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Abstract. Using longitudinal data from the British National Child Develop-
ment Study, this paper examines gender differences in the determinants of
work-related training. The analysis covers a crucial decade in the working
lives of this 1958 birth cohort of young men and women – the years span-
ning the ages of 23 to 33. Hurdle negative binomial models are used to es-
timate the number of work-related training events lasting at least three
days. This approach takes into account the fact that more than half the men
and two thirds of the women in the sample experienced no work-related
training lasting three or more days over the period 1981 to 1991. Our anal-
ysis suggests that reliance on work-related training to improve the skills of
the work force will result in an increase in the skills of the already edu-
cated, but will not improve the skills of individuals entering the labor mar-
ket with relatively low levels of education.

JEL classification: C25, I21, J24.
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1. Introduction

According to the British National Child Development Study, over half of
young men and two thirds of young women experienced no training at all
over the period 1981–1991, a decade covering the crucial years of their



working lives from age 23 to 33. Moreover, young men experienced on
average twice as many training events as young women. Why do some in-
dividuals experience multiple training events while others never experience
any training? To what extent do ability and education contribute to repeated
occurrences of work-related training? Are there significant gender differ-
ences in the determinants of training experiences? This paper provides
some answers to these questions by estimating count data models (in which
the dependent variable takes only non-negative integer values) of the deter-
minants of the number of work-related training courses lasting at least three
days experienced by a cohort of British men and women over the period
1981 to 1991.

Governments in industrialized countries have, over the past decade, in-
creasingly been emphasizing the importance of employer-led training in
providing the skilled work force necessary for improving competitiveness,
adaptability and economic growth into the next millennium (see for exam-
ple the UK Government White PaperEmployment for the 1990sand the
US Department of Labor reportWork-based Learning). Employers are best
placed to provide such skills, it has been argued, since firms are more re-
sponsive to market forces than are governments. In this context, we investi-
gate the extent to which there are gender differences in the receipt of work-
related training. If women are consistently less likely to receive training ce-
teris paribus, this raise issues of equity in reliance on employer-provided
training to improve the skills of the British work force.

A second and related goal is to investigate whether or not there is any
evidence of a “low-skill, bad-job” in Britain (Snower 1996; Burdett and
Smith 1995). An important finding of our paper is that there are strong
complementarities between past general education and training, a finding
which provides some evidence for the low skill, bad job trap. An implica-
tion of the observed positive correlation between education and subsequent
training is that individuals entering the labor market with low educational
attainment have limited training opportunities in the work-place. While it is
not surprising that firms should offer the most able and better educated
workers more training, a clear implication of our results is that reliance on
employer-provided training alone will not up-grade the skills of all workers
in the labor market.

We estimate the determinants of the number of training events using
count models, in which the dependent variable takes only non-negative in-
teger values corresponding to the number of work-related training courses
occurring in the interval 1981 to 1991. This modeling procedure has not
been used for training events before. In view of the bunching of observa-
tions at zero counts of training, we extend the count modeling approach in
order to estimate negative binomial hurdle models, in which the process
generating training incidence is allowed to differ from the process generat-
ing positive training counts.

The remainder of this paper is set out as follows. Section 2 outlines the
theory, while Sect. 3 describes the data set. The count data models of train-
ing courses are outlined in Sect. 4, while in Sect. 5 the estimates for men
and women are presented and discussed. The final section concludes.
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2. The theoretical framework

The experience of a work-related training event is the result of optimizing
decisions made by both an individual worker and an employer. In the case
of employer-provided training, the employer decides to offer a course to an
employee, who then decides whether or not to accept. Since the data preclude
it, we do not model the structural framework for the training decision. Instead
we estimate reduced form models of the probability of individuals in the sam-
ple experiencing training events that occurn=0,1,2, ... times in the given
time interval 1981 to 1991. Nonetheless, it is helpful to consider the determi-
nants of training as a result of optimizing decisions made by both parties,
since this suggests what variables should be included in the reduced form
training count models.

Firms will want to train individuals most able to benefit from the train-
ing and perhaps faster to learn. The cost of work-related training will be
lower for higher ability workers, and for better-educated workers, ceteris
paribus, since bright workers and workers with a sound educational back-
ground will learn faster than their less able colleagues. We would therefore
expect to observe a positive correlation between ability and work-related
training, and between higher levels of educational attainment and training.

However, if workers enter the labor market with poor general education,
then it may be the case that reliance on job-related training leads to a
skills-segmented labor market and an under-class of uneducated, and per-
haps unemployable, workers. Recent theoretical work by Snower (1996)
and Burdett and Smith (1995) shows that, where there is a high proportion
of uneducated workers, firms may have little incentive to provide good
jobs requiring high skills and training, and if there are few good jobs,
workers may have little incentive to obtain such skills. As a result, certain
workers may get caught in a cycle of low productivity, deficient training
and insufficient skilled jobs. While our data and estimation do not repre-
sent a direct test of this theory, we are able to provide some stylized facts
consistent with the theory. For example, we are able to establish whether or
not workers entering the labor market with high levels of general education
are more likely to experience work-related training courses as they progress
through their working lives.

