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Abstract: This paper develops a statistical profiling model of long-term
unemployment risk in Ireland using a combination of administrative data and
information gathered from a unique questionnaire that was issued to all
jobseekers making a social welfare claim between September and December
2006 who were then tracked for eighteen months. We find that factors such as
a recent history of long-term unemployment, advanced age, number of
children, relatively low levels of education, literacy/numeracy problems,
location in urban areas, lack of personal transport, low rates of recent labour
market engagement, spousal earnings and geographic location all
significantly impact the likelihood of remaining unemployed for 12 months or
more. While the predicted probability distribution for males was found to be
relatively normal, the female distribution was bimodal, indicating that larger
proportions of females were at risk of falling into long-term unemployment.
We find evidence that community based employment schemes for combating
long-term unemployment have little effect as participants re-entering the
register typically experience extended durations. Finally, we argue that the
adoption of an unemployment profiling system will result in both equity and
efficiency gains to Public Employment Services.
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A Statistical Profiling Model of Long-Term Unemployment
Risk in Ireland

| Introduction

In most industrialised economies, expenditure on Public Employment Services (PES)
to jobseekers to assist them to reintegrate into the labour market constitute a large
proportion of governments’ welfare budgets. In order to ensure that these scarce
resources are targeted towards individuals that are most in need of them, particularly
those in danger of falling into long-term unemployment, a number of countries have
developed and implemented statistical profiling". This is a tool whereby a numerical
score, calculated on the basis of multivariate regression, determines the referral of an
unemployed person to various interventions (e.g. active labour market programmes)
designed to enhance their chances of securing employment. The estimated score ranks
each jobseeker in terms of their risk of becoming long-term unemployed and PES
staff can then use this measure to identify those who are most in need of assistance.
Overall, the main objective in using statistical profiling is to deliver intensive services
early, to those most in need of them, rather than after long-term unemployment has

occurred.

This paper assesses the potential for the development of a profiling model in Ireland.
The study is based on a unique combination of administrative data from Ireland’s
Live Register database, along with survey data from a unique questionnaire that was
administered to all individuals who made a claim for unemployment benefit over a
thirteen week period between September and December 2006°. Those that made a
claim during this time period were subsequently tracked over the following 78 weeks
(i.e. eighteen months) by the Department of Social and Family Affairs (DSFA)?

administrative 1T system®. This tracking enabled us to develop six, twelve and fifteen-

! Examination of the use of statistical profiling began in the 1980s, when there was a significant growth
in long-term unemployment in many OECD countries. This issue led governments to realise that it
would be too costly to provide PES to all jobseekers and that they needed some type of mechanism to
identify and target their scare resources to those most at risk of long-term unemployment.

2 Republic of Ireland only.

® Government department that administers unemployment and other types of social welfare payments
in Ireland.

* The Integrated Short-Term Scheme (ISTS) i.e. the Live Register database.



month profiling models. In this paper, we primarily focus on the twelve-month
profiling model; however, a brief discussion of the results produced by the other two

models is presented in Section VI.

The central objective in developing a profiling model is that it allows us to assess the
factors influencing an individuals’ unemployment spell. Furthermore, the model
potentially provides policy-makers with a framework that will enable them to
estimate, at the time a claim is made, an individual’s likelihood of remaining on the
Live Register after six, twelve or fifteen months. Policy-makers can then use the
measure that is produced by the profiling model to identify jobseekers that require
immediate reemployment services. Thus, the study provides insights both from the
perspective of developing a profiling system and the wider mechanisms determining

LT unemployment.

The potential introduction of a profiling system in Ireland represents a stark contrast
to that currently operated under the National Employment Action Plan (NEAP)
whereby all individuals are referred for reemployment assistance to FAS, the national
employment and training agency, after a three-month unemployment spell has
elapsed. This existing blanket approach to assisting unemployed individuals is
potentially inefficient on a number of fronts. Firstly, under the current three-month
rule, many jobseekers who would have found employment on their own before, say, a
twelve-month point, will receive support after passing the three-month NEAP
threshold. Such interventions will ultimately prove unnecessary, thereby representing
a waste of government resources. Secondly, early interventions for the chronically
disadvantaged are preferable from the perspective of both cost and policy
effectiveness, which suggests that the current three-month delay associated with
policy activation is unlikely to be optimal for those most with a high risk of long term

unemployment.

The remainder of the paper is structured as follows. In Section Il we provide a more
detailed description of profiling as a policy instrument. This is followed in Section Il
with an overview of other countries experiences with profiling. Data and
methodological issues are outlined in Section IV. This is followed in Section V by a

descriptive examination of the data. The results from our statistical profiling model



are presented in Section VI. Finally, we conclude in Section VII with a summary of

our findings.

1 Profiling as an Intervention Mechanism

There are a number of alternative approaches to the largely indiscriminate
unemployment intervention mechanism that is currently adopted in Ireland. These
alternative approaches include “eligibility rules’, ‘caseworker discretion’, ‘screening’
and ‘profiling’ (Hasluck, 2008). The eligibility rule’ approach describes a process
whereby individuals are channelled towards various forms of reemployment support
on the basis of meeting certain criteria. Caseworker discretion is where PES staff use
their own judgement to direct the claimant towards the type of intervention that he/she
feels is most appropriate to meet the jobseeker’s needs, while screening describes the
process whereby the caseworker attempts to score the jobseeker’s employability,
typically using psychologically-based techniques. As indicated previously, statistical
profiling is a method of assessment where the claimant’s suitability for reemployment
support is based on a probability of becoming long-term unemployed, which is
generated by a formal statistical model that uses a range of characteristics of the

individuals concerned (e.g. age, education level, unemployment history, etc.)

In this study, we focus on statistical profiling as an intervention approach because of
its potential predictive accuracy. Furthermore, profiling’s fundamentally objective
nature makes it a potentially superior method of assessment compared to the other
largely subjective approaches mentioned. There are, however, some potential
drawbacks to the system. First, there is the possibility that poorly performing models
may incorrectly identify individuals for intervention i.e. deadweight®. Second, any
statistical model that is developed will relate to a particular point in a country’s
business cycle and, as such, the model will require some updating as economic
conditions change. Third, the initial set up costs may be quite substantial. Despite
these potential drawbacks, profiling offers a number of potential advantages and the
development of a successful statistical profiling should generate a more efficient and

effective intervention system in Ireland compared to the current blanket approach of

®> This describes the situation whereby an individual incorrectly identified, through any type of
intervention mechanism, is sent for reemployment assistance.



targeting all jobseekers after three months. This is because profiling can provide a
basis for targeting and therefore lead to a reduction in the aggregate number of
interventions. In addition, provided such interventions are successful, the incidence of
long-term unemployment should also be reduced. Furthermore, with a profiling
system the intensity of interventions can be varied according to the risk of long-term
unemployment. Also, a profiling score provides the caseworker with more detailed
information on the challenges facing each individual claimant, which allows for a
more tailored approach to support. Finally, given that profiling generates an implicit
ranking system, based on a jobseeker’s estimated probability of exiting
unemployment, the numbers receiving interventions can be adjusted in line with PES

resources and places can be allocated on the basis of objectively determined need.

