcile the observed data, thereby offering a picture of the labor market
consistent with a search model in which agents follow a reservation wage policy.

The data we use are particularly suited to our purpose since they focus on a group (ur-
ban youth) with extremely high unemployment rates, and contain survey reports of the
reservation wage, which is typically unobserved. We estimate the parameters of a simple
search model both with and without survey data on reservation wages, which allows us
to assess the role of reservation wages under the restrictions implied by our model. To
our knowledge, this is the first attempt to apply data on reservation wages from a devel-
oping country to a structurally estimated search model, and among a handful of studies
in the broader job search literature that use survey measures of reservation wages. Our
model incorporates measurement error in reported wages and observed heterogeneity in
the structural parameters.

We find that inclusion of reservation wage data as an input to our model implies a la-
bor market in which job offers are relatively frequent but at wages that tend to be too
low to be accepted, in stark contrast to results obtained using the traditional method of
estimating reservation wages from the accepted wage distribution or by maximum likeli-
hood, which imply less frequent offers that are accepted with higher probability. Using
the model’s results to estimate individual-specific net search costs provides insights on
individual heterogeneity relevant to search behavior, confirming the model’s predictions
about the relationship between search costs and labor market outcomes. Counterfactual
policy simulation of an employer wage subsidy shows that youths increase their reservation
wages in response to the subsidy, but by an amount modest enough for the subsidy to both
increase accepted wages and reduce the probability of lengthy unemployment spells.

The remainder of the paper is structured as follows: Section 2 reviews the literature.
Section 3 presents the model and discusses its estimation and identification. Section 4
describes the data and Section 5 presents results. Section 6 discusses results from estimation
of search costs, and Section 7 presents results of the counterfactual policy simulation of an
employer wage subsidy. Section 8 concludes.
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2 Literature Review

The job search literature dates to the 1960s, although attempts to empirically estimate
structural search models began to appear only in the early 1980s. Since then numerous
variations of structural search models have been developed and estimated. To use the
terminology of Eckstein and van den Berg in their excellent (2007) survey, our model is
a standard “classical job search” model. As such, it is a partial equilibrium model, in
that it models only the worker’s optimal search policy in a dynamic setting, leaving the
firm’s behavior as exogenous; and it is a “wage posting” model, in that firms post wages
which potential workers must either accept or reject (in contrast to “bargaining” models, in
which workers and firms bargain over the wage after a match has been made). Estimation
of such models typically involves assuming a wage offer distribution (commonly exponen-
tial or log-normal) and an offer arrival process, the latter of which implies a distribution of
unemployment durations. The model is then estimated using data on accepted wages, un-
employment spells, and perhaps additional covariates believed to influence these outcomes.
Flinn and Heckman (1982) provide an extensive discussion of parameter identification in
such models. Christensen and Kiefer (1991) present a model of this type that is quite
similar to ours, develop its likelihood function, and discuss parameter identification. The
estimation procedure is typically maximum likelihood.

Several structurally estimated search models have specifically examined the transition from
school to work, as we do in this paper. Wolpin (1987) estimates a finite-horizon model of the
transition from school to the first job using US data from the 1979 cohort of the National
Longitudinal Survey of Youth (NLSY79). Wolpin’s model allows for search to occur both
before and after school exit, and also explicitly models measurement error in the observed
wage distribution. Using the same data as Wolpin (1987), Eckstein and Wolpin (1995)
model the duration to first job using a search-matching framework in which both workers
and firms search for each other and bargain over the wage once a match is made. They
also incorporate measurement error in accepted wages and unobserved heterogeneity among
workers within race/skill cells.

Most structurally estimated search models treat the reservation wage as unobserved and
either estimate it as a function of the other parameters of the model or replace it with a
consistent estimator, typically the minimum accepted wage. A small number of papers use
survey data on the reservation wage in their estimates, however. Lancaster and Chesher
(1983) use a classical job search model to derive closed-form expressions for the elasticites
of the reservation wage with respect to unemployment benefits and the offer probability
that are functions of the conditional expected wage (i.e., the wage one would expect to
earn, conditional on such a wage weakly exceeding the reservation wage), the reservation
wage and the benefit level only. Moreover, they arrive at these elasticities in the absence of
any assumptions on the wage offer distribution. Using a British dataset of the unemployed
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that collected survey reports of the conditional expected wage and the reservation wage,
they use the structure of their model to calculate these elasticities for each individual in
the sample. Lynch (1984) and Holzer (1986) apply the Lancaster and Chesher framework
to data on unemployed youth in England and the US, respectively.

A number of other papers have explored the implications of non-stationarity in the reser-
vation wage, since most finite-horizon search models or those that allow for time-varying
shocks imply that the searcher will optimally adjust the reservation wage over time. Such
papers include Wolpin (1987), Burdett and Vishwanath (1988), van den Berg (1990),
Narendranathan (1993), McCall (1994), and Garcia-Perez (2006). Of these, only van den
Berg (1990) uses survey data on the reservation wage.

There is a vast literature on unemployment in South Africa. For our purposes, the most
relevant is the recent literature on search and reservation wages in Cape Town. Nattrass
and Walker (2005) analyze data from the Khayelitsha/Mitchell’s Plain (KMP) survey con-
ducted in 2000-2001, which sampled working-age adults from a Cape Town working-class
district. They use a reservation wage report similar to that used in this paper, and find
that it is generally consistent with other reports of labor search behavior reported in the
survey. Using a Heckman selection model to predict wages for their sample, they show that
the vast majority have reservation wages below their predicted wages. They also find that
the reservation/predicted wage ratio is significantly negatively correlated with unemploy-
ment, and conclude that elevated reservation wages are not a major contributor to adult
unemployment in this Cape Town district. Though their construction of predicted wages is
problematic due to the lack of valid exclusion restrictions (they use gender and race), the
results are nonetheless a provocative indication that the area’s high unemployment may
not be voluntary.

Using the same KMP data, Schoer and Leibbrandt (2006) find that several different search
strategies prevail in the data. They classify individuals as “non-searchers,” “exclusive
active searchers,” “exclusive passive searchers” and “mixed strategy searchers,” and find
that observable characteristics have strong correlations with the choice of search strategy.
Their results suggest that in Cape Town, search is not a monolithic activity, as most search
models imply. We nonetheless model search as a simple process in this paper, though future
work may attempt to differentiate between search strategies.

3 Model, Estimation and Identificaiton

3.1 Model and Estimation

We consider the infinite-horizon dynamic programming problem of an unemployed worker
searching for a job in continuous time, who faces a known wage offer distribution with
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cumulative distribution function FW (w) and Poisson job offer arrival rate q. When unem-
ployed, the searcher’s flow value of leisure2 is b and she/he discounts the future by discount
factor δ. If accepted, a job pays constant wage w, but the worker faces an exogenous
probability of job separation p. Once rejected, wage offers may not be recalled. The corre-
sponding continuous-time Bellman equations for the value of search and employment (V s

and V e, respectively) are:

(1− δ)V s = b + qE[max{0, V e(w′)− V s}]
(1− δ)V e(w) = w + p[V s − V e(w)]

where w′ denotes a future draw from FW . The reservation wage w∗ makes the agent
indifferent between accepting the job offer and continued search, i.e., it solves: V e(w∗) =
V s. Manipulation of the above Bellman equations lead to the following standard expression
for the reservation wage w∗:

w∗ = b +
qδ

(1− δ) + p

∫ ∞

w∗
(w − w∗)dFW (w)

Policy function iteration for w∗ may be conducted using the above.3,4

The model implies a joint distribution of accepted wages and unemployment durations,
f(w, d|w ≥ w∗), which will form the basis of the likelihood function and whose parameters
we seek to recover. Since the model assumes that offer arrivals are independent of wage
draws, this joint distribution may be factored as the product of the marginal distributions of
accepted wages and unemployment durations, leaving us with f(w, d|w ≥ w∗) = fW (w|w ≥
w∗)× fD(d|w ≥ w∗). We consider estimation of each in turn.

