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Abstract

There is growing interest by policy makers in the gap between those who have Kills in
information technologies and those who do not, due, in part to the concern that this gap
contributes to risng income inequdity. In this paper, unit record data are used to examine
the factors that determine whether individuds study computer-related subjects and
participate in computer-related training provided by employers and other agencies. The
results from bivariate probit modds suggest that the factors determining participation in
computer-related training differ dgnificantly from the factors determining participation in
other subject matter training. Thus, generd policies to rase training rates may have less
impact on the acquigtion of information technology skills than would more specific
interventions. The results suggest tha interventions that focus school attainment and non:
metropolitan location would have a sgnificantly greater effect on the receipt of computer

traning than they do on other forms of training.



l. Introduction

There s growing interest by policy makers in the gagp between those who have sills in
information and communication technologies (ICT) and those who do nat, in part due to the
concern that this gap contributes to risng income inequaity. The ICT sector has dso
recently been recognised by the New Zedland government as one of three priority sectors,
due to its potentid to improve productivity across the economy.? Given this importance,
finding out which sectors of the population lack access to ICT skills can provide afirst step

in improving the kills avallable in the economy.

On the badis of overseas research, severd groups have been identified in New Zedland who
are mog likdy to be disadvantaged in terms of ICT <kills, including Maori and Pecific
peoples, those with few forma qudifications, the unemployed, and women and girls® But it
would be hepful to have empiricd evidence from New Zedand before policies are
introduced to improve the participation of certain groupsin ICT training, in case the patterns

that are found overseas do not hold.

In this paper, unit record data from the 1996 Education and Training Survey are used to
examine the factors that determine whether individuas gain qudifications in computing and
information technology, and participate in computer-related training provided by employers

and other agencies. In particular, we investigate whether the factors determining participation

2 Growing an Innovative New Zealand. Available on the internet at http://www.beehive.govt.nz.

% Closing the Digital Divide — What do we Know About the Digital Dividein New Zealand. Available
on the internet at http://www.executive.govt.nz/minister/maharey/divide/01-01.htm.



in these types of training and qudifications programs differ from the determinants of other

subject metter training and qudificaions.

The primary purpose of this enquiry is to see whether general policies to improve
paticipation in traning are dl that is needed for improving ICT skills in New Zedand, or
whether more specific policies are needed. One potentiad cause of the need for more
specific policies would be if the determinants of an individud’s participation in computer-
rdaed traning differed in a Sgnificant way from the determinants of participation in other
subject-metter training. The practicd importance of our enquiry is underlined by the
continued increase in the Industry Training Fund, and the creation of the New Technology
Fund. These funds enable New Zedand workers to participate in forma workplace training,

with increesing rliance placed on computer-based training.

The next section of the paper discusses previous literature on training, paying particular
attention to recent economic analyses of workplace computing skills. Section 111 describes
the survey data that we use and the econometric methods that are adopted. The main results

of the paper are in Section 1V, while conclusons and policy implications are in Section V.

. Previous Literature

Becker's human capitd theory (Becker, 1964) explains why enterprises are keen to tran
workers and why workers are keen to undertake some form of training or qudification.
Workers hope for higher wages in the future and enterprises hope for increased productivity

and output. Training can be ether specific to the enterprise or generd, with oecific training



being more useful to the enterprise that provides or finances it. The digtribution of training
may therefore be affected by not only the costs and benefits of the training, but by the ability

of the worker to finance any training not paid for by the enterprise.

The most recent reviews of the relationship between firm and worker characterigtics, and the
incidence of training are by Blunddl et al (1996), Groot (1997) and OECD (1999). These
reviews each found that the incidence of training was higher for workers that were; mae,
younger, better educated, employed full-time, employed by alarge firm and employed in the
public sector. One caveet to these findings is that problems exist with the measurement of
traning; Barron et al (1997) questioned the rdiability of traning measures in ther sudy
based on a 1993 U.S. survey that linked the responses of firms and workers to questions
about the receipt of on-the-job training. It dso must be noted that just because some groups
receive less training than others, perhaps reflecting non-random sdection into many training
schemes, this does not imply that they may have received too little training. There aso needs
to be some idea about the demand for training before conclusions can be drawn about the

adequacy of who has recelved training.

There are severd reports by the OECD that compare the levels of training in various
countries. The OECD Employment Outlook (1999) ranked NZ 6" highest out of 24
OECD countries in the level of participation in career or job-related training and 2™ highest
in hours of training. Of these two measures, the participation rate may be the more reliable
because there is likely to be less measurement in the reported incidence of training than in

the reported volume (ether in terms of hours or expenditure) of training (OECD 1997).



Previous New Zedand studies have focused on ethnic and gender differences in the
incidence of traning. Overdl, mdes and femdes in NZ have smilar participation rates in
traning, but mae employees are more likely to receive employer support for any study or
training (Gobbi (1998)). Gibson & Watene (2001) show that there are differences in
participation rates in employer —provided training for Maori and Pecific Idanders, dthough
much of the gap can be explained by other observable characteristics such as education. But
no one in New Zedand has previoudy studied who receives computer-related training

compared to other subject matter training.