The general concept of statistical profiling is illustrated by the Long-Term
Unemployment Risk Barometer depicted in Figure 1°. Depending on their particular
circumstances, each individual making a claim for unemployment benefit will have a
risk of becoming long-term unemployed ranging from 1 to 100 per cent. Having
estimated this, policy-makers can then choose a cut-off point, which will depend on
both departmental objectives and resources, above which all individuals will be

directed towards reemployment services.

< Insert Figure 1 Here >

i Other Countries’ Experiences of Statistical Profiling

During the 1990s, a number of countries experimented with statistical profiling
models and two of them - the United States (US) and Australia - introduced fully
operational systems. Denmark followed suit in 2004 and Germany in 2005. A number
of other countries have also experimented with some form of profiling as a means of
targeting their employment services, including, the Netherlands, New Zealand and
South Korea. However, none of these countries have implemented systems on the

same scale as the US, Australia, Denmark or Germany. In addition to Ireland,

® The graph is for illustrative purposes only and does not reflect a belief that the risk of becoming long-
term unemployed follows a normal distribution.



countries currently testing profiling models include Bulgaria, France, Hungary,
Mexico, Slovakia and Sweden, (Hasluck, 2008; Arnkil et al., 2006; De Koning and
Van Dijk, 2004). Finland has just finished piloting a profiling system and is about to
implement it (Behncke et al., 2007).

The United Kingdom experimented with a profiling model” but decided not to
implement it as a practical instrument following concerns about the model’s accuracy
(Gibbins, 1997; Wells, 1998)%. However, a study by Bryson and Kasparova in 2003
concluded that it would be beneficial to use profiling to predict the benefit spells of
Jobseeker’s Allowance (JSA) claimants, lone parent and disabled people on benefit®.
Following Bryson and Kasparova’s (2003) findings, the UK PES implemented a

profiling system for jobseekers on incapacity benefit (Behncke et al., 2007)*°.

A mandatory Worker Profiling and Re-employment Services (WPRS) system has
been in operation in each state in the US since 1993. In the WPRS system, data are
collected on all persons starting a new spell of unemployment and these data are then
used to predict each person’s probability of exhausting his/her unemployment
insurance benefits'*. The prediction, or score, comes from an econometric model. Due
to civil rights concerns, age, gender and race/ethnic group variables cannot be
included in the state model, which tends to compromise the predictive power of the
model. Consequently, the main covariates used tend to be restricted to educational
attainment, job tenure, previous occupation and previous industry. Some states,
however, include many additional variables™. In all states, profiled claimants are
allocated to mandatory reemployment services according to their computed risk score

and caseworker discretion is explicitly prohibited with these programmes (Frolich et

" The Department of Work and Pensions and JobCentre Plus, the UK PES.

& See also Hasluck (2008).

° Bryson and Kasparova (2003) argued that profiling represented a more accurate system of
identification compared to random allocation.

10 According to Bimrose et al. (2007), one of the reasons why statistical profiling is still
underdeveloped for other types of jobseekers in the UK is because of the limited administrative data;
such data restrictions diminish the accuracy of any statistical profiling model.

1 In order to keep deadweight to a minimum, a process is used to select Ul claimants to profile
(OECD, 1999).

12 See Black et al. (2003) for the various variables that different states include in their profiling models.



al., 2003; Bimrose et al., 2007). However, caseworkers can decide on the assignment
of other types of non-mandatory services (Lechner and Smith, 2007)*.

Australia’s experience with statistical profiling dates back to 1994. The current Job
Seeker Classification Instrument (JSCI) has been in use since 1998 and is used
primarily for the identification at registration of those with the greatest risk of long-
term unemployment. A logistic regression model estimates the relative weight or
‘points’ of 18 risk factors (i.e. variables) that have been identified by Australian
policy-makers as being associated with long-term unemployment™. Following the
profiling exercise, based on an individual score, caseworkers then decide on the most

appropriate form of reemployment support.

In 2004, a profiling system became an integrated part of the Danish national labour
market policy. A duration model is used to estimate the probability that an individual
will still be unemployed in six months time conditional on the elapsed duration of
unemployment. A wide range of explanatory variables are incorporated into the
model, including age, residence, marital status, health, immigrant status,
unemployment history, etc.'®. The statistical model is estimated using 120 subgroups,
stratified according to age, gender, benefit eligibility and region of residence. The
model outputs are used by caseworkers to allocate the claimant to a service that meets

his/her needs.

3 Referral to training is not based on the Ul claimant’s profiling score, only referral to counselling, job
search assistance and job placement is based on the computed risk score (Behncke et al., 2006).

Y The JSCI statistical model was reviewed and updated in 2003, 2006 and again in 2008. The
assessments that took place resulted in some new risk factors being included in the model and others
being removed. Access to transport, proximity to labour markets (non-survey factor), duration of
unemployment and small community dynamics were factors that were omitted after the 2003 review
but the first two of these were reintroduced after the 2008 review. A new risk factor - income support
history - was also included after the 2008 assessment. A factor to capture the additional disadvantage
for Indigenous jobseekers in rural and remote communities was also introduced after the 2006 review.
Re-weighting of the risk factors was undertaken on all occasions (see Lipp, 2005; and DEEWR, 2009).
5 Age, gender, educational attainment, language and literacy, recency of work experience, location,
disability/medical condition, family status and contactability, along with certain personal
characteristics (e.g. poor presentation) that require some judgement to be made by the caseworker are
examples of some of the rick factors used.

18 Educational attainment, previous wage and working experience are not in the dataset used. However,
the Danish labour market authority is planning to gather this type of information in the register so that
it can be used in their profiling model.



Statistical profiling was introduced in Germany in 2005. The system utilised a binary
probit model incorporating personal characteristics and labour market information.
Based on their probability score, claimants are then classified into one of four

categories and assigned to tailor-made action programmes (Bimrose et al., 2007).