Firms may also discriminate against particular types of workers when
they select workers for training programmes. Although in Britain there is
legislation against discriminatory practices in hiring workers, employer dis-
crimination may take the form of not offering places on training courses to
women or to nonwhites. Or it may be that women or nonwhites do not vo-
lunteer for such training on the expectation of discrimination.

According to the orthodox human capital approach, agents will invest in
training courses if the present discounted value of training benefits exceeds
training costs.1 Irrespective of whether training is general or specific, the
amount of any training investment should be greater the longer is the post-
training period over which the investment can be amortized. For this rea-
son, it might be expected that training is more likely to be offered to, or
undertaken by, workers with a strong attachment to the labor market. Gen-
der and the number of children may be used as an indicator of low attach-
ment to the labour market by some employers, in spite of the fact that fe-
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male labor force participation in Britain is high. To the extent that women
do not fit this stereotype, this may represent statistical discrimination.

It is possible that experience of unemployment in the past may have an
adverse effect on the amount of training individuals undertake. Uncertainty
about future incomes and opportunities will affect both individual workers’
decisions to train and firms’ decisions to offer training. The demand by work-
ers for vocational training is likely to be influenced by the probability of un-
employment and the perceived risk of not completing or of failing a training
course. To the extent that unemployment is state-dependent (for example,
young men or women who have experienced unemployment may not be con-
fident about retaining a job in the future), past unemployment experience may
have a negative effect on future training. Or it may be that workers with low
motivation are the first to be laid off in a slump, and the last to be offered or to
accept training courses, since the returns are likely to be low.

Firms’ attributes are also likely to affect work-related training. For ex-
ample, in the British context it has been found that members of a trade
union are more likely to experience training. There are several hypotheses
about the expected impact of trade unions and training. Trade unions in
their monopoly role use their power over labor supply to extract a larger
share of the surplus, and thereby induce deadweight losses. It is sometimes
thought that, in union establishments, employer incentives to provide train-
ing are low, because of high wages, restrictive work practices and problems
with the introduction of new skill-intensive technologies that threaten union
jobs. On the other hand, unions are in some circumstances cooperative, and
are sometimes associated with improvements in worker morale and organi-
zation at the work place, and thereby increase training and productivity.
Ultimately it is an empirical question as to whether unions are associated
with an increase or decrease in training.

There are a number of competing hypotheses about the relationship be-
tween the incidence of training courses and firm size or sector. For exam-
ple, larger firms and public sector firms may be more likely to train work-
ers because they are more forward looking or better placed to bear the risk
associated with training. Large firms may also be associated with more
work-related training courses because of economies of scale in training pro-
vision (Greenhalgh and Mavrotas 1994), or perhaps because they face more
regulations, more bureaucracy, and so provide more training to meet safety
regulations etc. (Felstead and Green 1996).

However, there are compelling econometric reasons for not including cur-
rent firm characteristics in any model of the determinants of training, on the
grounds that these characteristics are likely to be endogenous. Individuals
may choose to work in large firms or unionised firms because they are per-
ceived to offer more training. Moreover, information on the attributes of
the firm in which an individual received training are not available in the
NCDS data. Although we are able to date the three most recent training
courses (lasting at least 3 days) experienced by an individual over the decade
1981 to 1991, the characteristics of the firm in which the respondent was em-
ployed at the training date were not requested. Thus the only available infor-
mation on firms attributes is 1981 data (conditional on the individual being in
employment). Whether or not the use of 1981 firm characteristics tells us any-
thing is an empirical issue.
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The theoretical arguments advanced in this section relate to training in-
cidence at any point in time. These arguments can easily be generalized to
repeated occurrences of training incidence. For example high ability or
well-educated workers are more likely to be trained at any time. Women
with few family commitments are more likely to be continuously in em-
ployment, and therefore more likely to experience training opportunities.

3. The data source

The data set is the National Child Development Study (NCDS), a longitudi-
nal study of individuals living in Britain and born in the week of 3–9
March 1958. An advantage to using the NCDS data is that problems of un-
observable age-related effects (that may be found in surveys of individuals
from a variety of age groups) are not present, since the data come from a
specific cohort of individuals. Data were collected on each individual at
birth, and at five follow-ups at ages 7, 11, 16, 23 and 33. Immigrants arriv-
ing in Britain in the period 1958–1974 and born in the week 3–9 March
were added to the survey sample (Shepherd 1985). Particular use is made
of the information collected at age 23 in 1981 (Wave 4 data) and at age 33
in 1991 (Wave 5 data).

Earlier waves of the NCDS (in particular Waves 3 and 4) provide data
on time-varying and fixed individual characteristics before the individual
received training over the period 1981–1991. The education variable used
in the count data models is the highest educational qualification obtained
by the survey date of March 1981. Work-related training courses received
between leaving school and 1981 are proxied by a number of dummy vari-
ables. The rich data available in Wave 4 of the NCDS allow for the estima-
tion of the impact of predetermined and exogenous variables on human ca-
pital acquisition between Waves 4 and 5 of the survey.

Wave 5 of the NCDS is a remarkably rich source of information about
training and education received over the period 1981 to 1991. These train-
ing data were elicited by a question asking respondents “Since March 1981
have you been on any training courses designed to help you develop skills
that you might use in a job (apart from any courses you have already told
me about)”. Some 60% of men in our sample and 43% of women had ex-
perienced at least one such course over the period 1981–1991. If the re-
spondent had been on any courses lasting at least 3 days in total, the num-
ber of such courses was requested. From this, we construct the variable
NUWKTR, the dependent variable in the count data models.2 The count
data models could not be estimated for the short courses, since the number
of short courses was not requested.