According to the model, no agent accepts a wage below the reservation wage, allowing us
to use the truncation of the wage distribution from below at w∗ to recover the parameters

2The flow value of leisure may also be viewed as the net search cost. In this paper, I will use the
terms “flow value of leisure,” “net search cost,” and “search cost” interchangeably. All refer to the model
parameter b.

3Note that as a partial equilibrium model, we do not model how firm behavior helps to determine FW

in equilibrium. Although this restricts the realism of the model, it allows us to maintain our focus on
youth labor supply. Moreover, the leading method for structurally estimating a search model in general
equilibrium, the Burdett-Mortensen model (as exemplified by Van Den Berg and Ridder, 1998) assumes
wage offer and accepted wage densities that are increasing in the wage, which is squarely contradicted by
our data.

4We also do not account for institutional features of the labor market such as minimum wages or union
wage-setting. We feel this is justified because several studies have found low enforcement rates of minimum
wages in South Africa (Hertz 2005, Yamada 2007), and in the CAPS data, only 2% of employed respondents
reported being union members (Wave 2). Youths facing these constraints in particular occupations should
be able to switch sectors with relative ease.
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of the wage offer distribution, since fW (w|w ≥ w∗) = fW (w)
1−FW (w) . In practice, however, wages

are measured with error, so that some reported wages may fall below the reservation wage.
Suppose classical measurement error, such that:

wo = w + ε

where wo denotes observed wages and ε ∼ N(0, σ2
ε ) is independent of w. Although the

support of the measurement error distribution is unbounded, we may bound realized draws
of ε by noting that no true accepted wage may fall below w∗, i.e., Pr(w < w∗) = 0.5

Therefore we have:

w = wo − ε ≥ w∗ ⇔
ε ≤ wo − w∗ ≡ ε̄

The corresponding density of observed wages is:

fW (wo|w ≥ w∗) =
∫ ε̄

−∞
fW (wo|w ≥ w∗, ε)φ

(
ε

σε

)
dε

where φ(·) is the standard normal density.6

Now consider the density of unemployment durations, fD(d). Under the assumption of
Poisson offer arrivals, the hazard rate of unemployment exit, h, is a (constant) product of
the offer arrival rate and the probability that a wage draw exceeds the reservation wage, i.e.,
h = q(1 − FW (w∗)). Accordingly, unemployment durations are distributed exponentially
with parameter h, so that fD(d) = h exp(−hd). In practice, however, some unemployment
spells will be right-censored, so that observed duration d = min{d∗, dc}, where d∗ is the true

5This approach to bounding the measurement error distribution follows Christensen and Kiefer (1994),
although they do not assume that the measurement error is normally distributed, as we do.

6Allowing instead for measurement error in reservation wages rather than accepted wages would not
change the results of our model. To see this, suppose (without loss of generality) that reservation wages are
measured with error, such that w∗

o = w∗− ε, where w∗
o is the observed reservation wage and ε is distributed

N(0, σ2
ε ), as above. Then we would have:

w ≥ w∗ = w∗
o + ε⇔

w − w∗
o ≡ ε̄ ≥ ε

This leads to the same upper bound on ε, and thus the same accepted wage density as the case with
measurement error in wages. The only difference would arise in the interpretation of the placement of the
measurement error, but estimation results would be identical.
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duration and dc is the duration observed when the spell was censored. Let c = I{d = dc}
be an indicator for censored spells. Then the density of observed unemployment durations,
gD(d), is:

gD(d) = fD(d)1−c[1− FD(d)]c

We observe a sample of accepted wages and (possibly right-censored) unemployment du-
rations. By definition, we do not observe accepted wages for those with right-censored
durations, and an additional subset of observations with completed unemployment spells
may also have missing wage data. Let m = {0, 1} be an indicator for missing wage data.
Therefore, the vector of observed data for each observation is X = (w, d, c,m), and the
corresponding log likelihood function is:

L(θ|X) =
N∑

i=1

(1−mi) ln fW (woi |wi ≥ w∗; θ) + ln gD(di; θ)

Note that the likelihood function is additively separable in the observed wage component
and the unemployment duration component. In practice, this allows us to estimate θ by
sequential maximum likelihood, where the observed wage component is estimated first to
obtain consistent estimates of the parameters of the wage offer and measurement error
distributions. These estimated parameters are then used as inputs in the estimation of the
parameters of the unemployment duration distribution.7 Finally, the parameters from the
first two stages are inserted into the full likelihood function, where one Newton-Raphson
iteration gives consistent estimates of both θ and its standard errors.

We parameterize the wage offer distribution as exponential with parameter λ, so that the
model parameters estimated by the likelihood function are θ = (q, λ, σε).8 We describe
estimation of the reservation wage w∗ in the following section.

3.2 Identification

Identification of the model parameters depends crucially on the reservation wage. In ad-
dition to determining the policy function of the theoretical search model, the reservation
wage plays a key role in empirical parameter identification in the likelihood function. By
providing the truncation point of the accepted wage distribution, the reservation wage,

7Note that, because the wage offer distribution enters the hazard rate of unemployment exit, sequential
maximum likelihood must proceed in this order rather than the reverse.

8Note that the parameters (b, δ, p) of the theoretical model are not identified by the likelihood function.
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in conjunction with the dispersion of accepted wages around it, serves to identify the un-
derlying wage offer distribution. Additionally, its role in truncating the accepted wage
distribution helps to identify the measurement error variance by placing an upper bound
on the measurement error for all observed wages. Moreover, by entering into the expression
for the hazard rate of unemployment exit, the reservation wage helps to identify the offer
arrival rate by reconciling observed unemployment durations with the probability of offer
acceptance.

In practice, we estimate the reservation wage in several different ways and report how the
model results change under each. Under the model assumptions, the minimum accepted
wage in the data is a consistent estimator of the reservation wage (Flinn and Heckman
1982). However, under the assumption that wages are measured with error, this estimator
will be susceptible to outliers in the left tail of the observed wage distribution, so instead
we use the 5th percentile of observed wages, which is also a consistent estimator of the
reservation wage (Flinn and Heckman 1982, Eckstein and Van Den Berg 2007).9

Since the CAPS data we use in this paper has the rare advantage of survey reports of the
reservation wage, we use the median reservation wage (within cells defined by included
covariates) as model inputs. The median reservation wage, rather than individual reser-
vation wage reports, is used because under the model all agents face identical structural
parameters and therefore must have an identical reservation wage.10

The theoretical model also provides a means to identify the reservation wage in a manner
that is fully structural. However, in doing so, several problems arise. The first is the
reliance of the reservation wage estimate on the calibration of several model parameters (in
particular, b, δ, and p) which are not identified by the likelihood function alone. Moreover,
as the truncation point of the accepted wage distribution, the reservation wage may not be
estimated by maximum likelihood, because it is a boundary value. However, because our
model assumes that measurement error in the reservation wage may lead some observed
wages to fall below the reservation wage, the boundary value problem is eliminated, and
the reservation wage may indeed be estimated as an additional model parameter in a
conventional maximum likelihood framework.

9Flinn and Heckman (1982) and Eckstein and Van Den Berg (2007) note that any fixed order statistic
of the accepted wage distribution consistently estimates w∗.

10We could also choose the mean reservation wage or other measure of central tendency, but choose the
median because it is less sensitive to outliers. Parameter estimates obtained using mean reservation wages
are qualitatively similar to those obtained under the median, although predicted offer arrivals no longer fall
between 0 and 1.
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4 Data

We use data from the Cape Area Panel Study (CAPS), a longitudinal study of youth
in metropolitan Cape Town, South Africa. CAPS sampled about 4,800 youths aged 14-
22 in Wave 1 (August-December 2002) and currently contains four waves, the most recent
conducted in 2006. For our purposes, the most relevant features of the data are its monthly
histories (for a period of 52 months from 2002-2006) of education, search and employment
activity, as well as its questions on reservation wages. We focus only on those youths who
have permanently left school,11 are observed for at least 12 months in the calendar sample,
and have a valid response to the reservation wage question. Additionally, those below the
1st and above the 99th percentiles of the accepted wage distribution are dropped to limit
the influence of outliers in the estimation.12 This leaves N = 1, 430 individuals in the
sample. Key variables are described in the Appendix A.