In terms of the effectiveness of the profiling systems that have been implemented, the
evidence that is available demonstrates that it is possible to generate accurate models
from a statistical standpoint. (Wandner, 1998; Lipp, 2005; Fahr and Sunde, 2006;
Rosholm et al., 2006; Hasluck, 2008) Nevertheless, it is important to stress that the
primary role of profiling is to channel individuals towards the most appropriate form
of Active Labour Market Programme (ALMP); thus, profiling will have little impact

unless accompanied by an effective range of ALMPs.

v Data and Methodology

Data

The data collection process for this study was quite unique. In order to build on the
limited administrative information available from the Live Register'’, a specially
devised questionnaire was administered to all individuals registering an
unemployment claim in the Republic of Ireland during a 13 week period, running
from September to December 2006. The information collected included educational
attainment, literacy/numeracy  levels, health, access to  transport,
employment/unemployment/job history, and participation on public job schemes, such
as the Community Employment (CE) scheme.'® Those profiled were subsequently

tracked for a further 78 weeks*®.

The total number of records contained within the initial population database was
60,189 (Table 1). After the elimination of duplicate records and individuals who had

registered for benefits other than Jobseekers Allowance (JA) or Jobseekers Benefit

17 Only data on marital status, spousal earnings and location were obtained from the Live Register.

'8 The CE scheme is operated by FAS and it is designed to help people who are long-term unemployed,
and other disadvantaged individuals, to get back to work by offering part-time and temporary
placements in jobs based within local communities.

19 Given that the initial profiling took place over a 13 week period, the total follow up periods are 39
weeks (26+13) in respect of the six-month model, 65 weeks in respect of the twelve-month model, and
78 weeks in respect of the fifteen-month model.



(JB), the population fell to 57,492. Of these 44,732 individuals had their claims
awarded and, as such, these individuals represent our target population of unemployed
claimants. The survey questionnaire was successfully administered to 33,754

individuals giving us a response rate of just over 75 per cent.

< Insert Table 1 Here >

Our profiling models distinguish between ‘stayers’ on the Live Register and ‘leavers’
who achieved a sustained exit to employment. When constructing the twelve-month
profiling model, we consider the status of individuals at week 65 in the data®. We
initially define leavers as individuals who had their claim closed and, consequently,
had left the Live Register to employment at some point prior to 65 weeks and did not
have a subsequent JA or JB unemployment application activated. Given this initial
categorisation, almost 60 per cent of the sample was estimated to have exited the Live
Register at the end of the 65 week period. However, not all of this leaver sample, as it
is currently defined, would have exited to the labour market, nor would all of the
identified stayers (41 per cent) have remained consistently on the Live Register for a
period of 65 weeks. Given that the objective of profiling is to identify those at risk of
becoming long-term unemployed, we made appropriate adjustments to our originally
defined leaver and stayer samples before building our twelve-month profiling model.
In particular, we made three adjustments to the leavers’ sample. First, individuals
whose JA or JB claims were closed at the end of the 65 week period, but, who moved
across to alternative benefits, were redefined as stayers (2,377) on the grounds that
administrative differences between unemployment and other, non-unemployment,
welfare statuses are largely irrelevant, and impossible to predict, in an exercise such
as this. Second, individuals who had exited the register by week 65 who had
nevertheless accumulated 52 weeks or more of unemployment duration were
redefined as stayers having met the criteria for LT unemployment (390). Finally,
leavers whose reason for closure was unknown were eliminated from the sample
(2,361) as it was impossible to establish the extent to which such individuals were

genuine exits to employment as opposed to administrative closures. In relation to the

% Given that the population for the study was constructed over a 13 week period, the 65 week cut-off
point allows for the possibility that each individual could have remained on the Live Register for a
period of 52 weeks.



stayers’ sample, any claimant who had exited the Live Register for a substantial
period during the 65 week observation period® was redefined as a leaver. This
adjustment resulted in a total of 4,031 stayers being redefined as leavers. Individuals
exiting for a sustained period whose reason for closure was unknown were dropped
from the stayers’ sample (631). Consequently, the final sample used to construct our
twelve-month profiling model consisted of 30,762 individuals, of whom 18,756 (61

per cent) were leavers at 65 weeks and 12,006 (39 per cent) stayers (see Table 2)%.

< Insert Table 2 Here >

We noted that about 11,000 individuals, whose unemployment compensation claims
were approved, were not administered the profiling questionnaire. This group, 25 per
cent of the population of successful claimants during the initial data collection, is
analogous to non-respondents to a survey, and it is important to ensure that these
individuals do not differ significantly, in terms of their characteristics, from the
profiled population. Checks on the respondent and non-respondent samples, using
some broad characteristic information available in the Live Register database,
revealed that in terms of gender, age and marital status, both samples are virtually
identical (see Table 3). However, a slightly a higher proportion of non-respondents
were non-Irish: (87.7 per cent of those profiled were Irish nationals, compared to 85.6
per cent of non-respondents), suggesting that this sub-group contained a larger
number of individuals that are likely to have been returning non-lrish nationals.
Nevertheless, the differences are relatively minor and we are confident that any
results generated by our data, and therefore our profiling model, are fully

representative of the total unemployment benefit claimant population.

< Insert Table 3 Here >

Having applied our various restrictions and exclusions, Figure 2 plots the Kaplan-

Meier (KM) survivor function, which calculates the fraction of individuals leaving the

%! Here we define a substantial period as greater than six weeks (before re-entering the Live Register at
a later period).

22 Additional information on the leaver and stayer sample adjustments is available from the authors on
request.



Live Register to enter the labour market during successive weeks. The chart suggests
that our data management strategies generate sensible results, given that the rate of
exit from unemployment appears relatively constant up until around week 40 at which
point the curve begins to flatten somewhat. After week 55 the exit rate becomes lower
again, which indicates that the likelihood of a successful labour market exit from

week 55 onwards declines substantially.

< Insert Figure 2 Here >

Methodology

In developing a profiling model the dependant variable used will be determined by the
objectives of the profiling project, a decision that is driven by policy objectives of
PES (Hasluck, 2008). For instance, in the United States, where the principal concern
relates to exhaustion of unemployment insurance (Ul), the dependent variable is
generally the period remaining to exhaustion. In the case of Ireland, where the policy
focus is on the risk of falling into long-term unemployment, the dependant variable
will reflect the risk of remaining unemployed for more than 52 weeks (i.e. twelve

months).