The oversess literature on training is beginning to focus on computer-related training, in part
because one explanation for the rigng wage inequality that is being experienced in many
countries is the increased demand for workers with computer-based sills (Autor et al.,
1998; Acemoglu, 2001). For example, Green et al. (2001) show that more education
enhances the development of computing skills at work, but with respect to other Kkills, less
educated workers make up for their lower education through more work-based learning.
They aso show that education has an inggnificant impact on the acquistion of computing
skillsif workers stay in the samejob for at leest five years. Hence education’s impact on the
ability to acquire skills is mediated by its impact on job mobility. That is, if education raises
the ability to acquire computing skills over time, people raise their utilisation of computing

skills by changing jobs.



IIl.  Dataand Methods

The data used in this study come from the Education and Training Survey (ETS), which was
a one-off survey, conducted by Statistics New Zedland as a supplement to the September
1996 Household Labour Force Survey (HLFS). It is the firs mgor survey of job-related
traning in New Zedand. The survey asked respondents aged 15-64 about ther
participation in training either provided by an employer or externdly (denoted in-house and

external)* and in study towards a qudification during the previous yesr.

Although the ETS has a sample of 22,257, not al of these observations are available for the
current paper. For our andyses of externd training and study towards a qudification we
restrict the sample to 20,809 respondents who were not ill in secondary school and who
had complete data on the training measures and other explanatory variables. More
restrictions were needed on the sample for the andyss of in-house training, because
questions abouit this type of training were only asked of those who had worked for wages or
sdaries in the 12 months prior to the survey (n=13,988). After omitting observations with
missing data, a sample of 13,262 people was available for the modd of in-house traning.
However, some of these people who had worked for wages or sdaries in the previous 12
months were not currently employed a the time of the survey, so information on factors that
might affect the receipt of training — such as tenure and usuad work hours —isnot available.

Thus, amore redtricted sample for afurther andyss of in-house training isthe 11,025 survey

* The definitions used by the ETS are that in-house training is that organized by an employer primarily
to meet the needs of its own employees, is conducted in-house or externally, and is delivered by the
company’s own employees or external training providers. External training coversall other
employment-rel ated training for the employed and unemployed.



respondents who were wage or salary workers a the time of the survey and who had full

detalls available on ther training, schooling and employment characterigtics.

For each in-house and externd training course (up to a maximum of four) the survey asked
respondents about the main subject of the course, where “computing” was included as a
choice dong with eight other broad subject areas. A dightly finer breskdown of subjects
dudied towards a qudification is avaladle from the survey, with “computing and information
technology” one of 13 broad fields that were identified. For each course studied or training
program completed, respondents could only choose one main subject from the list but by
covering up to four recent training episodes the survey is able to handle those respondents

who received training across severd subject aress.

The didribution of training by subject matter is shown in Table 1. It gppears that computing
is the third most frequently listed fidd for in-house training. Of those workers who received
inthouse training, 17.8 percent nominated computing as the main subject for a least one (of
up to four) of the training courses they had participated in during the previous 12 months.
This is likely to underestimate the extent of computer related training however, because
some of the other subjects, such as “professond and technicd” (which is the most frequent
subject of training) and “clerica and office’ are likdy to have some computing component.
A somewhat larger proportion of those participating in externa training (21.9 percent) listed
computing as the main subject, making it the second most frequent choice for this type of
traning.

(Table 1 about here)



The second hdf of Table 1 shows that computing and information technology is a less
frequently listed subject amongst the survey respondents who had gained either school or
other quaifications,” or trade and vocationa certificates in the previous 12 months. Once
again, however, the reported 5.5 percent of those working towards or receiving a
qudification in computing and information technology is likely to be an underestimate of the
exposure to computer-related qudifications. Presumably, many of those respondents who
nominated the broad subject of *busness and adminidration” were dso gaining quaificaions
that were, a least in part, reated to information and communication technologies. This
broadness of the subject indicators in the dataset must be kept in mind when interpreting the

econometric results below.

The other important feature of the training reports in the survey is that participation in
computer-related training is not a mutudly exclusve category because respondents were
able to specify multiple training episodes. Indeed, it appears that many of the people who
indicating recalving training in computer-related areas dso recelved training in other areas
(Table 2). The first two panels of Table 2 show that one-hdf (one-third) of respondents
who had participated in computer-reaed training in-house (externaly) had aso participated
in other subject matter training in the previous 12 months. This overlgp is rather less
goparent for study towards qudifications, most probably because the grester time
commitment needed for such sudy precludes many people from having multiple

qudifications during a 12-month period. Table 2 adso shows that only 24 percent of those

® Thecriteriafor the qualification being counted by the survey were that it takes more than the
equivalent of three months of full-time study.



digble for in-house training did actudly recaeive any training in the last 12 months. The
proportion was even lower for externd training a 13 percent, and only 15 percent received
aqudification in any subject in the last 12 months.