Table 1 presents summary statistics for the full sample. Among the notable features are
the high durations and rates of unemployment: mean duration to first job since school
exit is nearly 12 months, while 42% of the sample is unemployed for at least one year.
Observed search behavior appears low: only 19% of the the time till first job (or censoring)
is spent in search, and 35% report never searching since leaving school. Nonetheless, few
youths are returning to school: only 6% report returning to school before obtaining their
first job (or censoring), and none returned to school full-time (i.e., all report searching or
working concurrently with re-enrollment in school). Of those who find work, most (77%)
are employed full-time.

Table 2 breaks down unemployment durations and rates by observable characteristics. The
trends follow the expected patterns: unemployment is more prevalent and prolonged for
coloureds and blacks, females, the young, and the low-skilled (both in terms of low schooling
and low ability). The levels can be quite striking, however, even for the most advantaged
groups: 21% of whites and 15% of those with at least some post-secondary education
are unemployed for at least one year since school exit, for instance. Another surprising
result is the post-school labor market experience of those who report never searching: of
this group, only 36% are censored, meaning that the remaining 64% obtain a job, despite
reporting to never have searched. This suggests that “search,” at least as understood by
the survey respondents, is not necessary to obtain employment, and thus many youths who
may appear to be non-participants in the labor market may in fact be searching passively,

11We define school exit as being out of school for at least 3 consecutive months. In our sample, 6% report
returning to school in at least one month after leaving school permanently according to our definition, but
none of these have returned to school full-time (i.e., they always report searching or working concurrently
with re-enrollment in school).

12Estimation results using the untrimmed sample are qualitatively similar to those with trimming for
most variants of the model. However, the model using maximum likelihood estimation of the reservation
wage produces several coefficients with inconsistent sign and magnitude using the untrimmed sample.
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or at least prepared to accept a job should an acceptable offer arrive.13

Given the high prevalence and duration of unemployment in the sample, the question
of what youths are doing with their time after leaving school naturally arises. Table 3
seeks to answer this question with data from more recent waves, for which the most post-
school observations are available. Less than 1% are dead, suggesting fatal illnesses such as
AIDS are not immediately afflicting this age group, although 7% do report serious illness.
Although only 6% are married and 4% currently pregnant (including males who report
their partners as pregnant), 18% are caring for their own children. A large percentage,
78%, remain co-resident with at least one parent, with 18% living in a household with a
pensioner, suggesting that many youths may still have access to intra-household resource
transfers. Less than 10% engage in unpaid work, suggesting that informal or underground
employment does not explain the lack of wage employment in the sample.

Because reservation wage reports will be used in some versions of the model, it is worth
pausing to consider the quality of the reservation wage data. Our reservation wage measure
is the minimum monthly wage for which the youth reported to be willing to accept full-
time work, measured at the latest time wave prior to obtaining a job after permanent
school exit (or censoring).14 Table 1 shows that 24% of those with completed spells and
non-missing wage data report reservation wages that exceed their reported wage; Figure
1 is a graphical depiction of the same, with points below the 45-degree line indicating
observations for which w∗ > w. While this is troubling, the model can account for such
discrepancies through its estimates of the distribution of measurement error in wages.
Table 4 presents regressions of the reservation wage on a set of observable characteristics.
Although few coefficients are statistically significant, they generally enter with the expected
sign: reservation wages are lower among females, blacks and coloureds, who likely face
more labor market disadvantages than similarly-skilled males and whites; lower (convexly)
as a function of age, suggesting that older youths are less patient in their search; higher
for the more skilled, as proxied by schooling and ability; higher for those with employed
fathers or with co-resident parents, likely due to the greater availability of intra-household
transfers; lower for those whose parents want them more strongly to work; and lower for
those with their own children in the household, who have greater need to accept paid work.
A notable exception is the negative coefficient on pension receipt by a household member,
which contradicts the conventional wisdom that availability of pension-related resources
increases reservation wages, although the coefficient is significant only at the 10% level.
The regression results suggest that, despite some discrepancies between observed wages
and reservation wages, the reservation wage data from the survey are generally internally

13Our definition of “never searched” excludes those who report obtaining employment immediately after
leaving school. Although such youths do not report searching between school exit and employment, we
expect that many in fact did actively search for work prior to obtaining work, and therefore exclude them
from the “never searched” group so as not to bias results.

14Appendix A contains additional details on the construction of the reservation wage measure.
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consistent when considering correlations with observable attributes.15

Finally, we consider the adequacy of our distributional assumptions used to form the like-
lihood function. Figures 2 and 3 show kernel density estimates of accepted wages and first
unemployment spells, respectively; recall that both distributions are assumed exponential
for purposes of estimation.16 Although the empirical distributions from the full sample
may mask considerable heterogeneity and thus can not show that our distributional as-
sumptions are correct, observable patterns consistent with the exponential distribution
(e.g., monotonically decreasing with a long right tail) will at least suggest that our esti-
mates may fit the data well. The accepted wage distribution (Figure 2) does exhibit the
left tail mode and long right tail that is characteristic of the exponential distribution; in
our model, measurement error may account for the increasing density in the far left tail.
The unemployment duration density (for completed spells; Figure 3) also exhibits these
patterns, and appears to be consistent with our assumption of a constant hazard rate of
unemployment exit, in the aggregate.17

5 Results

5.1 Parameter Estimates

Table 6 presents parameter estimates for each of three models that vary by the reservation
wage used in estimation (as indicated at the top of each column): w∗ is the median reser-

15A major assumption of our model is the constant arrival rate of wage offers, which (in combination
with the assumption that all other structural parameters are time-invariant) implies that the reservation
wage is also constant. This assumption may be tested using our panel. An autoregression of the reservation
wage on lagged values of itself should thus lead to a coefficient of 1 under our assumptions. However, the
bias of a such a dynamic panel regression with individual fixed effects under T = 2 (the average number of
observations per individual in our sample) is -1 (Nickell, 1981), so the coefficient of such an autoregression
should be 0 under our assumption of constant reservation wages. The autoregression coefficient from a
regression (not reported here) of the reservation wage reported while engaged in job search (i.e., after
school exit and prior to acceptance of first job) on its first lag is negative, but not significantly different
from 0 at the 5% level (p-value .08). Thus, we can not reject our assumption of constant reservation wages.
However, such results should be interpreted cautiously, as multiple reservation wage observations while
searching are available for only 237 individuals in our sample of 1,430. Moreover, the leading methods
for incorporating time-varying reservation wages in structurally estimated search models make unpalatable
assumptions: assuming a finite search horizon (as in Wolpin (1987)) seems unsuited to youth seeking their
first job following school exit, and allowing structural parameters (typically the unemployment benefit, as
in Van Den Berg (1990)) to evolve over time in a known fashion does not seems at odds with the South
African context.

16Under exponential wage offers, the density of accepted wages will also be exponential, with a rightward
shift of the offer distribution by the amount of the reservation wage.

17Although the kernel density is increasing in the far left tail, the empirical mode is 1 month (the minimum
allowed, by assumption), so the empirical density does have its mode at the left tail of the distribution.
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vation wage from survey reports; wq5 is the 5th percentile of accepted wages; and w∗
MLE

leaves the reservation wage as a parameter to be estimated.18 Observed heterogeneity is
incorporated by modeling each parameter as a linear function of a parsimonious set of
covariates: dummies for black, coloured, high school graduate, at least some college, high
ability,19 and previous work experience; the omitted group is low-ability whites with less
than a high school education and no previous work experience. The reservation wage is
calculated within groups defined by these covariates; for reference, Table 5 reports regres-
sions of w∗ and wq5 on the covariates. The measurement error variance is estimated as a
single parameter for the entire sample, however.20

Consider first the results for q, the job offer arrival rate, which may be interpreted as the
monthly probability of receiving a job offer. For most subgroups, offer arrivals are estimated
to be more frequent under w∗ than the other models, which would be consistent with higher
reservation wages under w∗. For instance, the model with w∗ implies that a black high
school graduate with low ability and no work experience faces an offer arrival rate of .26,
whereas his/her arrival rate is .09 under wq5 and .12 under w∗

MLE . Coefficients generally
enter with expected sign: blacks and coloureds have lower offer rates than whites;21 high
school graduates and those with some college have higher offer rates than high school
dropouts; highly able individuals have higher offer rates than the less able; and those with
previous work experience have higher offer rates than those without such experience. The
increase in offer rates for those with prior experience is strikingly high, almost equal in
magnitude to that of some college attendance. Previous work experience may thus capture
a number of characteristics that are useful for attracting job offers, such as a network of
former employers, a signal to prospective employers of job aptitude, and motivation in job
search.