Two estimation strategies dominate the profiling literature. The first involves logit or
probit models while the second relates to duration. While most countries tend not to
disclose information on their modelling approach, the majority of those that have
appear to favour the use of a binary variable, including the two countries with the
longest experiences of profiling — the United States and Australia®®. As there is no
convincing evidence for the use of one methodological approach over the other, on
the basis of common international practise and the difficulty of measuring duration
spells from the Live Register, we focus on the binary outcome variable in this study
and, therefore, implement a probit model. Furthermore, the probit approach has the
added advantage of providing us with a readily available probability score that will be

easily interpreted by PES administrators.

2 The research seems to indicate that the modelling approach adopted in profiling is not as important
as the variables that are included in the model itself (Black et al., 2001).
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The following controls are included in our profiling model to predict those at risk of
staying on the Live Register for 12 months or more: age; marital status; education;
prior apprenticeship training; literacy/numeracy problems; English proficiency,
health; size of local labour market; geographic location; own transport; access to
public transport; employment history; casual employment status; previous job
duration; willingness to move for a job; previous unemployment claim history;
participation in the CE scheme; benefit type; number of claims and spousal earnings.
As indicated earlier, information on these covariates came from the questionnaire that

was administered to all claimants as well as from the Live Register database.

On the grounds that the impact of different covariates will vary according to gender,
for example, family background or the presence of children, we estimate separate

models for both males and females.

Section V:  Bivariate Analysis

Table 4 reports the average values for stayers and leavers across some key
characteristic areas, such as age, gender, marital status, number of children, perceived
health, apprenticeship training and basic skills. With respect to age and gender, any
differences between the two groups appear to be marginal, however, leavers are
slightly more likely to be younger and/or male. In relation to marital status,
individuals who are single appear more likely than their married counterparts to exit
the Live Register to employment. It is likely that the marital status variable is
proxying for the influence of factors related to higher levels of labour market mobility
among single individuals and a lower reservation wage®* due to the absence of
dependant children. Regarding health, respondents were asked to subjectively rate
their current health status and, as might be expected, leavers were found to be in
somewhat better health: 95.4 per cent reported a health status of very good/good

compared to 88.8 per cent of stayers.

The profiling questionnaire also collected information on the incidence of

apprenticeship training and perceived levels of basic numeracy/literacy. While leavers

 This is the lowest wage rate a person will be willing to accept to enter the labour market. The
reservation wage will be related to the level of state benefits forgone on entering employment.

11



were slightly more likely to have served an apprenticeship, 15 per cent compared to
13 per cent, much starker differences were apparent with respect to basic skills.
Specifically, the incidence of literacy/numeracy problems among stayers was twice
that of leavers, suggesting that a lack of such basic skills could represent a substantial
barrier to full labour market participation. Similarly, claimants who were assessed by
interviewers (i.e. PES staff) to exhibit problems with basic English proficiency were
also less likely to exit to employment; however, the gap between the two groups was

less pronounced than for literacy/numeracy.

Finally, claimants who had access to their own transport were substantially more
likely to leave the Live Register, which is likely to reflect the ability to search for
employment over a greater geographical distance. However, access to public transport
does not appear to represent a significant factor in determining the rate of exit from

unemployment.

A clear expectation is that individuals with higher levels of educational attainment are
more likely to be successful in obtaining employment and, indeed, this does appear to
be borne out by the data. Leavers are much more likely to hold Third-level
qualifications and are less likely to be educated to Primary or Junior Certificate level.
The distinction is particularly marked at both extremes of the distribution: over 15 per
cent of stayers had no formal qualifications compared to less than 10 per cent of
leavers, while 32 per cent of leavers held Third-level qualifications compared to just
20 per cent of stayers. Given the well documented importance of human capital
accumulation to labour market success, it is likely that these differences will prove

significant when we come to formally estimate the profiling model.

< Insert Table 4 Here >

Section VI:  Model Results

Twelve-Month Model
Both the male and female twelve-month profiling models are well specified, with the
vast majority of the variables behaving as expected. The marginal effects presented

for each model in Table 5 describe the impact of each of the covariates on the

12



probability of a claimant leaving the Live Register for employment after 12 months,

holding the other factors that are included in the model constant?.

Turning firstly to the results of the Male model, perhaps not surprisingly, the most
important predictors of their future long-term unemployment relate to the individual’s
unemployment history. In particular, those males who had signed on for more than 12
months in the last 5 years were 17 per cent less likely to exit before 52 weeks. In
addition, males with previous exposure to the CE scheme had a reduced likelihood of
avoiding long-term unemployment. Relative to the omitted category of males who had
not made an unemployment claim in the previous 5 years, those that had were
somewhat more likely to exit the Live Register. This result seems to be
counterintuitive but it seems most likely that the unemployment spells of this group
were of a relatively short duration, which suggests that a history of short-term
unemployment leads to a higher propensity for labour market entry. However, some
finer detail on the question relating to the duration of previous unemployment spells
would be necessary to confirm this. The finding that the individuals who participated
in the CE scheme tended to have extended unemployment durations suggest that the
programme is relatively unsuccessful in terms of breaking the pattern of LT
unemployment for individuals re-entering the live register. Of course, it could be the
case that the primary impact of the CE programme is felt through higher exit rates
from the register. However, previous research suggests that this is, in fact, not the case
as O’Connell (2002) reports that CE participants were less likely, relative to a control
group, to find subsequent employment. Thus, our current finding, when considered in
conjunction with previous research, raises further serious questions regarding the

effectiveness of the Community Employment Scheme as an active labour market

policy.

Age was another factor that was found to be an important predictor of long-term
unemployment for males. Specifically, relative to those aged under-25, the decline in
the probability of exiting the Live Register before week 52 ranged from 3 per cent for
those aged 25-34 to 22 per cent for persons aged 55 or over.

% In the modelling, we do not use interactions terms on the basis that these will affect the individual
level terms, which will in turn have an impact on the predicted probability of an individual who is not
affected by both attributes.

13



Some family background characteristics were found to be important predictors of
welfare dependency for males as well. For example, while married males were more
likely than single males to find employment, those with children tended to have lower
exit probabilities, which again may reflect a higher reservation wage. In addition,
males whose partners earned less than €250 per week were more likely to exit to the
labour market prior to the twelve month point.

Education emerged as another significant predictor of long-term unemployment for
males. Compared to individuals with primary-level schooling only, holders of third-
level and upper second-level qualifications were less likely to be unemployed for
more than 12 months, by 11 and 6 per cent respectively. The margin of advantage fell
to zero for those educated to Junior Certificate level. With respect to the more basic
competencies, males reporting literacy or numeracy problems were 7 per cent less
likely to leave the Live Register before 52 weeks. This latter result confirms the view
that a lack of basic skills remains a substantial barrier to successful labour market

participation.