(Table 2 about here)

One methodologicd implication of the survey respondents indicating training in multiple arees
istha it prevents us usng some econometric methods, such as the multinomind logit, which
assume mutudly exclusve caegories It dso seems likdy that smply andysing the
dichotomous decison of whether or not a person participated in computer related training
will be an inefficdent moddling method, because it ignores information which may be relevant
to this choice, such as whether or not the respondent participated in other subject matter

traning.

Therefore, we use a modelling method which alows us to focus on two binary variables,
alowing four possble outcomes: a person participated in both computer-related and other
subject matter training, a person participated in computer but not other training (and vice
versa) and a person paticipated in no training. The bivariate probit estimation method
dlows the errors in the two probit modes to be correlated, reflecting the fact that there are
likely to be unobserved factors influencing the decison of an individud to gain skillsin one
subject matter rather than another. This estimation framework aso dlows hypothesis tests of
whether the coefficients are equa across the two equations. In other words, these
hypothesis tests may indicate whether different characteristics are associated with the receipt

of computer training versus the receipt of other subject matter training.
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The forma specification of the bivariate probit modd is (Greene, 2000, p.849):

y, 2 2%, 27, y, 21 if y; 20, Ootherwise
Y, ? 2%, ??,, y, 21 if y,?0, Ootherwise
E?2,?7?E?%,70

Var 2, 7?Var%2,72 1

Cov?, 2,722

where y and y, arethe unobserved latent varigbles reflecting the demand for training. This

mode can be estimated by maximum likelihood methods (StataCorp, 1999). One important
hypothesis to test with this mode is whether the disturbances are correlated across the two
equations, H. ? = 0, because if this redtriction holds the model consists of independent
probit equations which can be estimated separately. Hence, in the current setting if this
restriction holds we could focus just on the 0-1 variable for whether individuas participated

in computer-relaed training.

In common with univariate probit modeds, the bivariate probit coefficients are not directly

interpretable, but more familiar margind effects can be caculated, showing the effect that
changes in the explanatory variables have on the probability of participating in training. But
with a bivariate probit modd there are a variety of margind effects available, depending on
whether one isinterested in joint, conditional, or margina probabilities. For the current sudy
we are mainly interested in the determinants of computer-related training so we focus on the
margna probabilities with conditioning on whether people participated in other forms of

training. To make the interpretation of the results easier we present the margind effectsin the

form of dadicities rather than as probability derivatives, otherwise the lower mean

1



probability of participating in computer-related training can interfere with the comparison of
margina effects acrass the training equations. These dadticities give the percentage change in
the probability of participating in each type of taning or qudification following a one-
percent change in the explanatory variable. In the interests of easier interpretation, these
cdculaionsignore the fact that, logicaly speaking, some of the explanatory variables cannot

change infinitesmally because they are discrete characteristics (StataCorp, 1999).

Explanatory variables

To explan participaion in computer-related and other subject matter training, we include a
farly standard set of variables that are dso used in previous studies of employer-provided
training (for example, see Gibson and Watene, 2001). For our modds of in-house training,
these varidbles include worker characteristics (age, education levels, maritd datus,
occupation, tenure) and characteristics of the job (hours worked, industry).® In addition, we
pay paticular dtention to the location of employment, diginguishing three manly
metropolitan regions (Auckland, Wdlington, Canterbury) from the rest of the country,
because some of the literature on the “digital divide’ emphesises a rural-urban component.”’
The variables related to occupations and job characterigtics are not relevant to the externa
training and qudlifications choices of respondents, but overadl labour market gatusis likely to
be relevant to those two types of training and study so we include indicator variables for

wage workers, employers, the saf-employed and the unemployed.

® Some studies also include firm size but Blundell et al ., (1999) argue that this variable may be
endogenous if workers choose the type of employer in order to obtain training and so drop it from their
specification. Moreover, dataon firm sizeis not available in the ETS dataset.



The means and standard deviations of the explanatory variables used in the modds of in-
house training, externd training, and qudifications are reported in Table 3. Comparing
across the samples, it is gpparent that those who were digible for in-house training (and
hence were employed a some time during the 12 months prior to the survey) have
accumulated dightly more pogt-primary schooling and are less likely to be ether femde or
from the Maori and “Other” ethnic groups.

(Table 3 about here)

V.  Results

Table 4 contains the bivariate probit results for the determinants of participation in in-house
traning. We note a the outset that the disturbances gppear to be sgnificantly corrdated
across the two equations (?=0.27). This indicates that the omitted characteristics
determining participation in one type of training are rdated to the unobserved factors
determining participation in the other type of training. Hence, moddling the decison to
participate in just one type of training would ignore relevant information. Another key finding
of the estimation results is that the cross-equation restrictions needed to pool the two models
into one are decisively rgected (p<0.000). In other words, some or al of the coefficientsin
the computer training equation have a different structure than what they have in the equation

for other subject matter training.