Now consider the results for λ, the wage offer distribution parameter, which represents the
mean (and standard deviation) of the wage offer distribution. The results are qualitatively
consistent regardless of the reservation wage used in estimation, with expected signs on all
coefficients. Moreover, in all models the returns to some college greatly exceed the returns
to high school education alone (by a factor of about 3), and the returns to previous work
experience dwarf those of high ability. As with the offer arrival rate, the large coefficients
on previous experience may be picking up a number of omitted factors that are correlated
with experience, but their magnitude is nonetheless notable, particularly because of the

18In the estimation, w∗
MLE is restricted to be w∗ = w̄ − λ, corresponding to the truncation of the

exponential accepted wage distribution at w∗.
19We define “high ability” as above the median literacy and numeracy evaluation score within the esti-

mation sample.
20Although in principle we could have treated the measurement error as heteroskedastic by allowing its

variance to vary according to observable characteristics, in practice the measurement error coefficients were
rarely significant in such models, and frequently led to numerical instability in the parameter estimates.

21A notable exception are the coefficients on black and coloured in the model with w∗
MLE , which is

difficult to reconcile with standard notions about the South African labor market.

12



other included controls. Despite the consistency of the results across the models, some
notable differences arise. For instance, the labor market penalty to blacks in the model
with wq5 is much less than under the other models, and much less than the penalty to
coloureds within the model. Considered in conjunction with the offer arrival rate results,
the estimates offer a contrasting picture of the labor market: under w∗, wage offers are
relatively frequent but low, while under wq5 offers are infrequent but high.

This arrival/offer tradeoff is how the model reconciles different reservation wages using the
same data on unemployment durations and accepted wages. Accordingly, the probability
of offer acceptance (Pr(w ≥ w∗)) implied by the models suggest that if youths behave
according to their reservation wage reports, they are less than half as likely to accept a wage
offer than under wq5 ; we will return to this discrepancy and suggest possible explanations in
the conclusion. Results for the model with w∗

MLE fall somewhere in between the other two,
with intermediate offer arrivals and wage offers for most subgroups, as may be expected
when we “let the data speak” to find the best fit.

The estimated measurement error standard deviation, σε, is greatest in the model with w∗

and smallest in the model with wq5 . This is unsurprising: recall that the measurement error
parameter serves to reconcile the density of observed wages below the reservation wage,
and hence should be largest in the model with w∗, since reservation wages are highest
(on average) in that case. The share of measurement error in the standard deviation of
observed accepted wages is therefore highest in the model with w∗, though still reasonable
at 27%.22

Finally, the coefficients on w∗
MLE in column (3) follow a qualitatively similar pattern to

those on the alternative reservation wage measures presented in Table 5. As expected,
black and coloured youth have lower reservation wages relative to whites, while reservation
wages are increasing in schooling and ability. Interestingly, the coefficient on high ability
in the reservation wage exceeds its coefficient for the wage offer distribution, implying that
high ability youths think their ability is more valuable than does the labor market. Also
interesting is the negative coefficient on previous work experience, suggesting that youths
who have already engaged in paid work are willing to work for less than their inexperienced
peers.

5.2 Model Fit

The structural search model generates predictions for the distributions of unemployment
durations and accepted wages, and estimates of these distributions may be compared to
their empirical counterparts to assess model fit. Before considering formal tests of model

22Bound and Krueger (1991) found that measurement error accounts for 18% of the variance in reported
annual earnings for men in the US.
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fit, we first offer a more qualitative assessment of how well our estimates account for some
features of the data.

Consider first the distribution of unemployment durations till obtaining the first job. Be-
cause some durations are right-censored, it will be convenient to work with the survivor
function for unemployment, or the probability that an unemployment spell d exceeds some
value d0 (i.e., S(d0) = Pr(d ≥ d0)). Table 7 shows, in column (1), the empirical sur-
vivor function at various monthly durations, along with model estimates according to the
reservation wage value in columns (2)-(4). Perhaps the most noteworthy aspect of the re-
sults is that, beginning at a duration of 24 months, the predicted survivor function weakly
exceeds its empirical counterpart for all estimated models. This means that youths are
experiencing shorter unemployment spells than our model predicts at the right tail of the
distribution.

Now consider the distribution of accepted wages. Recall that by incorporating measure-
ment error in the reported wage, our model estimates the distribution of observed accepted
wages, which is therefore directly comparable to empirically observed accepted wages. In
Table 8, we compare this empirical distribution with its estimated counterparts at their
respective means, standard deviations, and selected quantiles. All estimated models have
mean and standard deviation that fall somewhat below those of the empirical distribution.
The reported quantiles suggest that the reason may be the longer right tail of the empir-
ical distribution: the 75th and 90th quantiles of all estimated models are below those of
the empirical distribution, and such a longer right tail in the empirical distribution will
increase its mean and standard deviation relative to the estimated models. Among the
estimated models, most quantiles of the model with w∗ exceed those of the others, which
is unsurprising given that reservation wages in that model are generally greatest.

To test the model formally, we conduct both Pearson and LM tests separately for the
unemployment duration and accepted wage distributions of each model.23 We reject the
null hypothesis that the model is correctly specified in all cases. Moreover, no model
appears to offer an unambiguously better fit than the others, leaving no clear reason to
favor one method of measuring reservation wages over another.

6 Search Cost Estimation

The model estimation described in preceding sections used values for the reservation wage
defined within each covariate cell; thus, all coloured high school graduates with low ability
and previous work experience were assumed to have identical reservation wages, for in-
stance. This is consistent with our structural model, under which agents facing identical

23Appendix B describes details of these tests.
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structural parameters must have identical reservation wages.24 However, our data includes
survey reports of each individual’s reservation wage, which in general do not coincide with
the reservation wages used in estimation. One way to reconcile these individual reserva-
tion wages with the underlying structural model is to assume that one or more structural
parameters faced by the individual, but not included in the likelihood function used for
estimation, generated the reported reservation wage. In our model, the agent’s flow value
of leisure or net search cost (b), discount factor (δ), and probability of job separation (p)
determine behavior but do not explicitly enter estimation. We use individual reservation
wage reports to shed light on one of these parameters, the net search cost (b).25 The results
allow us to learn about individual heterogeneity in our sample in ways that are (arguably)
richer than the standard approach of estimating a mixture distribution (Heckman and
Singer, 1984), which requires a finite number of types (typically two or three) for tractable
estimation.26

We estimate b as follows: for each individual, we use our maximum likelihood estimates of
(λ, q); calibrate p according to observed job separations in the data (approximately .04);
choose δ = .95 annually; and then choose b̂ to match w∗ to the individual’s reservation
wage report (through a unidimensional method of moments estimation). This generates the
distribution of b̂ in our sample in a way that makes use of numerous sources of information,
including the restrictions of our structural model, the distributions of accepted wages and
unemployment durations on which our maximum likelihood estimates are based, and the
individual heterogeneity incorporated in each agent’s reported reservation wage. To our
knowledge, this is the first use of reservation wage data to shed light on individual-specific
search costs in this manner in the literature.27

We find the distribution of b̂ under each variation of reservation wages used in estimation of
the model (w∗, wq5 and w∗

MLE). We then regress b̂ on the covariates used in our structural
estimation, as well as on an additional set of covariates that are excluded from the struc-
tural estimation but plausibly correlated with b. Results are presented in Table 9, Panel A.
Columns (1), (3), and (5) present results from regressions of b̂ on the variables included in
structural estimation only, under w∗, wq5 and w∗

MLE , respectively. Coefficients on school-
24If we used individual reservation wage reports directly in the estimation, we would essentially be

estimating the parameters of individual-specific accepted wage and unemployment duration distributions
using just one observation for each, which is intractable.