Well over half of young men and over two thirds of young women in
the sample experienced no training at all over a crucial decade in their
working lives, the 10-year period between the ages of 23 and 33 (Waves 4
and 5 of the NCDS). The frequency distribution for NUWKTR is given in
Table 1, for men and women with complete data in the sample and who
were in the labour force for either Wave 4 or Wave 5 or both. We assume
that if individuals were in the labour force at either 1981, 1991, or both,
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then they are likely to be in the labour force sometime in the intervening
period and therefore eligible for work-related training courses.3

The raw data in Table 1 are characterized by a unimodal skewed distri-
bution. The sample mean is 2.2 for men and 1.0 for women, while the sam-
ple standard deviation is 4.26 for men and 2.84 for women. Thus there is
considerable over-dispersion in raw terms, in the sense that the variance is
substantially greater than the mean. Some of the characteristics of the raw
data for NUWKTR are as follows: 51% of the 2042 young men and 68%
of the 2215 young women for whom there is complete information re-
ported no work-related training courses in the period 1981–1991, 14% men
and 13% women had one such course, 9% men and 6% women had two
courses, 6% men and 4% women had three courses, and the remaining had
up to a maximum of 16+.

The count data in Table 1 show signs of clustering after 9 training
courses: there are spikes at 10, 12 and 15 occurrences. These spikes may
have arisen because individuals experiencing a lot of training over the peri-
od 1981–1991 (and who were asked about training occurrences retrospec-
tively) may have recalled them as rounded up or down numbers, that is, as
a dozen, or fifteen, or twenty. For this reason, we experimented in our esti-
mation with censoring the raw data at various points (viz. 10 and 15), but
found that the various censoring assumptions made little difference to the
results.

The focus of the present paper is on estimating the determinants of the
number of training courses (lasting at least three days) received by men
and women over an important decade in their working lives. The mean
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Table 1. Frequency distribution of the number of training courses lasting 3 or more days

Number of training courses;
3 or more days duration
1981–1991 (NUWKTR)

All women
Observed frequencies
(proportions)
Column 1

All men
Observed frequencies
(proportions)
Column 2

0 1511 (0.682) 1040 (0.509)
1 290 (0.131) 290 (0.142)
2 142 (0.064) 187 (0.092)
3 84 (0.038) 127 (0.062)
4 52 (0.024) 79 (0.039)
5 41 (0.019) 69 (0.034)
6 24 (0.011) 67 (0.033)
7 8 (0.004) 24 (0.012)
8 12 (0.005) 26 (0.013)
9 3 (0.001) 13 (0.006)

10 20 (0.009) 51 (0.025)
11 2 (0.001) 2 (0.001)
12 7 (0.003) 15 (0.007)
13 0 (0.000) 2 (0.001)
14 1 (0.001) 3 (0.002)
15 2 (0.001) 10 (0.005)
16+ 16 (0.007) 37 (0.018)

Total number 2215 2042



duration of the most recent training course is 3.5 weeks (standard deviation
13.1) for men and 4.3 weeks (standard deviation 16.0) for women. (The
NCDS asks for detailed information of up to three of the most recent train-
ing courses, but we do not present the means of the earlier training courses
since these are subject to measurement error and problems of missing data.)

While we are taking a broad approach in this paper and combining dif-
ferent forms of training lasting at least 3 days, it is nonetheless interesting
to note that, for our sample, 43% of all male training courses (and 46% of
all female training courses) lasting at least 3 days were carried out on the
employer’s premises, while the remainder were off-the-job. For men, 17%
of training courses lasting at least 3 days ended in a qualification, while for
women the comparable figure was 14%. Some 89% of male and 87% of fe-
male training courses lasting at least 3 days were employer-provided.

The respondent, a relative or a friend paid (in part or in full) for 5% of
male courses and 7% of female courses lasting at least 3 days. In Arulam-
palam et al. (1995) the disaggregated impact of these various types of train-
ing on malewages growth is estimated, and the extent to which the impact
of training decays across time is also investigated. Blundell et al. (1996)
also examine the impact of various forms of training and education on
wages growth using the NCDS data. Arulampalam et al. (1996) explore the
impact of the aggregated number of training courses onmale wages
growth, controlling for endogeneity.

It is interesting to note that our figures for the incidence of employer-
provided training using NCDS data are closer to those characterising the
United States than Germany (see Lynch 1992; Tan et al. 1992; Pischke
1994; Veum 1996; Winkelmann 1996). However, our finding that working
women receive less work-related training than men is also found in studies
using US and German data (see inter alia Lynch 1992; Lillard and Tan
1992; Winkelmann 1996).

In order to make inferences about what sort of person was being trained
over the period 1981 to 1991 in Britain, we need to control for covariates.
Before doing this, the next section sets out the modeling framework for the
analysis.