The probaility of recaiving in-house training for both computing and other subject areas

rises with age but a a declining rate. For computer-related training the probability pesks at

" NeelsBothaet al. (2001) “Addressing the rural digital dividein New Zealand” Social Systems Research
Unit, AgResearch Limited.



age 41, while for training in other subjects the probability pesks a age 38. Thus thereis no
evidence to suggest that older workers are particularly disadvantaged in the receipt of
computer-related training — indeed, ther likelihood of recaiving dl types of in-housetraining
declines, presumably because of the shorter remaining working life over which the firm and
worker can recoup their investments

(Table 4 about here)

The incidence of in-house training is higher for males and lower for people from ethnic
minority groups. However, the ethnic effect is not gatisticaly sgnificant in the equation for
computer-related training. Moreover, the comparison of coefficients across equations
suggests that the gender and ethnic effects are in no way particular to computer-related

training because smilar patterns occur for training in other subjects.

The likelihood of recalving traning in both subjects is higher for workers who have
accumulated more years of post-primary schooling, athough for computer-related training
the effect is ggnificant only a the p<0.07 level. Moreover, the magnitude of the schooling
effect is proportionately less in the computer training equation, with the dadticity of the
participation probability with respect to years of schooling only two-thirds as high asit isfor
other subject matter training. In other words, the advantages bestowed on the highly
schooled, in terms of greater likelihood of being trained, are rather less gpparent with
computing. This may reflect the fact that people who have dready accumulated a lot of

schooling have also had good exposure to computers and so do not require further training.
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It is notable that the differing impact of schooling is the only one of the demographic

characterigics that is sgnificantly different across the two equations.

In comparison with workers elsewhere, those who are located in Auckland, Wellington or
Canterbury are sgnificantly more likely to receive in-house computer training. On the other
hand, they are sgnificantly less likely than workers sawhere to receive training in other
subjects. Thus there does appear to be somewhat of an urban-rurd divide, dthough whether
it denotes disadvantage for the non-metropolitan areas depends on whether computer

training is more va uable to workers than is training in other subjects.

There are considerable occupationa differences in the exposure to in-house training, with
the more ‘basic’ occupations, like saes, trades, agricultura and plant operators having
lower training rates than the managerid, adminigrative, professond and technicd workers.
These patterns exist for both computing and other subject aress of training, with the
exception of the dericd group, who have computer training a smilar levels to the

professond group but other subject matter training a Smilar levelsto the basic occupations.

Table 5 contains the results when the modd is re-estimated on the sample of currently
employed workers. This smdler sample alows two extra variables to be added to the
modd: length of tenure a the current employer and usud weekly hours of work. The
likelihood of being trained is higher for the longer-tenure and full-time workers, where this
presumably reflects the decisons by firms to invest in workers whose employment

reaionship islikdy to last and from whom they can extract the maximum pay-back, in terms



of work hours. However, neither of these two factors differsin their effect on computer and
other subject matter training and the other cross-equation comparisons reported in Table 4
are unchanged when these two variables are added to the modd.

(Table 5 about here)

The reaults for externd training are shown in Table 6. Again, as for in-house training, the
disturbances appear to be ggnificantly corrdlated across the two equations (?=0.28).
Hence, modelling the decison to participate in just one type of training would ignore relevant
information. Just as with in-house training, the probability of recaving externd training in
both computing and other subject areas rises with age but a declining rate. For computer-
related training the probability pesks at 41, the same age as for in-house training, and for
other subjects it pesks at a lower age of 32. Hence older people are more likely to want
computer-related training, perhaps reflecting the fact that these are not kills that were

commonly taught when they were at school.

Participation in externd training courses where the main subject is computing is Sgnificantly
higher for femaes than for maes (Table 6). In contragt, this gender difference does not
extend to the other subject matter training. There are sgnificant ethnic differences in
participation rates for externd training. For computer-related training, people from dl three
ethnic minority groups have dgnificantly lower participation probabilities. But for other
subjects, it is only the Pecific Idand and ‘other’ ethnic groups who have a lower probability

of recalving training. In other words, the lower externd training for Maori is redtricted to

16



computing, while for Pecific Idand and ‘other’ ethnic groups, externd training rates are low
both for computing and for other subjects.

In common with the pattern for in-house training, more years of post-primary schooling
increases the likelihood of receiving externd training in both computing and other subjects.
Once again, the magnitude of the schooling effect is proportionately less in the computer
traning equation, with the dadticity of the participation probability being only one-hdf as
high asit isin the equation for other subject matter training.

(Table 6 aout here)

Respondents from Auckland, Wellington and Canterbury were more likely to participate in
computer-related externd training than were respondents from other parts of New Zedand.
Those from Canterbury were dso more likely to receive other subject matter training, while
there were no differences between Auckland, Wdlington and the rest of the country. Hence,
in pardld with the results for in-house training, being located in Auckland and Wdlington
has a dgnificantly greater effect on the receipt of computer training than on the receipt of

other subject matter training.