Having access to ones own transport increased the probability of a successful labour
market exit by 6 per cent, while males that expressed a willingness to relocate for

employment purposes were 4 per cent more likely to find a job.

Males with more recent labour market attachments, that is those on JB or
recently\currently employed, had a higher probability of exiting to employment.
Those casually employed, however, were some 9 per cent more likely to remain on
the Live Register for twelve months or more, which suggests that employment of this
nature may not, in fact, facilitate a successful transition off the Live Register to more
stable employment.

Finally, with respect to location, relative to those living in smaller rural areas, males
located in cities were 6 per cent more likely to remain on the Lie Register. This result
suggests that ready access to large local labour markets is of little advantage in the
Irish case. With respect to specific county effects, relative to Dublin exist rates were

lower among males located in some more rural counties in Ireland.
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The results from the Female profiling model are reported in the second column of
Table 5. While the predictors of long-term unemployment are similar to those
reported for males, the model differs in a number of important respects. For example,
compared to males, the marginal impact of age is much lower for females. In addition,
relative to single persons, females who are married or separated/divorced are less
likely to enter the labour market before 52 weeks, as were those whose spouse was a
high earner. The magnitude of the impact of children on labour market entry was also
higher for females. The latter two results largely reflect the greater tendency of
females to undertake family responsibilities which, in turn, may reduce their ability or

willingness to find employment.

Finally, with respect to county effects, relative to Dublin, exit rates were lower for
females living in some of the more rural Irish counties. Moreover, where the marginal
effects of counties achieve statistical significance in both male and female models,

they are similar in sign and broad order of magnitude?®.

< Insert Table 5 Here >

Twelve-Month Models’ Predictive Power

The next important step in developing a profiling model is to see how effective it is at
accurately predicting those at risk of becoming long-term unemployed. Tables 6 and 7
describe the extent to which our twelve-month models successfully predicted male

and female leavers and stayers at various probability cut-off points.

If we take males (Table 6) with a predicted probability above 0.5%" as likely to exit to
the labour market before 52 weeks (i.e. a leaver) and those with a predicted
probability below or equal to 0.5 as likely to remain on the Live Register (i.e. a
stayer), overall the model will correctly identify 69 per cent of cases. Breaking this
down into stayers and leavers, 65 per cent of male stayers were correctly predicted,

with the corresponding figure for leavers standing at 71 per cent. The results from the

%6 The county results for both the male and female models are available from the authors on request.
%" The cut-off point used for identifying those at risk of falling into long-term unemployment is 0.5, i.e.
individuals have a 50:50 chance of staying on the Live Register or leaving it.
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female model (Table 7) are very similar, with little difference discernable between the

two models in terms of their predictive power.

As the cut-off point for identifying those at risk of falling into long-term
unemployment is increased from 0.5 to 0.6 to 0.7 to 0.8, the accuracy of our models
improve further. At the 0.8 cut-off point, the overall accuracy of the male and female
models are 83 and 85 per cent respectively (Tables 6 and 7). At this cut-off point, 81
per cent of males and 87 per cent of females that were classified as stayers on the Live
Register were correctly identified. It is important to note that as the cut-off point is
raised not only is there an efficiency gain, whereby the model identifies an increasing
proportion of stayers relative to what would be achieved through a random draw,
there also exists an equity gain. The equity gain relates to the fact that at higher cut-
off points those individuals identified will be increasingly high risk, in terms of their
likelihood of becoming long-term unemployed, and, as a consequence, the likelihood
that public resources will be expended on those individuals most in need of assistance

increases strongly.

< Insert Table 6 Here >

< Insert Table 7 Here >

Most countries do not release specific details on their profiling model’s predictive
power, or on the exact specification that lies behind it, so it is difficult to compare our
model with those of other countries. However, some information on the predictive
performance of Denmark’s model is available in Rosholm et al. (2006), which
provides some benchmark against which to compare the profiling models generated
here for Ireland. The Danish model is estimated at six months unemployment
duration. and, at the 0.5 per cent cut-off point, the Danish model reports a percentage
correctly predicted figure of 66 per cent. Our six month models achieve 68 and 69 per
cent correct predictions for males and females respectively?®, which is marginally
better than its Danish counterpart. Rosholm et al. (2006) also found that the Danish

%8 The results for the male six-month profiling model are presented in Table A1 in the appendix, while
the results for the female model are available from the authors on request.
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male model had a higher predictive power than the female model. We find that our
female model performs slightly better than the male model; however, the difference is

marginal and not likely to be statistically significant.

Where Should the Cut-Off Point Be?

Figures 3 and 4 illustrate the distribution of predicted long-term unemployment
probabilities among both males and females respectively. The male distribution
(Figure 3) appears quite normal, with relatively few cases associated with a predicted
probability in excess of 80 per cent. This suggests that the cut-off point for identifying
those at risk of falling into long-term unemployment could be set below this without
incurring a substantial increase in the number of individuals targeted for immediate
intervention. However, the female distribution (Figure 4) is much more bimodal in
nature, with a much larger proportion of females’ assigned probabilities in excess of
80 per cent. This result implies that the cut-off point for female intervention should be
set somewhat above that of males. However, the final decision on the most
appropriate cut-off point for intermediate intervention will ultimately be a matter for
policy-makers, which will depend crucially on their objectives and resources. From a
policy perspective, the unusual shape of the female distribution is a concern,
particularly given the uncertainty surrounding the factors driving the effect. One
would suspect that the larger relative impact of dependant children and marital
breakup may be moving higher proportions of females towards the upper end of the
probability distribution, however, addressing this question falls somewhat outside the

scope of the current study.

< Insert Figure 3 Here >

< Insert Figure 4 Here >

Comparison of the Six, Twelve and Fifteen-Month Profiling Models

Tables Al in the Appendix present the results from our three profiling models — six,
twelve and fifteen-month models for males. The first point to note is that the three
models are well specified. Second, the marginal effects are relatively stable over time.

In particular, the key characteristics that emerged in the twelve-month model as being
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significant predictors of a claimant’s probability of falling into long-term
unemployment also arise in the six and fifteen month models. Similar results were

also found in the female models®.

Table 8 shows the correlations between our six, twelve and fifteen-month profiling
models. Both the male and female models are each highly correlated. In relation to the
male models, the correlations range from .71 for the six and fifteen-month models to
.94 for the twelve and fifteen-month models. Similar correlations emerge between the
female profiling models (.73 and .94 respectively). The lower correlations between
the six and twelve (fifteen) month models suggest that there is some movement off of
the Live Register during these time points. However, the higher correlations that
emerge between the twelve and fifteen month models indicate that there are
considerably less exits to employment between twelve and fifteen months; thus, those
individuals that are on the Live Register after twelve months are still likely to be

unemployed after fifteen months.