4. Modeling the number of training occurrences

In our models, the dependent variable takes only non-negative integer val-
ues corresponding to the number of training events occurring in the interval
1981 to 1991. (For surveys of these count models, see Cameron and Trive-
di 1986; Winkelmann 1994; Gurmu and Trivedi 1994; Winkelmann and
Zimmermann 1995.) We estimate reduced form models of the probability
of individuals in the sample experiencing training events that occur
n=0,1,2, ... times in the given time interval 1981 to 1991. Given the nature
of our data, the natural starting point is the Poisson model.

Let Yi denote the number of occurrences of training courses for individ-
ual i, i =1,2, ...,N, in the interval 1981 to 1991. Then the probability den-
sity of this variable is given by
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Pr �Yi � yi� � k
yi

i eÿki

yi!
yi � 0; 1; 2; ::: �1�

whereyi is the realized value of the random variable, andki is the expected
number of training events, parameterized as

ki � exp�X0i b� : �2�
The vector of exogenous variables is denoted byXi, while b is the asso-
ciated vector of coefficients. The exponential form ensures non-negativity
of ki. The Poisson distribution imposes the restriction that the conditional
mean is equal to the conditional variance ofyi, given byki, where the con-
ditioning is on the observable individual characteristicsXi. (For exposi-
tional ease, from now on we shall not specifically state that the distribu-
tions being considered are conditional on the observedXi.) But, as shown
in Table 1, the raw data indicate over-dispersion – the variance exceeds the
mean.

There are at least two possible causes of such over-dispersion. One is
unobserved heterogeneity in the mean functionk. Another is when the
probability of experiencing an event is increased as a result of past experi-
ences of the event. Panel data are necessary in order to distinguish between
these two competing hypotheses, but unfortunately the form of the NCDS
data for occurrences of training counts in the interval 1981 to 1991 is a
simple cross-section (where the numbr of training occurrences over the pe-
riod 1981–1991 is measured retrospectively at the 1991 NCDS). Given the
cross-section nature of the data, we take a reduced form approach, in the
sense that models allowing for over-dispersion are directly specified and es-
timated, in order to explain the number of training events experienced by
our sample members.

A common generalization of the Poisson model that allows for over-dis-
persion is the negative binomial distribution (Cameron and Trivedi 1986;
Winkelmann 1994; Winkelmann and Zimmermann 1995). This is given by

Pr �Yi � yi� � C �ai � yi�
C �yi � 1�C �ai�

�
ai

ai � ki

�ai
�

ki

ai � ki

�yi

yi � 0; 1; 2; ::: �3�

with E(Yi)=ki, var(Yi)=ki+k
2
i /ai and ki, ai ∈ R+, andC (n) is the standard

gamma function.
One model which generates the negative binomial distribution is a model

of random mean function forYi. Suppose that the mean function ofYi is
~ki � kiui, whereui is an unobservable heterogeneity term andui ~ Gamma
(ai,ai), or equivalently~ki ~ Gamma(ai,ai/ki).

4 Marginalization with respect
to the unobservableui yields the unconditional distribution forYi given in
(3), which is known as thecompound Poissonmodel. Cameron and Trivedi
(1986) show how to generate various versions of the negative binomial mod-
el by linking theki with theai. Settingai =cki

k, for c>0 and an arbitrary con-
stantk, produces the models they term Negbin I and Negbin II in the special
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cases wherek=1 andk=0 respectively. The model we estimate is the Negbin
II, obtained by imposing the restrictionk=0, which is equivalent to the as-
sumption that the variance is a quadratic function of the meanki. (This as-
sumes a homoskedasticu.) Thus the Poisson model is obtained with the re-
strictiona=1/a=1/c=0 for all i.

One limitation of the model discussed above is that the zeros, as well as
the positive counts, are generated by the same process. As can be seen
from Table 1, there are a great many zeros in the sample. Since it is clear
that some individuals never experience any training lasting at least 3 days,
it is sensible to model the process generating training incidence differently
from the process generating positive counts. To do this, we estimate ahur-
dle model, where it is assumed that a binomial process governs the binary
outcome of whether or not the individual experiences any training events
and, once the hurdle is crossed, the conditional distribution of the positive
values is governed by a truncated-at-zero count data model. (This was first
introduced in economics by Mullahy (1986), who considers a Poisson hur-
dle model. See Winkelmann (1994) for additional references.) This model
also allows for over-dispersion.

Formally, let f1 be the probability density function (pdf) of the process
governing the hurdle (that is, the incidence of training), and letf2 be the
pdf of the process governing the number of training events once the hurdle
has been crossed. Note thatf2 is the pdf of a distribution for non-negative
integers (and not truncated at zero itself). Thus the probability distribution
of the hurdle model variableYih for the i-th individual is given by

Prob�no training over the period� � Pr �Yih � 0� � f1i �0� �4a�

and

Prob�yi training events over the period� � Pr �Yih � yi�
� f2i �yi��1ÿ f1i�0��=�1ÿ f2i�0�� yi � 1; 2; :::

� f2i �yi� hi ; �4b�

wherehi =[1–f1i (0)]/[1–f2i (0)]. Thus the meanE(Yih) and the Var(Yih) are
given by:

E �Yih� �
X1
yi�1

yi f2i �y� hi �5�

and

Var �Yih� � hi

X1
yi�1

y2
i f2i �yi� ÿ h2

i

�X1
yi�1

yi f2i �yi�
�2

: �6�

Hence the over/under-dispersion is now defined at the individual level, and
depends on the value ofhi. It is interesting to note that the expected value
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of the hurdle model differs from the expected value of the parent model by
the factorhi.