The results for the labour force variadbles in Table 6 show that, in comparison to the
excluded group who are not in the labour force, training rates in both computing and other
subjects are higher for wage workers, the salf-employed and the unemployed. The patternis
different for employers, who have sgnificantly higher training rates for other subjects but not

for computer-related training. Thus, most of the labour force variables do not indicate
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particular |abour force states which could be targeted if policy wished to specificaly increase

access to computer-related traning.

Table 7 shows the results for the respondents who undertook study for some form of
qudification in the previous 12 months. The probability of ataining a qudification declined
with age, dthough a a diminishing rate for the non-computer related subjects. There is no
ggnificant difference between men and women in the participation rates for computer-
related training, whereas men were much less likdy than women to be sudying for
qudifications in other subjects. The indicator variables for the ethnicity of respondents were
datidicdly indgnificant in dl cases but one people of ‘other’ ehnicity have a higher
probability of studying for non-computer related qudifications.

(Table 7 about here)

Previous schooling is a ggnificant predictor of current sudy for a qudification, for both
computing and other subjects. However, for each extra year of schooling dready obtained,
the percentage change in the probability of gaining a qudification is only two-thirds as high
for a computer-reated qudification as for one in any other subject. Thus, lack of previous
educationa attainment may be less of a barier to the acquigtion of computer-related

qudificationsthan it isabarrier to obtaining qudifications in other aress.

Unaurprisingly, dl of the groups who were in the [abour force were less likely to be studying
for qudifications. However, the effect for the sdlf-employed and unemployed was not

datigticaly sgnificant in the equation for computer sudy. Findly, in contrast to the results for



in-house and externd training, there were no sgnificant regiond effects in the equation for

computer-related qudifications.

V. Conclusons

In this paper, factors determining participation in computer-related training provided either
by employers or by other agencies, or obtained as study towards a qudification have been
investigated. A particular focus of the paper has been to see whether the determinants of
computer-related training and study differ from the determinants of other subject matter
traning. Evidence for any such differences could be used to support targeted policies that
am to specificaly increase the computer-related skills that have recently been targeted by

the New Zedland government as a priority area.

To answer the research questions posed, bivariate probit equations were estimated to study
the joint decison of whether to participate in computer-related training and whether to
participate in other subject matter training. Amongst the most noteworthy of the results are
the following: there is no evidence that older workers are particularly disadvantaged in the
receipt of computer-related training — instead, ther likelihood of recaiving dl types of in-
house traning declines with age.  Accumulated schooling is less of a determinant of
computer-related training than of other subject matter training. Put the other way around,
those with low levels of schooling may have rlatively better access to computer training than
they do to other types of training. Although this initidly gppears paradoxicd, it may reflect
the need to provide remedid training to these people; because not having accumulated much

schooling they dso may not have had the chance to get much exposure to computers.
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Regiond effects showed that workers in the three main metropolitan areas of Auckland,
Wilington and Canterbury are more likdly to recelve computer-related training than are
workers from non-metropolitan areas. This pattern contrasts with training for other subjects,
where peoplein rurd and the smaler metropolitan areas gppear to have greeter participation
rates than are reported in the mgor metropolitan areas. Occupationa differences aso
existed, with the ‘badc’ occupations, like sdes, trades agricultura and plant operators

recaving lessin-house training in al subject aress.

Ovedl, the results support the use of specific policies to raise participation rates for
computer-related training, as part of the desired improvement of ICT skillsin New Zedand.
While generd poalicies for improving access to training in dl subjects would have some
beneficid effects on ICT training, factors such as schooling, occupation and location appear

to offer more subject-gpecific effects.

In terms of methodologicd implications, the fact that the determinants of computer-related
training differ from the determinants of other subject matter training suggests the need for
more disaggregated study of education and training decisons. Most of the academic
literature on training disaggregates according to either the different forms of training (eg., in-
house versus externd) or the different beneficiaries of training (eg., by gender or ethnic
group) without consdering variation by the subject matter of the traning. The results
reported here gpply only to the incidence of training, and there is no guarantee that they hold
for other, volume-based measures of training (e.g., days or hours), which isatopic for future

research.



Table 1: Digribution of training by subject matter and by type of training: in-

house, externd or by qudification

Subject Typeof Traning
Inhouse Externd
% %
Professona and Technica 29.7 30.9
Managing Others 16.1 10.2
Service and Sales 17.2 135
Computing 17.8 21.9
Hedth and Safety 225 11.7
Trade 7.3 84
Clericd and Office 3.2 39
Sdf Management 9.7 10.2
Orientation 4.3 N/A
Other 4.9 6.3
N 3121 2414
Qudification
Not Specified 0.6
Maori 51
Business and Adminigration 24.2
Hedth 9.1
Education 9.0
Socid Sciences and Humanities 10.9
Sciences 4.9
Enginearing and Technology 8.6
Architecture, Planning, and Congtruction 5.0
Agriculture, Forestry and Fishery 3.0
Computing and Information Technology 55
Manufacturing 1.9
Artsand Crafts 4.1
Miscdlaneous 11.8
Other 55
N 2779