Section VII: Summary and Conclusions

This paper outlines the results of an Irish profiling model using data that tracks the
progress of unemployment benefit claimants over an eighteen month period following
their initial claim. The data used for the modelling came from both the Live Register
administrative database and a specially designed questionnaire issued to all
individuals making a claim for unemployment benefit over a 13 week period from

September to December 2006.

The statistical profiling models, for both males and females, which were estimated
from this data, are well specified. The results from the male model indicate that the
probability of remaining on the Live Register for 52 weeks or more is associated with
increasing age, number of children, relatively low education, literacy/numeracy
problems, location in urban areas, lack of personal transport, recent unemployment
and geographic location. We find that individuals who previously participated in

community employment schemes aimed at getting long-term claimants back to work

% Results available from the authors on request.
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have a higher likelihood of returning to long-term unemployment. This finding, when
considered in conjunction with the findings of previous research (O’Connell (2002),
Denny et al (2000)) raises serious questions with respect to the effectiveness of this
particular form of labour market activation. The results from the female model are
broadly similar to those of males. However, some differences were apparent in the
areas of spousal income, the impact of children, education and location. We find that
the female predicted probability distribution is distinctly bimodal in nature,
suggesting that these differential impacts may be significant in propelling larger
proportions of females towards a much higher probability of long-term

unemployment.

In terms of predictive power, the Irish profiling model was found to outperform the
profiling model that has been implemented in Denmark. Unfortunately, none of the
other countries whose profiling models were examined release specific details on their

model’s predictive power.

In conclusion, it is our view that there is much to be gained from statistical profiling,
both in terms of efficiency and equity, relative to the generally non-discriminatory
intervention approach that currently operates in Ireland. Furthermore, the empirical
evidence suggests that the data will support the development of a profiling system that

compares well with those currently implemented in other countries.

It should, however, be acknowledged that even the most accurate profiling model is
only as good as the labour market interventions with which it is associated. Fully
exploiting the potential of profiling also requires the development and delivery of
effective active labour market programmes, and further research is necessary to
establish the effectiveness of programmes currently implemented in Ireland.
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Tables

Table 1: Sample Information

Profiling Data Numbers
Original Population 60,189
Exclusions:
- Duplicates 1,164
- Non JA and JB Claims 1,533
57,492
Awarded JA and JB Claims 44,732
Questionnaire Information 33,754
- Leavers at 12 Months 19,853(59%)
- Stayers at 12 Months 13,901 (41%)

Source: DSFA Integrated Short-Term Scheme (ISTS) and Profiling Questionnaire.

Table 2: Twelve-Month Model Leavers’ and Stayers’ Sample Adjustments

Profiling Data Numbers
Original JA and JB Claims Sample: 33,754
— Leavers at 12 Months 19,853 (59%)
— Stayers at 12 Months 13,901 (41%)

Leavers’ Sample Adjustments:

1. Welfare Dependent Leavers Redefined as Stayers 2,377
2. Unknown Reason for Closure Cases Eliminated from Sample 2,361
3. Leavers with 52-Plus Weeks of UE Duration Redefined as Stayers 390

Stayers’ Sample Adjustments:

1. Apparent Stayers Redefined as Leavers 4,031

2. Unknown Reason for Closure Cases Eliminated from Sample 631

Final JA and JB Claims Sample: 30,762
— Final Leavers Sample at 12 Months 18,756 (61%)
— Final Stayers Sample at 12 Months 12,006 (39%)

Source: DSFA Integrated Short-Term Scheme (ISTS) and Profiling Questionnaire
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Table 3: Comparison of Questionnaire Respondents and Non-Respondents

Respondents (%) Non-Respondents (%)
Characteristics:
Male 57.3 575
Married 35.0 35.7
Age 36.5 37.2
Irish National 87.7 85.6

Source: DSFA Integrated Short-Term Scheme (ISTS)

Table 4: Key Characteristic Information on the Stayers and Leavers

Stayers (%) Leavers (%0)
Age 37.7 35.7
Gender:
Male 57.2 57.9
Female 42.8 42.1
Marital Status:
Single 49.1 57.3
Cohabits 4.8 4.1
Married 37.9 33.1
Separated/Divorced 7.3 4.7
Widowed 0.9 0.8
Children 2.8 1.8
Perceived Health Status:
Very Good Health 48.6 60.8
Good Health 40.2 34.6
Fair Health 9.6 4.3
Bad Health 14 0.2
Very Bad Health 0.2 0.1
Apprenticeship 12.6 14.9
Literacy/Numeric Problems 9.7 4.6
English Proficiency 3.3 25
Own Transport 55.6 63.2
Public Transport 73.2 72.3
Educational Attainment:
Primary or Less 17.1 9.4
Junior Certificate 30.7 24.5
Leaving Certificate 31.8 33.8
Third-level 19.6 31.7

Source: DSFA Integrated Short-Term Scheme (ISTS) and Profiling Questionnaire.

21



Table 5: Marginal Effects for Binary Probit Models of Male and Female

Claimants Leaving the Live Register to Employment

Variable Males Females
Age Reference Category: Aged 18-24
Aged 25-34 Years -0.031*** -0.034**
(0.012) (0.016)
Aged 35-44 Years -0.091*** -0.049***
(0.014) (0.018)
Aged 45-54 Years -0.110*** 0.013
(0.016) (0.019)
Aged 55+ Years -0.216*** -0.069***
(0.019) (0.022)
Marital Status Reference Category: Single
Married 0.026** -0.072%**
(0.013) (0.017)
Cohabits -0.020 -0.000
(0.032) (0.037)
Separated/Divorced -0.018 -0.083***
(0.026) (0.032)
Widowed 0.043 -0.057
(0.053) (0.041)
Children -0.030*** -0.060***
(0.006) (0.010)
Education Reference Category: Primary or Less
Junior Certificate 0.002 0.004
(0.012) (0.018)
Leaving Certificate 0.063*** 0.034*
(0.012) (0.018)
Third-level 0.114*** 0.125***
(0.013) (0.018)
Apprenticeship 0.037*** -0.015
(0.010) (0.018)
Literacy/Numeracy Problems -0.066*** -0.061**
(0.015) (0.025)
English Language Proficiency -0.034 0.001
(0.023) (0.032)
Health Reference Category: Bad/Very Bad Health
Very Good Health 0.128*** 0.332***
(0.039) (0.047)
Good Health 0.098** 0.253***
(0.038) (0.042)
Fair Health 0.019 0.153***
(0.040) (0.047)
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Table 5: continued