The likelihood for the sample is given by

L �
Y
�y�0�

f1 �0�
Y
�y>0�

�1ÿ f1 �0��
Y
�y>0�

ff2 �y�=�1ÿ f2 �0��g : �7�

The first two terms on the right-hand side (RHS) of (7) refer to the like-
lihood for training incidence, while the third term is the likelihood for posi-
tive counts for the number of training events. The log-likelihood is there-
fore separable, and maximization is simplified by first maximizing a binary
model log-likelihood, and then separately maximizing the log-likelihood for
a truncated variable. If it is assumed that both distribution functionsf1 and
f2 are identical, but that they may be characterized by different parameter
values, then standard tests can be used to test the restriction that the param-
eter values are the same. Some possible choices for the distribution func-
tions are Poisson, geometric, or negative binomial.5 We choose the Negbin
II model for estimation of the hurdle model, which nests both the Poisson
and the previous Negbin II models as special cases.

Let f1i and f2i be Negbin II with parameters (k1i, a1) (k2i, a2) respec-
tively. This implies a binary model for the hurdle part of the form:

Pr �Yih � 0� � f1i �0� � fa1=�a1�exp �X 01i b1��ga1

� �1� a1 � exp �X 01i b1��ÿ1=a1 ; �8�

where the meank1 i is parameterized as exp�X 01i b1�, anda1=1/a1.
In summary, we estimate two types of count data models which allow

for the possibility of over-dispersion. These are first the Negbin II model,
and second thehurdle Negbin II model. The hurdle Negbin II model nests
both the simpler Negbin II model and the Poisson model as special cases.

5. The estimates for men and women

We estimated both hurdle and non-hurdle models of work-related training,
both for the Poisson and for the Negbin II assumptions. On the basis of a
number of tests which are described below (and reported in Tables 2 and
3), the preferred models for both men and women are the Negbin II hurdle
specifications. These Negbin II estimates are presented (separately for men
and women) in Table 4.6 The dependent variable is NUWKTR – the num-
ber of training courses experienced by sample members over the period
1981 to 1991, and which lasted at least 3 days and were designed to devel-
op skills used in a job.

5.1 Discriminating between models

Before discussing the estimates of the Negbin II hurdle models, we first
consider the testing procedure used to discriminate between the various
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models. The model log-likelihoods are presented in Table 2, and the likeli-
hood ratio (LR) tests in Table 3.

In Tables 2 and 3, Rows 1 and 2 refer to the Poisson and Negbin II
non-hurdle models respectively. Rows 3 and 4 refer to the hurdle Poisson
model, while Rows 5 and 6 refer to the hurdle Negbin II model. As noted
in Sect. 3, a test of the Poisson model (where the mean equals the vari-
ance) against the Negbin II model is to test ifa=1/a=0. Since this param-
eter restriction is on the boundary of the parameter space, the standard
Wald test (a t-test in this case) and the likelihood ratio (LR) test for this re-
striction do not have the usual distribution. Under the null, the Wald test
has a probability mass of 0.5 at zero and a 0.5N(0, 1) distribution for posi-
tive values. Similarly, under the null, the LR test statistic has a probability
mass of 0.5 at zero and 0.5v2(1) for positive values. Thus a one-sided 5%
significance level test requires the use of the 10% critical value (see Law-
less 1987). On the basis of these two tests, we reject the Poisson model;
that is, Row 1 is rejected against Row 2.

Because the non-hurdle model is nested within the hurdle model (as
noted in Sect. 3), we can test the non-hurdle model using a simple likeli-
hood ratio test. The null hypothesis, that the non-hurdle model is appropri-
ate, is easily rejected for both the Poisson and the Negbin II variants. This
is shown in Table 3 as a test of Row 1 against Rows 3 and 4 for the Pois-
son model, and for the Negin II model Row 2 against Rows 5 and 6.

Since the hurdle model is preferred, we now test the null hypothesis of
the Poisson model for the hurdle specification. To do this, we test Row 3
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Table 2. Model log-likelihoods

Model Women
log-likelihood

a=1/a Men
log-likelihood

a=1/a

Non-hurdle models
1. Poisson –4083.101 fixed –5607.720 fixed
2. Negbin II –2622.570 3.351 (0.19) –3589.489 2.199 (0.11)

Hurdle models
3. Poisson incidence –2126.379 fixed –2116.724 fixed
4. Poisson positive counts –1872.434 fixed –3135.009 fixed
5. Negbin II incidence –1246.565 5.201 (3.22) –1282.138 0.100 (0.70)
6. Negbin II positive counts –1335.693 5.701 (2.78) –2264.074 1.616 (0.23)

Note:Standard errors are given in parentheses.