Note:

Percentages sum to more than 100% as people could participate in more than one training
course over the survey period. The sample size, N refers to the number of respondents who
received either in-house or external training, or studied for a qualification.
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Table 2: Frequency of Participation in Computer- Related
and Other Subject Matter Training

A. In-House Training

Received other Did not receive

ubject matter other subject matter

traning traning TOTAL
Received computer-related 250 265 515
traning (0.02) (0.02)
Did not receive computer- 2606 10141 12747
related training (0.20) (0.76)
TOTAL 2856 10406 13262

B. External Training

Received other Did not receive

subject matter other subject matter

traning traning TOTAL
Received computer-related 150 364 514
traning (0.02) (0.02)
Did not receive computer- 1900 18395 20295
related training (0.10) (0.87)
TOTAL 2050 18759 20809

C. Qualifications

Received other Did not receive
subject matter other subject matter
qudification qudl. TOTAL
Received computer-related 25 128 153
qudification (0.00) (0.02)
Did not recelve computer- 2626 18251 20877
related qudification (0.149) (0.85)
TOTAL 2651 18379 21030

Note: Results are based on the samples described in the text. Numbers in () are weighted-population
proportions, whereas sampl e frequencies are unweighted.



Table 3: Means and Standard Deviations for each Explanatory Variable by Type of Training

Vaidble

Age

Age® (?100)
Mde

Maori

Pecific Idands
Other®

Yrs of Schooling”
Married

Wage worker
Employer

Sef employed
Unpad
Unemployed
Auckland
Wellington
Canterbury
Occupation
Adminigrators &
Managers
Professionals
Technicians
Clerica

Sales and service
Agriculture and
fishery

Trades

Pant operators
Elementary

Industry

Agriculture, Forestry

& Fishing

Mining and
Quarrying
Manufacturing
Electricity, Gas and
Water
Construction
Trade and Hotels
Transport and
Communication
Business and
Finance

Services

Inhouse
Mean S.D.

36.01 11.98
143991 917.85
0.51 0.50
0.09 0.29
0.04 0.20
0.04 0.20
573 2.84
0.63 0.48
031 0.46
0.14 0.35
0.14 0.35
0.09 0.003
0.13 0.003
0.11 0.003
0.16 0.004
0.18 0.004
0.05 0.002
0.09 0.003
0.09 0.003
0.09 0.003
0.05 0.002
0.004 0.001
0.18 0.004
0.01 0.001
0.05 0.002
0.23 0.004
0.06 0.002
0.10 0.003
0.31 0.004

External

Mean S.D.
38.15 12.69
1616.82  1014.91
0.49 0.50
0.10 0.30
0.04 0.20
0.05 0.22
543 2.88
0.66 0.47
0.58 0.49
0.05 0.23
0.10 0.29
0.01 0.09
0.05 021
0.31 0.46
0.13 0.33
0.13 0.34

Qualification
Mean S.D.

38.17 12.70
1617.99 1015.58
0.49 0.50
0.10 0.30
0.04 0.20
0.05 0.22
543 2.88
0.66 0.47
0.58 0.49
0.05 0.23
0.10 0.30
0.01 0.09
0.05 021
0.30 0.46
0.13 0.33
0.13 0.34

Note: The estimates are weighted by the popul ation sampling weights.
#Includes those who do not specify their ethnic group.



PEquivalent full-time years of secondary school and post-secondary school educational study.

24



Table 4. Bivariate Probit Estimates of the Characteristics determining Participation in In-house
Computer Related and Other Subject Matter Training

Computer Related Other Subjects

Coeff t ey/ex Coeff t eylex
Age 0.051 (299 4.48 0.077 (848 3.98
Age® (?100) -0.001 (283 -220 -0.001 (8.78) -2.10
Mde 0.147 (2.63) 0.17 0161 (4.73) 0.11
Maori -0.045 (046) -0.01 -0.100 (1.97) -0.02
Pecific Idands -0.202 (167) -0.02 -0138 (1.83) -0.01
Other® -0031 (0.23) -0.00 -0.268 (3.15) -0.01
Years of Schooling” 0.017 (182 0.23 0.042 (6.80) 0.32
Married 0.041 (0.66) 0.06 0150 (422 0.14
Auckland 0.221 (342 0.11 -0191  (4.76) -0.06
Waellington 0334 (5.37) 0.12 -0.202  (4.65) -0.04
Canterbury 0183 (232 0.05 -0.038  (0.87) -0.01
Occupation®
Professionals -0.104 (1.06) -0.03 0091 (144 0.02
Technicians 0.095 (1.01) 0.03 0034 (054) -0.01
Clerica 0122 (1.33) 0.05 -0271 (439 -0.06
Sadles and service -0.739 (583 -0.30 -0212 (335 -0.05
Agriculture and fishery -0914 (303 -011 -0563 (4.73 -0.04
Trades -0.728 (4100 -0.16 -0.587  (7.75) -0.08
Plant operators -0.643 (4420 -017 -0413 (5.67) -0.06
Elementary -1.084 (549 -0.24 -0683 (879 -0.09
I ndustry*
Mining and Quarrying 0455 (1.06) 0.00 0381 (1.61) 0.00
Manufacturing 0353 (1.23) 0.16 0089 (0.78) 0.02
Electricity, Gasand
Water 0.798 (2.27) 0.02 0398 (2.28) 0.01
Construction 0380 (1.21) 0.05 0.007  (0.05 0.00
Trade and Hotels 0341 (117) 0.17 0011 (0.10 0.00
Transport and
Communication 0452 (1.52) 0.06 0259 (2.09) 0.02
Business and Finance 0443 (1.53) 0.10 0159 (134 0.02
Services 0598 (2.11) 0.47 0307 (2.76) 0.14
Congtant -3311 (7.57) -2.382  (11.49)
Rho 274 (8.85)
Wald tests for coefficient restrictions p-vaue
All dopes=0 2260 = 1171.2 0.000
Occupation effects=0 ?2(16) =3236 0.000
Industry effects= 0 2246 = 715 0.000
Pooling Computing & other subject matter ?2(27) =2304 0.000