25We choose b rather than δ or p because we think it the most likely source of individual-specific hetero-
geneity: reasonable priors allow us to calibrate δ, and p may be calibrated to match data on job separations
within our sample.

26Note that our approach is possible due only to the availability of reservation wage reports; structurally
estimated search models lacking such data would still have to use the Heckman and Singer approach to
unobserved heterogeneity.

27Eckstein and Wolpin (1995) conduct a conceptually similar exercise, using their structural model to
recover search costs after estimating the remaining parameters. However, since they lack individual data
on reservation wages, they are limited to using their reservation wage estimates defined within the cells of
their model.
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ing, ability and previous work experience in these regressions are qualitatively similar, and
quite surprising: the more educated, more able, and more experienced youth have lower
value of leisure (i.e., higher search costs) than the corresponding omitted categories, con-
trary to the conventional notion that the value of time is greater for these groups. Since
these groups enjoy better labor market outcomes, we may infer from these results that this
is in part because they face higher disutility from unemployment. Coefficients on black
and coloured in these regressions produce mixed results, with positive coefficients from the
models with w∗ and wq5 , but negative (though not significant) under w∗

MLE .

Columns (2), (4), and (6) of Table 9, Panel A include additional covariates not used in the
structural estimation that nonetheless may influence b. Across all models, females have
lower value of leisure (perhaps due to norms about household production?), and b is in-
creasing (concavely) in age. A striking result is the consistently negative (and statistically
significant) coefficients on household pension receipt; intra-household reallocation of pen-
sion resources is widely believed to increase the value of unemployment and contribute to
high levels of joblessness in South Africa. The results here, along with similarly negative
coefficients on household pension receipt in regressions with the reservation wage as the
dependent variable (Table 4, column (2); Table 9, Panel B, columns (1) and (2)), suggest
that this channel may not be so simple. If youths from households with pension recipients
are also expected to contribute resources to help care for these older adults, they may have
lower value of leisure and lower reservation wages as a result. Coefficients on other controls
that should be correlated with intra-household resource transfers and search motivation all
have the expected sign: b is higher for those with employed fathers and who are co-resident
with at least one parent, as adults in such households may provide resources to sustain
youths while searching; b is greater for youths who are seriously ill, which may make em-
ployment more difficult; and b is lower for youths whose parents most strongly want them
to work and who are caring for their own children in the household.

Table 9, Panel B presents regressions of individual reservation wage reports (w∗
i ), accepted

wages (w), and unemployment durations (d) on the same covariates as the models in Table
9, Panel A. Our focus here is not so much on the individual coefficients, but the amount of
variation that the included controls are able to explain relative to the search cost regressions
of Panel A. The maximum R2 on the regressions in Panel B is 0.46, while the minimum
R2 in Panel A is 0.54. Thus the value of leisure/search cost estimates we recover from
our structural model, in combination with individual reservation wage reports, are more
highly correlated with a parsimonious and sensible set of covariates than are reservation
wages, accepted wages, or unemployment durations, which are the standard data inputs in
search models. In this way, our model sheds light on individual heterogeneity in structural
parameters beyond what may be inferred from the data alone.

Additionally, our estimates of individual-specific search costs may be used to test the pre-
dictions of our model. Specifically, our model predicts that those with lower net search
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costs (i.e., higher b) will have higher reservation wages, and therefore experience longer
unemployment durations and receive higher accepted wages, all else equal. We can test
these predictions by regressing these labor market outcomes on our estimates of search
costs, while also controlling for the covariates included in our structural estimation. If our
estimates of search costs accurately capture aspects of individual heterogeneity relevant
to search behavior, then we should see a positive correlation between unemployment du-
rations, accepted wages and search costs. This is confirmed in Table 10, which presents
results of regressions of unemployment durations (d), the censoring indicator (c) and ac-
cepted wages (w) on b̂, our search cost estimate for each individual. We find that the
coefficient on b̂ is positive in all regressions, as predicted, regardless of the variant of the
reservation wage used in the underlying structural estimation. Moreover, the correlation is
significant for all regressions except those that use d as the dependent variable. Thus our
procedure to recover individual-specific search costs coincides with our theoretical model,
and illustrates the value of using survey data on reservation wages to reveal information
on heterogeneity in search behavior that would otherwise remain unobserved.28

7 Counterfactual Policy Simulation: Employer Wage Sub-
sidy

Because the parameters of the structural model represent the primitives of the search model
and are therefore invariant to policy, our model may be used to simulate counterfactual
outcomes of various policies. One such policy to consider is an employer wage subsidy,
which we may model as an exogenous increase in the mean wage offer. Therefore, a
subsidy s to hiring unemployed youth would truncate the wage offer distribution from
below at s, leaving all other structural parameters unchanged.29 One may think of the
subsidy as a voucher, with nominal value s, that employers may apply towards a youth’s
wage. We may then calculate how various features of the model, such as the quantiles of
the accepted wage and unemployment duration distributions and the proportion of offers
accepted, change from the baseline case to that under the subsidy.

28Note that such an exercise would not be possible using the Heckman-Singer approach to unobserved
heterogeneity, which recovers type-specific structural parameters and type proportions, but can map hetero-
geneity in parameters to particular observations only in a probabilistic sense. Our procedure, by contrast,
uses survey data on reservation wages to map heterogeneity in search costs to individuals in the sample,
and thus allow for more severe tests of our model predictions.

29Note that in our partial equilibrium framework, we do not model any effect the wage subsidy may
have on the frequency of offers or on the destruction of jobs. Moreover, by assuming that the wage offer
distribution becomes truncated below by s, we implicitly assume that the subsidy is fully passed through
to job seekers in the form of wage offers, which would generally not be the case if employers have market
power in the youth labor market. In this sense, our counterfactual simulation results present a best-case
scenario of the effect of the subsidy on employee welfare.
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One complication that arises, however, in such counterfactual simulation is calculation of
w∗. Under the search model, a change in the wage offer mean (or any structural parameter)
will change w∗, and hence the simulation results will depend crucially on how the model
accounts for the agent’s updated w∗ in response to the policy change. When w∗ is estimated
structurally, the approach is straightforward: merely update the structural estimate of w∗

under the new wage offer distribution. However, when w∗ is estimated from the data, we
must update w∗ by calibrating some elements of θ that we did not observe nor estimate
in our baseline specification. In our simulation, we update w∗ in the same fashion as
for estimation of the search cost distribution, described in the previous section. That
is, we calibrate the model parameters not estimated by our model (b,δ,p) such that they
reproduce the value of w∗ used in the baseline estimation. As in the previous section
in which we estimated search costs, we use our maximum likelihood estimates of (λ, q);
calibrate p according to observed job separations in the data (approximately .04); choose
δ = .995;30 and then choose b to match w∗ to the data (through a unidimensional method
of moments estimation). We then update w∗ by varying the subsidy value s, holding all
other parameters fixed.

Figures 4 and 5 show reservation wages and (mean) accepted wages, respectively, under a
range of employer wage subsidy values.31 The subsidy s = 0 corresponds to the baseline
estimates discussed in the preceding sections, and s increases to 1000 rand in increments
of 100 along the horizontal axis. The figures show that both reservation wages and mean
accepted wages increase (approximately) linearly in the amount of the subsidy, by about
60 rand per 100 rand increment in s,32 showing that the benefits (in terms of increased
mean accepted wages) of the subsidy recover only about 60% of its costs.33 Reservation
wages are uniformly greater in the model with w∗, while reservation wages in the model
with w∗

MLE is the next greatest. Interestingly, the model with wq5 , which generally had
higher wage offers than the others, predicts greater accepted wages than the other models
only for lower values of the subsidy, while the model with w∗ predicts greater accepted
wages than all other models at subsidy values of 700 and above.