Table 3. Specification tests for the models of Table 2

Null hypothesis LR statistic women LR statistic men

1. against 2.;v 2 (1) 2921.106 4036.462
1. against 3. and 4.;v 2 (29) 168.576 711.974
2. against 5. and 6.;v2 (30) 80.624 86.554
3. against 5.;v2 (1) 1759.628 1669.172
4. against 6.;v 2 (1) 1073.482 1741.870



against Row 5, and Row 4 against Row 6, as shown in Table 3. The appro-
priate test in this instance is the LR test.7 For both the hurdle incidence
and for the positive counts conditional on incidence, the LR test rejects the
null hypothesis that the Poisson model is appropriate. In summary, on the
basis of this testing procedure, the Negbin II hurdle process is preferred,
both for training incidence and for positive counts conditional on inci-
dence.

5.2 Predicted frequency comparisons

We now consider the predicted frequencies of the models reported in Ta-
bles 2 and 3. The predicted frequencies are calculated by first calculating
the predicted probabilities for the various outcomes for each individual, and
then summing over all individuals to obtain the predicted frequencies (see
Winkelmann (1994:183–194) for further details). For both the male and fe-
male samples, the Poisson model under-predicts the zero outcome and
over-predicts the positive counts. For women, the Negbin II non-hurdle and
hurdle models perform equally well in terms of predicted frequencies. For
men, in contrast, the hurdle Negbin II model performs slightly better in
terms of predicted frequencies than does the simple non-hurdle Negbin II
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Table 4. Actual and predicted frequencies

Women Men

Count Actual Poisson Negbin II Hurdle
Negbin II

Count Actual Poisson Negbin II Hurdle
Negbin II

0 1511 987 1512 1511 0 1040 456 1021 1040
1 290 640 298 298 1 290 512 341 296
2 142 315 136 135 2 187 393 188 183
3 84 148 77 77 3 127 263 119 124
4 52 69 48 50 4 79 164 82 88
5 41 32 33 34 5 69 99 59 65
6 24 14 23 24 6 67 59 44 49
7 8 6 17 18 7 24 36 33 37
8 12 3 13 13 8 26 22 26 29
9 3 1 10 10 9 13 13 21 23

10+ 48 48 45 10+ 120 25 108 108

Total 2215 2215 2215 2215 Total 2042 2042 2042 2042

v2 (r)
Good-
ness of
fit test

13.26
(8)

13.29
(6)

28.60
(8)

18.62
(6)

Notes:(i) The v 2 Goodness of fit test is calculated as

�X10

j�0

�pj ÿ oj�2
pj

�
where thepj and the

oj are the predicted and the observed frequency for classj. The degrees of freedom=number
of classes under consideration –1 – number of parameters estimated. Since the mean and the
variance are estimated in the Negbin II model, the number of parameters estimated is 2 for the
simple Negbin II model and 4 for the hurdle Negbin II model.

(ii) The 5% critical values are:v2(6)=12.59 andv 2(8)=15.51;
the 1% critical values are:v2(6)=16.81 andv 2(8)=20.09.



model. The correspondingv2 goodness-of-fit statistics are given in Table 4.
For women, the null hypotheses that the non-hurdle and hurdle Negbin II
models are adequate are not rejected at the 1% significance level. However
for men thev 2 tests produce very large values simply for the reason that
the observed frequencies exhibit some spikiness at certain frequencies (as
was noted in Sect. 3 of this paper). This problem is more pronounced for
men reporting in excess of 9 training events during the 10-year period.
Since the number of cases who might be affected is proportionately very
small (see Table 1), we believe that our basic estimated results are unaf-
fected.

5.3 The Negbin II hurdle estimates for women and men

We now consider the coefficient estimates of the preferred specification, the
hurdle Negbin II model, which are presented in Table 5. The results for wo-
men are given in Columns 1 and 2, and for men in Columns 3 and 4. The
variables used to explain work-related training occurrences fall under five
headings, chosen in the light of the theoretical background outlined in
Sect. 2. The five groups of variables are: individual attributes; employment
status in 1981 (when the individual was 23); highest educational qualifica-
tion by 1981; number of training events prior to 1981; and lastly, employer
characteristics conditional on the individual being in employment in 1981.

First, consider the significant variables under the headingindividual at-
tributes. The estimated coefficient to the variable “reading score below
average” is significantly negative for training incidence for both men and
women. Individuals scoring below average in reading tests at age 11 have a
lower probability of training incidence; however the number of training
events conditional on incidence is unaffected by reading score. While wo-
men scoring below average in mathematics tests at age 11 have a signifi-
cantly lower probability of training incidence (albeit at the 10% level), this
variable has no effect for men.

Ethnic origin has no impact for women. In contrast, men of white eth-
nic origin have a significantly higher probability of experiencing training
and experience more training events (see Columns 3 and 4). The size of
this last effect is large. This finding suggests there may be some employer
race-discrimination in providing access to training courses for men, or that
non-white males may not volunteer for training on the expectation of discri-
mination. Where employers are relied on to provide training, the issue of
whether or not there is discrimination in access to work-related training be-
comes very important.8

The effects of “married by 1981” (defined to include living as married),
“kids by 1981”, and “married and kids by 1981” (the interaction of mar-
riage or cohabitation with the number of children) differ for men and wo-
men. (We also experimented with the inclusion of the number of children
without marriage, but since there were very few cases in this group and it
proved to be insignificant we did not include it in the final specification.)
For women, training incidence (Column 1) is significantly increased if the
woman was married (or cohabiting) with children by 1981. However, if a
woman was a lone parent in 1981, training incidence over the period
1981–1991 was significantly reduced, perhaps because employers view
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such women as having a lower commitment to the labour market. From
Column 2, we see that the expected number is significantly reduced if the
woman was living as married but childless in 1981. From Columns 3 and
4, it can be seen that childless men who were living as married by 1981
have a significantly greater training incidence, and they also experience
more training events.9