Ceoff Diff
p-vaue
0.167
0.108
0.813
0.604
0.634
0.120
0.020
0.115
0.000
0.000
0.012

0.081
0.242
0.002
0.000
0.262
0.463
0.123
0.056

0.882
0.392

0.270
0.264
0.289

0.547
0.362
0.337
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Note: The estimates are weighted by the population sampling weights, t-statistics are cal culated from
heteroscedastically-robust standard errors. N = 13262

Ey/exare elasticities that give the percentage change in the probability of participating in in-house training
following a one-percent change in the explanatory variable.

#Includes those who do not specify their ethnic group.

PEquivalent full-time years of secondary school and post-secondary school educational study.

“The excluded occupations are L egislators, Administrators and Managers.

9The excluded industries are Agriculture, hunting, forestry and fishing

Table 5: Bivariate Probit Estimates of the Characteristics determining Participation in In-house
Computer Related and Other Subject Matter Training: Currently Employed Workers

Computer Related Other Subjects Ceoff Diff

Coeff t ey/ex Coeff t ey/ex p-vaue
Age 0.038 (2.03) 3.27 0060 (5.87) 3.02 0.290
Age® (?100) -0001 (209) -1.75 -0001 (6.62 -1.74 0.187
Mde 0.045 (0.75) 0.05 0017 (044 0.01 0.691
Maori -0025 (024 -0.01 -0.045 (081 -0.01 0.862
Pecific Idands -0.244 (181 -0.03 -0.160 (192 -0.01 0.582
Other® 0.069 (0.50) 0.01 -0213 (223) -0.01 0.084
Y ears of Schooling” 0014 (142 0.19 0036 (533 0.27 0.052
Married 0.024 (0.38) 0.04 0132 (342 0.12 0.141
Tenure 0.002 (3.23) 0.25 0.003 (7.48) 0.21 0.223
Hours 0.010 (4.63) 0.91 0.014 (10.54) 0.70 0.181
Auckland 0202 (2.95) 0.10 -0.201  (4.66) -0.06 0.000
Waellington 0.294 (4.50) 011 -0.258 (5598 -0.06 0.000
Canterbury 0174 (2.14) 0.05 -0.036 (0.76) -0.01 0.023
Occupation®
Professionals -0073 (0.71) -0.02 0142 (211) 0.03 0.070
Technicians 0177 (1.79) 0.05 0.040 (0.61) 0.01 0.244
Clerical 0.248 (2.56) 0.10 -0172  (256) -0.04 0.000
Sales and service -0604 (454 -0.23 -0051  (0.74) -0.01 0.000
Agriculture and fishery -0.786 (247) -0.07 -0506 (358 -0.03 0.395
Trades -0650 (357) -015 -0519 (6.50) -0.07 0511
Plant operators -0586 (3.84) -015 -0.329 (422 -0.05 0.105
Elementary -0904 (442 -0.17 -0478  (5.59) 0.05 0.054
I ndustry*
Mining and Quarrying 0.404 (0.90) 0.00 0212 (0.85) 0.00 0.712
Manufacturing 0.307 (1.02) 0.14 0025 (0.19 0.01 0.390
Electricity, Gasand
Water 0.799 (2.18) 0.02 0362 (1.88) 0.01 0.255
Construction 0368 (1.13) 0.05 -0.067  (0.45) -0.00 0.218
Trade and Hotels 0338 (112 0.16 -0.011  (0.08) -0.00 0.290
Transport and
Communication 0394 (1.27) 0.06 0181 (1.26) 0.01 0.531
Business and Finance 0.423 (1.40) 0.09 0142 (103 0.02 0.395
Services 0.607 (2.06) 0.48 0310 (235 0.14 0.356
Constant -3.471 (7.140) -2564 (10.74)
Rho .226 (6.84)
Wald tests for coefficient restrictions p-vaue
All dopes=0 2769 = 1185.0 0.000

Occupation effects = 0 2246 = 255.4 0.000
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Industry effects = 0 2206 = 749 0.000
Pooling Computing & other subject matter ?2(29) =224.8 0.000

Note: The estimates are weighted by the population sampling weights, t-statistics are cal culated from
heteroscedastically-robust standard errors. N = 11025

Ey/exare elasticities that give the percentage change in the probability of participating in in-house training
following a one-percent change in the explanatory variable.