The greater selectivity of youths in the model with w∗ is also shown in Figure 6, which
plots the probability of wage offer acceptance (i.e., Pr(w ≥ w∗)) for each model. The
probability of wage offer acceptance is nearly one half as low under w∗ than under wq5 for
all subsidy values considered. Moreover, as the subsidy grows from 0 to 1000 rand, the
acceptance probability under w∗ increases by only about 15 percentage points, while in the

30Because our data is monthly, this corresponds to an annual discount factor of .94.
31In Figures 4-8, the lines labeled wrhat=wr correspond to the model estimated with w∗; wrhat=wp5 to

wq5 ; and wrhat=wrmle to w∗
MLE .

32This equality is a consequence of the assumption of exponential wage offers, because the corresponding
accepted wage distribution is shifted to the right by exactly the reservation wage.

33This ignores any benefits of the subsidy on reduced employment durations, which are considered later
in this section.
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other models it grows by 20 percentage points or more.

Finally, Figures 7 and 8 plot the unemployment survivor function, or the probability that
a youth experiences an unemployment spell of a given duration, for spells of 12 and 24
months, respectively. The figures show that the probability of such a lengthy unemployment
spell is lowest in the model with w∗ for all subsidy values, due to the higher offer arrival
rates under that model. Although the probability of lengthy unemployment is highest
under w∗

MLE at baseline, it falls quickly so that it is less than the corresponding probability
under wq5 at subsidies of 300 or greater. This result may be explained by the higher offer
probabilities under w∗

MLE than under wq5 , which, as wage offers become more attractive
under the subsidy, make up for the former’s higher baseline reservation wages. Overall, the
subsidy appears quite effective at reducing lengthy unemployment spells; the probability
of experiencing an unemployment spell of at least 12 months decreases by a high of 15
percentage points in the model with w∗, and a low of 8 percentage points under wq5 , as
the subsidy increases from 0 to 1000 rand. Whether such a reduction produces 1000 rand
in social benefits (or at least enough social benefit when paired with increased accepted
wages to exceed costs) is unclear and requires more formal analysis, however.

Our counterfactual simulation of an employer wage subsidy shows that youths respond to
the increased opportunities resulting from the subsidy by raising their reservation wages.
However, the reservation wage increases are modest enough for the subsidy to have benefi-
cial effects on accepted wages and unemployment durations. It is unclear, however, whether
these benefits exceeds the subsidy’s costs.

8 Conclusion

In this paper, we have presented a simple, standard search model in an effort to understand
the role of reservation wages in explaining high observed unemployment rates and durations
among Cape Town youth. Using data on accepted wages and unemployment durations for
school leavers who found their first job, we estimated the parameters of a structural search
model that incorporates observed heterogeneity and measurement error in wages. We esti-
mated the model using alternate measures of the reservation wage, including survey reports,
the 5th percentile of observed accepted wage offers, and maximum likelihood estimation.
Results using survey data on reservation wages suggested that searchers received job offers
frequently, but at wages that were typically unacceptably low. In contrast, results using
the 5th percentile of observed accepted wage offers and maximum likelihood estimation
suggested less frequent offers, but a higher probability of offer acceptance. Accounting for
observed heterogeneity revealed that, as expected, the frequency and quality of labor mar-
ket opportunities are generally worse for disadvantaged groups, such as blacks, coloureds
and the less skilled.
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We used the results of the model, in combination with individual reservation wage reports,
to estimate the full distribution of search costs in the sample. Correlations of these search
costs with observable characteristics yielded some surprising insights. For instance, the
more educated and able have greater search costs (lower value of leisure) than others,
while household pension receipt is also associated with lower value of leisure. Correlations
between our estimates of individual-specific search costs and labor market outcomes con-
firmed our model’s predictions. Thus our model allows for insights into individual-specific
heterogeneity relevant to search behavior that may not be inferred from the data alone,
nor may it be captured in the standard approach of estimating a mixture distribution over
unobserved types.

Finally, in a counterfactual simulation of the effect of an employer wage subsidy, we found
that although the subsidy has the unsurprising effect of increasing reservation wages, it
nonetheless may have substantial positive benefits on accepted wages and unemployment
durations. However, because we have assumed that firms will pass the subsidy along in full
to employees, such positive effects may be considered an upper bound. A more complete
model of firm response to the wage subsidy may find less beneficial effects for youth job
seekers.

Returning to our initial motivating inquiry on the role of reservation wages in Cape Town
youth unemployment, we found that implied wage offer acceptance rates are indeed sub-
stantially lower under the survey reports of the reservation wage than alternative measures.
However, to reconcile these low acceptance probabilities with the observed data, the model
estimates a correspondingly lower average wage offer. Moreover, if youths behave according
to our model and their stated reservation wages, offer arrivals appear to arrive with much
greater frequency than under alternative measures. The true role of reservation wages
therefore depends on which picture of the Cape Town youth labor market–frequent but
low offers, versus infrequent but high offers–is more accurate. While the latter picture is
consistent with popular perception and is the one that would emerge from the data in the
absence of reservation wage reports, the availability of reservation wage data allows us to
suggest an alternative view of the youth labor market that is equally consistent with search
theory.

Given the simplicity of our model in its current form, there is much scope for further work.
For instance, our model conditions on youths’ exit from school, when in fact this decision
may also be viewed in light of dynamic optimization. Future work will endogenize the
decision to exit school and enter the labor market that we model in this paper.
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Appendix A: Data

The sample is all young adults in CAPS who have exited school, are observed for at least
12 months since leaving school in the calendar data, and have non-missing reservation
wage data (reservation wage measure defined below). Additionally, those below the 1st
and above the 99th percentiles of accepted wages are dropped. School exit is defined as at
least 3 consecutive months of school absence in the calendar data (only 6% report returning
to school after a minimum 3-month absence, none of them full-time). Time is calculated
relative to month of school exit, so that month 1 is the first of the minimum 3 consecutive
months of school absence that define school exit.

Unemployment duration is calculated relative to month of school exit, so that minimum
unemployment duration is one month. An unemployment spell ends when the youth reports
working in any job in a calendar month, where work is defined as employment for pay, in-
kind benefits or “family gain.” Censored observations are those that had not completed
their first unemployment spell by the end of the observation period (December 2006).

The observed wage is the first reported wage after school exit across Waves 1-4, adjusted
for monthly CPI (base is August 2002, the first month of calendar data) at the time of
interview and scaled to full-time monthly equivalent based on 160 working hours per month
(those reporting monthly hours above 160 are considered full-time and do not receive an
adjustment). Wages reported in Waves 2-4 are the sum of wages reported across all jobs
held.

When the reservation wage is based on survey data, it is the value from the most recent
interview before conclusion of the first unemployment spell since exiting school. For Wave 1,
the reservation wage w∗ = w∗

moft, where w∗
moft is the response to the question, “What is the

lowest monthly wage you would accept for full-time work?” For Waves 2-4, the reservation
wage is defined as w∗ = min{w∗

moft, w
∗
revealed}, where w∗

revealed is the lowest wage associated
with an affirmative response to the series of questions, “Would you accept a job doing
occupation x at monthly wage w?” Reservation wages are adjusted for monthly CPI
(August 2002 base) at the time of interview. For those with a censored first unemployment
spell, the reservation wage is the last reported reservation wage in the panel.

Search is defined as a positive response to the “Searched for work in this month?” question
in the calendar data.

The job separation probability is calibrated as total number of separations from the first
job divided by total months employed in first job since leaving school for all observations
in the sample.

Age is age in years at school exit.

Schooling is years of completed schooling at school exit.
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The ability proxy is the z-score from the literacy and numeracy evaluation (LNE) admin-
istered by CAPS in Wave 1.

The “previously worked” variable is an indicator for whether the youth worked for pay
(i.e., reported a non-zero wage) in the panel prior to school exit.