The “travel-to-work-area (TTWA) unemployment rate” was found to
have a significant negative effect only for the number of training events for
men. The impact of “union status in 1981” has no effect on the training ex-
periences of young men over the period 1981–1991, while for women
union status in 1981 has a significant positive impact on training incidence
only at the 10% level.10

Now consider the second set of variables, under the headingemployment
status in 1981. The only significant effect here is female “unemployment in
1981”, which is associated with a large reduction in the number of training
events. This effect may arise because women unemployed in 1981 have a
lower attachment to the labor market, or perhaps lower motivation. Alterna-
tively, employers may view previous unemployment for women as a signal
of a lower attachment to the labor market, and therefore offer less training
on the expectation that the investment will not be amortized. The base is wo-
men who were out of the labor force in 1981.

Next consider the impact ofhighest educational qualification in 1981. It
is striking that while there are strong complementarities between education
and training for both men and women, these effects are particularly pro-
nounced for men as we shall see. Consider first the results for men, given
in Columns 3 and 4 of Table 5. The base group is individuals with no edu-
cational qualifications by 1981. The pre-1981 education variables having
the largest impact on male training incidence and the expected number of
training events are “Degree” (the highest qualification in 1981 was a uni-
versity degree) and “A-level” (one or more advanced-level secondary
school qualifications representing university entrance-level qualifications
usually taken at or around the age of 18).

The variable “O-level” (one of more ordinary-level secondary school
qualifications obtained at or around the age of 16) also has a significant
positive effect on male training incidence and the expected number of train-
ing events. “Vocational qualification” (one or more business, technical or
industrial vocational qualifications) and “Apprenticeship completed” (com-
pletion of a trade apprenticeship, typically after a 3–5 year indenture period
begun at the minimum school leaving age of 16) have a significant positive
effect only on the expected number of training events, and not on male
training incidence.

We now consider the impact ofhighest educational qualification in
1981on female training experiences, given in Columns 1 and 2 of Table 5.
For women, only training incidence is affected by education. While the
sizes of the coefficients for “Degree and A-level” are large, these variables
are significant only at the 10% level. “O-level” significantly increases the
female training probability at the 5% level.

This evidence of strong complementarities between past general education
and training suggests that reliance on employer-provided training to increase
the level of skills of the British work force will result in an increase in the
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skills of the already-educated, and particularly men, but will not improve the
skills of individuals entering the labor market with a low level of education.11

While it is a rational response of firms to train individuals most able to benefit
from the training and perhaps faster to learn, the upshot may be that reliance
on employer-provided training leads to a segmented labor market and an un-
der class of uneducated (and possibly unemployable) workers.12 It is interest-
ing that empirical studies of private sector training for young workers in coun-
tries other than Britain also find the same complementarity between education
and work-related training (see for example Lynch 1992; Lillard and Tan 1992;
Tan et al. 1992; Pischke 1994; Veum 1996; Winkelmann 1996).

The other set of variables measuring human capital acquisitionprior to
Wave 4 of the NCDS (carried out in 1981 when respondents were aged 23)
falls under the headingtraining prior to 1981. An interesting issue is
whether or not past experience of training increases the probability of re-
ceiving training in the future, that is, the issue of state dependence in train-
ing incidence. True state dependence can only be distinguished from spur-
ious state dependence through the use of panel data. Given the cross-sec-
tion nature of our data (with retrospective information for training between
1981 and 1991 obtained at Wave 5 in 1991), we are unable to address this
issue properly. Nonetheless, we wanted to try to control for this in the esti-
mation, and hence include pre-1981 training variables.

However, interpretation of the impact of the pre-1981 training variables
must be made with caution, since they could simply be proxying unobserv-
able characteristics rather than measuring the true impact of state depen-
dence in training experiences. The appropriate LR tests for the specifica-
tions with and without this set of controls rejected the null hypothesis that
the pre-training variables had no effect. The variables under the heading
training prior to 1981generally have a significantly positive effect on the
incidence and the number of training courses over the period 1981–1991
for both men and women, ceteris paribus.

We now consider the impact of1981 job characteristicson training oc-
currences. These variables are conditional on being in employment in 1981
(that is, they represent the interaction of employment in 1981 with job
characteristics in 1981). For women, it makes no difference to subsequent
training experiences whether they were employed in the public or the pri-
vate sector in 1981. For men, working in the private sector in 1981 is asso-
ciated with a significantly lower incidence of training subsequently, albeit
only at the 10% level. The 1981 workplace size effects are of some inter-
est. The base is employment in 1981 in workplaces with 25 or fewer em-
ployees. For women, middle-sized workplaces are associated with a greater
training incidence, but larger workplaces are associated with more training
events. In contrast, the male probability is significantly higher in larger
workplaces, but the expected number of training events is significantly
higher in middle-size workplaces.
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6. Conclusions

The paper estimates models of training based on count data (in which the
dependent variable takes only non-negative integer values corresponding to
the number of work-related training courses occurring in the interval 1981
to 1991). The data set is the National Child Development Study. We use
hurdle negative binomial models to estimate the number of work-related
training events. This approach, which has not been used for training before,
allows us to account for the fact that more than half of sample men and
two thirds of sample women experienced no work-related training over the
period 1981 to 1991.