#Includes those who do not specify their ethnic group.

PEquivalent full-time years of secondary school and post-secondary school educational study.

The excluded occupations are L egislators, Administrators and Managers.

4The excluded industries are Agriculture, hunting, forestry and fishing

Table 6: Bivariate Probit Estimates of the Characteristics determining Participation in External
Computer Related and Other Subject Matter Training

Computer Related Other Subjects Ceoff Diff

Coeff t ey/ex Coeff t ey/ex p-vaue
Age 0130 (824) 1231 0024 (282 1.68 0.000
Age® (?100) -0.002 (7.87) -6.44 0.000 (3.64) -1.14 0.000
Mde -0.171 (373) -0.20 -0019 (062 -0.02 0.004
Maori -0.256 (3.03) -0.08 004 (111 0.01 0.001
Pecific Idands -0409 (244) -0.05 -0433 (522 -0.04 0.893
Other -0490 (351 -0.06 -0234 (318 -0.02 0.100
Y ears of Schooling 0.039 (557) 0.49 0.091 (17.89) 0.86 0.000
Married -0.103 (202 -0.17 0044 (1.26) 0.05 0.014
Wage Worker 0.333 (4.49) 0.46 0296 (6.96) 0.31 0.657
Employer 0201 (1.66) 0.02 0543 (8.09 0.05 0.011
Sdf Employed 0193 (1.83) 0.04 0377  (6.09) 0.06 0.120
Unpaid Worker -0.160 (056) -0.00 -0.060 (0.35) -0.00 0.765
Unemployed 0.443 (3.63) 0.06 0394 (561 0.04 0.725
Auckland 0289 (5.01) 0.15 0.053 (139 0.02 0.000
Waellington 0.240 (3.82) 0.08 0.002 (0.05) 0.00 0.001
Canterbury 0.162 (248) 0.05 0240 (3.3 0.03 0.776
Constant -4.809 (16.39) -2403 (15.03)
Rho 0.278 (8.785)
Wald tests for coefficient restrictions p-vaue
All dopes=0 2% =776.58 0.000
Pooling Computing & other subject matter ?2(16) = 150.93 0.000

Note: The estimates are weighted by the population sampling weights, t-statistics are cal culated from
heteroscedastically -robust standard errors. N = 20809

Ey/exare elasticities that give the percentage change in the probability of participating in external
training following a one-percent change in the explanatory variable.
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Table 7: Bivariate Probit Estimates of the Characteristics determining Participation in Computer
Related and Other Subject Matter Qualifications

Age

Age® (?100)
Mde

Maori

Pecific Idands
Other

Y ears of Schooling
Married

Wage Worker
Employer

Sdf Employed
Unemployed
Auckland
Waellington
Canterbury
Constant

Rho

Computer Related

Coeff
-0.020
0.000
0.112
0.067
0.118
0.136
0.062
-0.240
-0.215
-0.718
-0.025
-0.010
0.144
0.140
0.110
-2.040

t
(1.08)
(0.13)
(157)
(0.66)
(0.83)
(1.06)
(6.11)
(327)
(2.74)
(2.28)
(0.18)
(0.08)
(1.39)
(1.07)
(1.07)
(6.29)

Wald tests for coefficient restrictions

All dopes=0

Pooling Computing & other subject matter

Other Subjects
ey/ex Coeff t eylex
-2.27 -0.121 (15.64) -8.95
0.14 0.001 (10.75) 333
0.15 -0144 (462 -0.13
0.02 0044 (0.9 0.01
0.02 -0.058  (0.80) -0.01
0.02 0255 (3.89) 0.02
094 0.167 (28.35) 1.65
-047 -0.357 (10.75) -0.45
-0.36 -0.256  (6.93) -0.28
-0.10 -0505 (5.05) -0.05
-0.01 -0465  (5.77) -0.07
-0.01 -0.205 (315 -0.02
0.09 -0.024 (062 -0.01
0.06 -0.104 (2.39) -0.03
0.04 0187 (4.6)) 0.04
1113  (8.50)
-0.163 (2.21)
p-vaue
2730 =2130.33 0.000

?%u5 = 17410

0.000

Ceoff Diff
p-vaue
0.000
0.000
0.001
0.835
0.277
0.438
0.000
0.147
0.649
0.523
0.005
0.200
0.092
0.031
0.480

Note: The estimates are weighted by the population sampling weights, t-statistics are cal culated from
heteroscedastically-robust standard errors. N = 20809

ey/ex are elasticities that give the percentage change in the probability of participating in aqualification

following a one-percent change in the explanatory variable.
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