The variable UErate01 is the unemployment rate in the youth’s subplace from 2001 Census.
A subplace is described as “a local social boundary equivalent to a split suburb or merged
suburb in urban formal areas, a locality in the informal areas and a village in the traditional
areas.”34 Cape Town has 683 subplaces.

The survey weight is the young adult sample weight, which is adjusted for the sample
design plus household and young adult non-response.

34Dube, “Census Geography of South Africa,” http://www.statssa.gov.za/africagis2005/presentations/oralcolemandube.pdf
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Appendix B: Tests of Model Fit

This appendix discusses the formal tests of model fit we use and their results. The simplest
test of model fit, and the one most common in the structural estimation literature, is
the Pearson χ2 goodness-of-fit test, which compares predicted and sample proportions of
discrete outcomes. The corresponding test statistic is:

P =
J∑

j=1

(np̄j − npj)2

npj

where j = 1, . . . , J indexes observations grouped according to some discrete outcome, n is
the sample size, p̄j is the sample proportion in group j, and pj is the predicted proportion
in group j. The null hypothesis is that the predicted probabilities p are correct. Under the
null, the test statistic P is distributed χ2(J − 1).

Although the test is easily implemented, in our context the key outcome variables (wages
and unemployment durations) are continuous, and therefore one must decide how many
groups to divide the data into in order to conduct the test. Cameron and Trivedi (2005,
pp. 266) note that the test is invalid if the data are not generated from a multinomial
distribution, but in practice many researchers seem to use this test.

For continuous data, Cameron and Trivedi (2005, pp. 261-2) propose a variation of the
Lagrange Multiplier (LM) test using the sample moments and scores from the estimated
model. Let m̂i = m(xi, θ̂) be the sample moment(s) for observation i evaluated at the
estimated parameters θ̂. For instance, for exponential wage offers we would have m̂i =
wi − (λ̂ + w∗). Let ŝi = s(xi, θ̂) = ∂ ln Li

∂θ̂
be the score vector for observation i evaluated

at θ̂. Under the null hypothesis that the model is correctly specified, E(m) = E(s) = 0.
Cameron and Trivedi propose the following auxiliary regressions:

1 = m̂′
iδ + ŝ′iγ + ui

1 = m̂′
iδ + ui

where 1 is a vector of ones and the second auxiliary regression is valid in the case where
∂m
∂θ = 0, as it is in our case. The corresponding test statistic is then:

M = NR2
u
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where R2
u is the uncentered R2 from the auxiliary regression. Under the null, M is dis-

tributed χ2(h), where h is the dimension of m (i.e., h is the number of moments).35

35Another test of model fit that could be applied in our context is the Kolmogorov-Smirnov test, which is
a nonparametric test for the equality of two distributions. However, when the parameters of one distribution
are estimated using data from the other, the test statistic may not be asymptotically distributed according
to the Kolmogorov distribution, invalidating the test.
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Table 1: Summary statistics
Variable N Mean Std. Dev. Min Max
female 1430 0.53 0.50 0 1
black 1430 0.26 0.44 0 1
coloured 1430 0.62 0.49 0 1
white 1430 0.12 0.32 0 1
age 1430 19.5 2.1 14 26
schooling 1430 10.7 2.1 0 16
ability score 1430 0.18 0.91 -2.97 2.01
wage 977 2486.4 1859.9 346.6 11642.3
reservation wage 1430 1594.2 1801.8 48.7 36645.8
I(w∗ > w) 977 0.24 0.43 0 1
first UE spell 1430 11.7 11.2 1 50
UE spell≥1yr 1430 0.42 0.49 0 1
censor 1430 0.24 0.43 0 1
previously worked 1430 0.34 0.48 0 1
full-time 1027 0.77 0.42 0 1
subplace UE 1430 0.15 0.11 0 0.54
search intensity 1430 0.19 0.30 0 1
never searched 1430 0.35 0.48 0 1
return to school (ft) 1430 0.00 0.00 0 0
return to school 1430 0.06 0.23 0 1

Sample is youths who have left school (absent at least 3 consecutive months after attending school at least one month in calendar
sample), observed for at least 12 months in calendar sample after school exit, and with valid reservation wage data. Age and schooling
measured at time of school exit. Ability score is z-score from literacy and numeracy evaluation administered in Wave 1. Wage
is first reported wage following completion of first unemployment spell. Reservation wage is last reported reservation wage before
first completed unemployment spell or censoring. Observations below 1st percentile and above 99th percentile of accepted wages
dropped. Wages and reservation wages in real rand per month, base month August 2002 (South African rand/US dollar exchange
rate at base=10.59). I(wr > w) is indicator that reservation wage exceeds reported accepted wage. Previously worked refers to work
experience in calendar history prior to school exit. Full-time is average of at least 35 hours per week of work in last month. Subplace
UE is unemployment rate in subplace, 2001 Census. Subplace UE is unemployment rate in subplace, 2001 Census. Search intensity
is fraction of months spent searching before completion of first unemployment spell or censoring. Never searched excludes those who
obtain employment immediately after school exit. Statistics calculated using sample weights (weightyr).
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Table 2: Unemployment, by observable characteristics
First UE spell UE spell≥1yr UE spell≥2yrs UE, month 12 censored

male 10.2 0.35 0.23 0.47 0.19
female 13.0 0.49 0.34 0.56 0.28
African 17.2 0.66 0.52 0.72 0.38
coloured 10.2 0.36 0.20 0.48 0.20
white 7.7 0.21 0.24 0.28 0.14
age:
≤18 13.9 0.50 0.35 0.59 0.33
19-22 10.9 0.39 0.25 0.50 0.20
≥23 7.4 0.27 0.18 0.34 0.11

schooling:
≤9 16.3 0.59 0.43 0.70 0.38
10 or 11 12.7 0.48 0.28 0.55 0.28
12 9.2 0.32 0.19 0.42 0.15
>12 5.0 0.15 0.15 0.29 0.07

low ability 14.3 0.54 0.37 0.63 0.31
high ability 8.7 0.29 0.19 0.39 0.16
previously worked 15.1 0.57 0.41 0.66 0.37
never worked before 5.2 0.14 0.05 0.25 0.00
some search 10.2 0.36 0.26 0.47 0.18
never searched 14.5 0.55 0.33 0.61 0.36

Age and schooling measured at time of school exit. “Low” and “high” ability refer to below and above within-sample median literacy
and numeracy evaluation score. “Some search” is reported search in at least one month prior to completion of first UE spell or
censoring. “Previously worked” means work experience reported in calendar history prior to school exit. Never searched excludes
those who obtain employment immediately after school exit. First unemployment spell measured in months; all other statistics are
means of indicator variables. “UE, month 12” refers to employment at month 12 following school exit. All statistics weighted by
sample weights.

Table 3: Post-school activities
Variable N Mean Std. Dev.
Wave 4 (2006)
dead 1430 0.00 0.03
moved 1430 0.04 0.19
attrited 1430 0.12 0.32
married 1278 0.06 0.23
pregnant (inc. males) 1278 0.04 0.19
own child in HH 1278 0.18 0.39
live with at least one parent 1278 0.78 0.41
pension recipient in HH 1278 0.17 0.38
Wave 3 (2005)
seriously ill 1170 0.07 0.26
unpaid work 1170 0.09 0.29

Variables for each wave calculated only for those who had left school by time of interview. “Pregnant” includes males who report
their partners as pregnant. “Seriously ill” refers to self-reported inability to perform normal activities. All statistics calculated using
sample weights.
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Table 4: Reservation wage regressions
(1) (2)