The principal findings of the paper are as follows. First, women under-
take significantly fewer training courses. Secondly, male workers of white
ethnic origin undertake significantly more training courses. Thirdly, young
men and women who scored below average in reading tests at age 11 have
a lower incidence of training. Fourthly, young men marrying or cohabiting
early (but with no children) experience significantly more training occur-
rences, while young women marrying or cohabiting earlier experience sig-
nificantly fewer training events. Fifthly, young women who were unem-
ployed in 1981 were significantly less likely to undertake training courses
over the period 1981–1991. Finally, past human capital acquisition has a
large significant positive effect on the number of training courses over the
period 1981–1991 for both men and women. This effect is found both for
the formal human capital dummy variables measuring highest educational
qualifications prior to 1981, and for the employer-related training prior to
1981.

An implication of the observed positive correlation between education
and subsequent training is that individuals entering the labor market with
low educational attainment have limited training opportunities in the work
place. This suggests that reliance on work-related training to improve the
skills of the work force will result in an increase in the skills of the already
educated, but will not improve the skills of individuals entering the labor
market with relatively low levels of education. Moreover, women and non-
white men will be adversely affected by such a policy, since ceteris paribus
they receive significantly less work-related training.

Endnotes

1 In the case of general training, the benefits are held to accrue to trainees who can take their
embodied human capital with them if they change jobs in the future. It is therefore argued
that trainees will bear all the costs of general training. In the case of specific human capital,
both parties are held to share in training costs, and therefore both also share in post-training
returns.

2 In preliminary estimation, we also experimented with estimating the number of courses
leading to qualifications over the period 1981–1991, that is, general education. The expla-
natory power of these models was very low; it would appear that unobservables are deter-
mining individuals’ decisions to undertake education over the period. For a study using the
NCDS to estimate the determinants of training and education incidence and their impact on
earnings see Blundell et al. (1996).
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3 If individuals were out of the workforce at both survey dates, then the zero coding for
training courses might reflect either their non-participation or their lack of training condi-
tional on participation. Since we are focusing on the latter, we exclude cases who were not
in the workforce at both 1981 and 1991.

4 If Z*Gamma (a,b), then the probability density is

g�z; a; b� � ab

C �a� zaÿ1eÿzb

with E(Z)=a/b and var(Z)=a/b2.
5 The geometric distribution is obtained by restrictinga=1 in (3). The hurdle part of the

specification of these models is easily estimated, by setting the censoring threshold at unity,
using a software package such as LIMDEP (which allows estimation of censored Negbin II
models). All models presented in this paper are estimated using LIMDEP 6.0 (Greene
1992).

6 The full set of estimates is available from the authors on request.
7 Two widely used tests are the Wald test and the LR test. Row 5 of Table 2 shows that the

parametera(=1/a ) in the hurdle part of the process is estimated to be 5.20 with an asso-
ciated standard error of 3.22. This implies that, using the Wald test, we cannot reject the
null hypothesis that the assumption of a Poisson process for the hurdle part is appropriate.
But in contrast, the LR test statistic gives a value rejecting the same null hypothesis. A
reason for the conflicting result may be as follows. For programming convenience the soft-
ware package estimatesa and nota. The package then returns a value fora that is esti-
mated as the reciprocal of the estimateda (since the parameter of interest isa and nota ).
The program also calculates the approximate standard error for this re-parameterized value
of a. However it is a well-known result that LR tests are invariant to reparameterization,
whereas the Wald test is not. Gregory and Veall (1985) show that, depending on how the
reparameterization is carried out, a range of different values for the Wald test may be ob-
tained. We therefore use only the LR test for model comparison here.

8 Booth (1993) shows that, even in the graduate labor market in Britain, women were found
to receive significantly less training; however this effect was not found for black graduates.

9 In preliminary regressions we also experimented with inclusion of dummy variables for
paternal socio-economic class, to test if the children of men from a higher social class
experienced more training. A variable taking the value unity if the father left school at
under age 16 was also included. These variables were found without exception to be insig-
nificant, and hence were not included in the reported regressions.

10 Most empirical evidence for Britain to date suggests that union workers receive more train-
ing than nonunion workers. See for example Booth (1991), Tan et al. (1992), Greenhalgh
and Mavrotas (1994), Blanchflower and Lynch (1995), and Green et al. (1995). While Ar-
ulampalam and Booth (1996) show there is some persistence in union status for NCDS
men, our estimates here of the impact of union status in 1981 on training should be inter-
preted with caution. This is because the individual may have changed job and/or union
status between 1981 and the time training was received.

11 Our results show that workers with low levels of general education receive relatively less
work-related training. However we cannot determine if these workers choose not to train
on the expectation there will be no jobs, or if instead firms do not offer these workers
training in the belief that low educational levels make them untrainable.

12 Prais (1995), inter alia, argues convincingly that the British vocational educational system
requires reform, and that middle to low attainers are neglected by the schooling system.
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