Dependent variable w∗
i w∗

i

female -89.8 -102.9
(107.2) (114.9)

black -754.3 -827.7
(244.3)*** (233.8)***

coloured -507.4 -449.6
(241.3)** (247.5)*

age -109.6 -63.5
(183.9) (176.1)

age2 3.9 3.2
(4.7) (4.5)

schooling 90.3 93.8
(31.9)*** (31.0)***

ability score 281.9 303.8
(74.4)*** (75.9)***

pensioner in HH -181.1
(106.0)*

father employed 69.1
(128.5)

ill 117.4
(190.1)

parents want youth to work -79.9
(25.4)***

co-resident with parent 180.8
(79.0)**

own child in HH -274.1
(138.5)**

N 1430 1430
R2 0.09 0.13

Robust standard errors in parentheses: * significant at 10%; ** significant at 5%; *** significant at 1%. Reservation wage w∗
i is

individual-specific survey report, as defined in Appendix A. Age and schooling measured at time of school exit. Pensioner in HH,
father employed, ill, parents want to work, co-resident with parent, and own child in hh variables measured at time of reservation
wage, where reservation wage is last report prior to job acceptance or end of calendar sample. “Ill” refers to self-reported illness that
prevents normal activities. “Parents want youth to work” measured on self-reported 1-5 scale, with 5 being strongest. All regressions
include fixed effects for wave at which w∗ measured.
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Table 5: Regressions of w∗ and wq5 on covariates used in model estimation
(1) (2)

Dependent variable w∗ wq5

constant 1575.1 1279.0
(33.0)*** (122.8)***

black -797.4 -814.5
(33.9)*** (126.0)***

coloured -592.5 -700.2
(31.4)*** (104.6)***

HS grad 318.1 251.9
(10.2)*** (35.9)***

at least some college 628.8 615.2
(31.1)*** (59.1)***

high ability 264.7 78.8
(10.5)*** (50.1)

previously worked -119.6 51.7
(14.0)*** (39.1)

N 1430 1423
R2 0.88 0.57

Robust standard errors in parentheses: * significant at 10%; ** significant at 5%; *** significant at 1%. w∗ is median reservation
wage by cell defined by included covariates. wq5 is 5th percentile of accepted wages, by cell defined by covariates. “High ability”
is indicator for above median literacy and numeracy evaluation score within sample. “Previously worked” means work experience
reported in calendar history prior to school exit.
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Table 6: Parameter estimates
(1) (2) (3)

Reservation wage w∗ wq5 w∗
MLE

q (offer arrival rate)
constant 0.31 0.13 0.04

(0.0040) (0.0007) (0.0003)
black -0.19 -0.11 0.02

(0.0040) (0.0009) (0.0004)
coloured -0.10 -0.08 0.04

(0.0040) (0.0007) (0.0004)
HS grad 0.14 0.07 0.06

(0.0005) (0.0003) (0.0003)
at least some college 0.26 0.24 0.23

(0.0055) (0.0014) (0.0048)
high ability 0.07 0.03 0.06

(0.0009) (0.0002) (0.0003)
previous work 0.15 0.21 0.21

(0.0017) (0.0005) (0.0053)
λ (wage offer parameter)

constant 1108.4 1377.0 1122.8
(4.8) (5.8) (4.4)

black -660.5 -170.8 -652.9
(4.8) (5.9) (4.4)

coloured -539.5 -423.3 -418.5
(4.8) (5.7) (4.3)

HS grad 224.3 276.6 356.5
(1.4) (2.0) (1.2)

at least some college 800.7 844.3 945.9
(6.8) (6.0) (6.1)

high ability 174.9 264.2 224.2
(1.4) (2.0) (1.4)

previous work 792.2 644.2 717.7
(3.3) (2.5) (2.6)

σε (measurement error s.d.) 494.5 282.3 368.9
(0.7) (0.7) (2.8)

w∗

constant 1155.8
(6.2)

black -452.8
(7.5)

coloured -349.3
(7.0)

HS grad 136.9
(2.8)

at least some college 520.2
(9.0)

high ability 274.9
(3.3)

previous work -74.5
(18.3)

N 1430 1430 1430
ln L -1,060,435.0 -1,064,092.9 -1,091,757.2
Pr(w ≥ w∗) 0.29 0.61 0.41
σε (measurement error s.d.) 0.27 0.15 0.20

as percentage of observed accepted wage s.d.

Robust standard errors in parentheses. Reservation wages at top row refer to inputs of maximum likelihood estimation: w∗ is median
reservation wage from data; wq5 is 5th percentile reservation wage; and w∗

MLE is maximum likelihood estimate (all by cell defined
by included covariates). Estimation is by sequential maximum likelihood, with parameters of wage offer and unemployment duration
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distributions estimated separately in preliminary procedures, with converged estimates used as inputs to conduct one Newton-Raphson
iteration on full likelihood function to produce results reported above. Optimization algorithm alternates between BFGS and BHHH,
with starting values chosen by highest likelihood value among random starting points. Pr(w ≥ w∗) calculated as mean over distribution
of full sample, i.e., Pr(w ≥ w∗) =

R
Pr(w ≥ w∗|x)f(x)dx.

Table 7: Empirical and predicted unemployment survivor functions
(1) (2) (3) (4)

Reservation wage empirical w∗ wq5 w∗
MLE

UE duration (months) Pr(d ≥ d0)
3 0.69 0.73 0.75 0.76
6 0.58 0.57 0.59 0.61
12 0.42 0.39 0.42 0.44
24 0.16 0.23 0.27 0.28
36 0.04 0.15 0.19 0.20

χ2 (moments) 488.7 444.7 535.5
p-value 0.00 0.00 0.00

χ2 (Pearson) 2555.3 4068.1 4346.8
p-value 0.00 0.00 0.00

Each cell reports value of survivor function at UE duration in left-hand column, i.e., each cell gives the proportion of the unemployment
duration distribution that is at least as great as the value in the left-hand column. Column (1) is empirical survivor function observed

in the sample, while columns (2)-(4) give predicted survival function for models using the indicator reservation wage inputs. χ2

(moments) statistic is from auxiliary regression of ones on sample moments; statistic is NR2 from this regression, and is distributed

χ2(m), where m = 1 is the number of moments; see Cameron and Trivedi (2005, pp. 261-2). χ2 (Pearson) statistic is from Pearson χ2

test of equality of sample and predicted proportions, calculated by dividing sample into 50 discrete groups by unemployment duration.
Appendix B describes these tests in greater detail.

Table 8: Moments and quantiles of empirical and predicted accepted wage
distributions

(1) (2) (3) (4)
Reservation wage empirical w∗ wq5 w∗

MLE

mean 2486.4 2353.6 2406.7 2270.8
std. dev. 1859.9 1361.4 1698.2 1458.1
quantiles

0.1 902.0 875.6 740.7 831.8
0.25 1299.9 1322.4 1145.1 1209.6
0.5 1835.2 1959.2 1857.7 1804.0
0.75 3108.0 2915.4 3062.5 2780.3
0.9 4961.0 4340.1 4812.5 4288.3

χ2 (moments) 326.0 444.9 405.8
p-value 0.00 0.00 0.00

χ2 (Pearson) 31.0 61.2 23.0
p-value 0.00 0.00 0.00

Each cell reports corresponding moment or quantile of observed accepted wages for empirical wage distribution (column 1) and predicted

wage distribution by reservation wage input used in model estimation (columns 2-4). χ2 (moments) statistic is from auxiliary regression

of ones on sample moments; statistic is NR2 from this regression, and is distributed χ2(m), where m = 1 is the number of moments;

see Cameron and Trivedi (2005, pp. 261-2). χ2 (Pearson) statistic is from Pearson χ2 test of equality of sample and predicted
proportions, calculated by dividing sample into discrete groups by quantiles of accepted wages; 5th, 10th, 25th, 50th, 75th, 90th and
95th percentiles used. Appendix B describes these tests in greater detail.
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Figure 1: Wages and reservation wages

Full-time equivalent wages based on 160 hours of work per month.
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Figure 2: Density of accepted wages
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Figure 3: Density of first unemployment spell
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Figure 4: Reservation wages under employer wage subsidy
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Figure 5: Accepted wages under employer wage subsidy
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Figure 6: Probability of offer acceptance under employer wage subsidy
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Figure 7: Unemployment survivor function under employer wage subsidy: 12-month UE
spell
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Figure 8: Unemployment survivor function under employer wage subsidy: 24-month UE
spell
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