Variable Males Females
Location Reference Category: Rural
Village -0.035** -0.024**
(0.015) (0.016)
Town -0.040*** 0.006
(0.014) (0.015)
City -0.055%** 0.003
(0.014) (0.015)
Own Transport 0.058*** 0.015
(0.009) (0.011)
Near Public Transport 0.019* -0.030**
(0.012) (0.012)
Employment History Reference Category: Never Employed
Still In Employment 0.180*** 0.244%**
(0.024) (0.027)
Employed in Last Month 0.149*** 0.161***
(0.027) (0.033)
Employed in Last Year 0.063** 0.062*
(0.026) (0.033)
Employed in Last 5 Years 0.029 -0.029
(0.028) (0.037)
Employed over 6 Years Ago -0.014 -0.136***
(0.037) (0.051)
Casually Employed -0.094*** -0.160***
(0.018) (0.015)
Job Duration Reference Category: Never Employed
Job Duration Less than Month -0.013 0.021
(0.027) (0.034)
Job Duration 1-6 Months 0.011 0.069**
(0.024) (0.030)
Job Duration 6-12 Months 0.015 0.040
(0.024) (0.031)
Job Duration 1-2 Years -0.037 0.041
(0.026) (0.031)
Job Duration 2+ Years -0.065*** 0.020
(0.024) (0.031)
Would Move for a Job 0.038*** 0.082***
(0.008) (0.011)
UE Claim Previous 5yrs 0.044*** 0.126***
(0.009) (0.010)
Signing for 12mths+ -0.166*** -0.188***
(0.012) (0.016)
CES Previous 5yrs -0.070*** -0.074**
(0.027) (0.037)
On CES for 12mths+ -0.071** -0.145%**
(0.035) (0.044)
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Table 5: continued

Variable Males Females

Social Welfare Payment Type Reference Category:
Unemployment Credits

Jobseeker’s Assistance 0.014 -0.115***
(0.028) (0.026)
Jobseeker’s Benefit 0.194*** 0.093***
(0.027) (0.024)
Number of Claims -0.085 -0.332***
(0.053) (0.037)
Spousal Earnings Reference Category: None
Spouse Earnings €250 0.057** 0.014
(0.023) (0.025)
Spouse Earnings €251-€350 0.009 -0.032
(0.044) (0.084)
Spouse Earnings €351+ 0.029* -0.101***
(0.017) (0.017)
Observations 17,738 13,024
Pseudo R? 0.1150 0.1394

Note: Standard errors in parentheses.
* significant at 10%; ** significant at 5%; *** significant at 1%.

Table 6: Reliability Tests: Male Twelve-Month Model

50% 60% 70% 80%
Cut-off Cut-off Cut-off Cut-off
Correctly Predicted:
12,282 9,739 6,488 2,780
17,738 13,121 8,191 3,355
0 .
Percentage (%6): 0.692 0.742 0.792 0.828
Percentage of Stayers
Correctly Predicted: 0654 0.722 0.787 0.810
Percentage of Leavers
Correctly Predicted: 0.706 0.747 0.793 0.832
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Table 7: Reliability Tests: Female Twelve-Month Model

50% 60% 70% 80%
Cut-off Cut-off Cut-off Cut-off
Correctly Predicted:
9,088 7,299 5,062 2,516
13,024 9,668 6,239 2,949
Percentage (%): 0.698 0.755 0.811 0.853
Percentage of Stayers
Correctly Predicted: 0.664 0.743 0.818 0.874
Percentage of Leavers
Correctly Predicted: 0.711 0.759 0.810 0.850

Table 8: Six, Twelve and Fifteen-Month Profiling Model Correlations

Six-Month Twelve-Month Fifteen-Month
Male Profiling Models:
Six-Month 1
Twelve-Month 0.7593 1
Fifteen-Month 0.7144 0.9409 1
Female Profiling Models:
Six-Month 1
Twelve-Month 0.7762 1
Fifteen-Month 0.7314 0.9423 1
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Figures

Figure 1: Profiling “Long-Term Unemployment Risk Barometer”
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Figure 2: Kaplan-Meier Survival Function: Exits to the Labour Market
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Figure 3: Distribution of Male Welfare Dependence Probabilities
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Figure 4: Distribution of Female Welfare Dependence Probabilities
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Appendix

Table Al: Marginal Effects for Binary Probit Models of Male Claimants Leaving

the Live Register to Employment

Variables Six-Month Twelve-Month  Fifteen-Month
Age Reference Category: Aged 18-24
Aged 25-34 Years -0.001 -0.031*** -0.035***
(0.013) (0.012) (0.011)
Aged 35-44 Years -0.062*** -0.091*** -0.096***
(0.015) (0.014) (0.014)
Aged 45-54 Years -0.087*** -0.110%*** -0.127***
(0.017) (0.016) (0.016)
Aged 55+ Years -0.185*** -0.216*** -0.222%**
(0.018) (0.019) (0.019)
Health Reference Category: Bad/Very Bad Health
Very Good Health 0.094** 0.128*** 0.126***
(0.047) (0.039) (0.037)
Good Health 0.062 0.098** 0.094***
(0.047) (0.038) (0.036)
Fair Health -0.017 0.019 0.012
(0.049) (0.040) (0.038)
Marital Status Reference Category: Single
Married 0.035** 0.026** 0.023**
(0.015) (0.013) (0.013)
Cohabits -0.013 -0.020 -0.027
(0.036) (0.032) (0.031)
Separated/Divorced -0.038 -0.018 -0.013
(0.030) (0.026) (0.025)
Widowed 0.006 0.043 0.048
(0.062) (0.053) (0.051)
Children -0.027*** -0.030*** -0.027***
(0.007) (0.006) (0.006)
Spousal Earnings Reference Category: None
Spouse Earnings €250 0.055** 0.057** 0.060***
(0.027) (0.023) (0.022)
Spouse Earnings €251-€350 0.037 0.009 0.089
(0.048) (0.044) (0.043)
Spouse Earnings €351+ 0.049** 0.029* 0.032*
(0.019) (0.017) (0.017)
Education Reference Category: Primary or Less
Junior Cert 0.022 0.002 0.002
(0.015) (0.012) (0.012)
Leaving Cert 0.091*** 0.063*** 0.059***
(0.015) (0.012) (0.012)
Third-level 0.165*** 0.114*>** 0.114***
(0.017) (0.013) (0.013)
Apprenticeship 0.028** 0.037*** 0.041***
(0.011) (0.010) (0.010)
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Table Al continued:

Variables Six-Month Twelve-Month Fifteen-Month

Literacy/Numeric Problems -0.068*** -0.066*** -0.060***
(0.017) (0.015) (0.015)

English Proficiency -0.098*** -0.034 -0.045
(0.025) (0.023) (0.023)

Employment History Reference Category:
Never Employed

Still In Employment 0.157*** 0.180***  0.173***
(0.038) (0.024) (0.022)
Employed in Last Month 0.143*** 0.149***  (.149***
(0.032) (0.027) (0.027)
Employed in Last Year 0.062* 0.063** 0.065**
(0.034) (0.026) (0.025)
Employed in Last 5 Years 0.009 0.029 0.036
(0.036) (0.028) (0.027)
Employed over 6 Years Ago 0.002 -0.014 -0.007
(0.047) (0.037) (0.035)
Casually Employed -0.145*** -0.094***  -0.083***
(0.017) (0.018) (0.018)
Would Move for a Job 0.033*** 0.038*** 0.035***
(0.009) (0.008) (0.008)
Job Duration Reference Category: Never Employed
Job Duration Less than Month -0.001 -0.013 0.002
(0.033) (0.027) (0.026)
Job Duration 1-6 Months 0.020 0.011 0.017
(0.029) (0.024) (0.023)
Job Duration 6-12 Months 0.052* 0.015 0.017
(0.030) (0.024) (0.024)
Job Duration 1-2 Years 0.003 -0.037 -0.035
(0.030) (0.026) (0.025)
Job Duration 2+ Years -0.020 -0.065*** -0.053***
(0.029) (0.024) (0.024)
UE Claim Previous 5yrs 0.057*** 0.044*** 0.045***
(0.010) (0.009) (0.009)
Signing for 12mths+ -0.179*** -0.166*** -0.159%**
(0.012) (0.012) (0.012)
CES Previous 5yrs -0.070** -0.070*** -0.090***
(0.031) (0.027) (0.027)
On CES for 12mths+ -0.108*** -0.071** -0.053**
(0.038) (0.035) (0.035)

Social Welfare Payment Type Reference Category:
Unemployment Credits

Jobseekers Allowance -0.048 0.014 0.022
(0.031) (0.028) (0.027)

Jobseekers Benefit 0.142*** 0.194*** 0.200***
(0.030) (0.027) (0.027)
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Table Al continued:

Variables Six-Month Twelve-Month Fifteen-Month
Number of Claims -0.271*** -0.085 -0.092*
(0.090) (0.053) (0.051)
Location Reference Category:
Village -0.024 -0.035** -0.033**
(0.016) (0.015) (0.014)
Town -0.042*** -0.040*** -0.035***
(0.015) (0.014) (0.013)
City -0.042*** -0.055*** -0.054***
(0.015) (0.014) (0.013)
Own Transport 0.085%** 0.058*** 0.058***
(0.010) (0.009) (0.009)
Near Public Transport 0.018 0.019* 0.022**
(0.013) (0.011) (0.011)
Observations 14,737 17,738 17,552
Pseudo R? 0.1274 0.1150 0.1209

Note: Standard errors in parentheses.
* significant at 10%; ** significant at 5%; *** significant at 1%.
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Year

Number

Title/Author(s)
ESRI Authors/Co-authors ltalicised

2010

2009

344

343

342

341

340

339

338

337

336

335

334

The Economic Crisis, Public Sector Pay, and the
Income Distribution
Tim Callan, Brian Nolan (UCD) and John Walsh

Estimating the Impact of Access Conditions on
Service Quality in Post
Gregory Swinand, Conor O’Toole and Sean Lyons

The Impact of Climate Policy on Private Car
Ownership in Ireland
Hugh Hennessy and Richard S.J. Tol

National Determinants of Vegetarianism
Eimear Leahy, Sean Lyons and Richard S.J. Tol

An Estimate of the Number of Vegetarians in the
World
Eimear Leahy, Sean Lyons and Richard S.J. Tol

International Migration in Ireland, 2009
Philjp J O’Connell and Corona Joyce

The Euro Through the Looking-Glass:

Perceived Inflation Following the 2002 Currency
Changeover

Pete Lunn and David Duffy

Returning to the Question of a Wage Premium for
Returning Migrants
Alan Barrett and Jean Goggin

What Determines the Location Choice of
Multinational Firms in the ICT Sector?
lulia Siedschlag, Xiaoheng Zhang, Donal Smith

Cost-benefit analysis of the introduction of weight-
based charges for domestic waste — West Cork’s
experience

Sue Scott and Dorothy Watson

The Likely Economic Impact of Increasing
Investment in Wind on the Island of Ireland
Conor Devitt, Sean Diffney, John Fitz Gerald, Sean
Lyons and Laura Malaguzzi Valeri

33



333

332

331

330

329

328

327

326

325

324

323

Estimating Historical Landfill Quantities to Predict
Methane Emissions
Sean Lyons, Liam Murphy and Richard S.J. Tol

International Climate Policy and Regional Welfare
Weights
Daiju Narita, Richard S. J. Tol, and David Anthoff

A Hedonic Analysis of the Value of Parks and

Green Spaces in the Dublin Area

Karen Mayor, Sean Lyons, David Duffy and Richard
S.J. Tol

Measuring International Technology Spillovers and
Progress Towards the European Research Area
lulia Siedschlag

Climate Policy and Corporate Behaviour
Nicola Commins, Sean Lyons, Marc Schiffbauer, and
Richard S.J. Tol

The Association Between Income Inequality and
Mental Health: Social Cohesion or Social
Infrastructure

Richard Layte and Bertrand Maitre

A Computational Theory of Exchange:
Willingness to pay, willingness to accept and the
endowment effect

Pete Lunn and Mary Lunn

Fiscal Policy for Recovery
John Fitz Gerald

The EU 20/20/2020 Targets: An Overview of the
EMF22 Assessment

Christoph Bohringer, Thomas F. Rutherford, and
Richard S.J. Tol

Counting Only the Hits? The Risk of
Underestimating the Costs of Stringent Climate
Policy

Massimo Tavoni, Richard S.J. Tol

International Cooperation on Climate Change
Adaptation from an Economic Perspective

Kelly C. de Bruin, Rob B. Dellink and Richard S.J.
Tol
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321

320

319

318

317

316

315

314

313

312

What Role for Property Taxes in Ireland?
T. Callan, C. Keane and J.R. Walsh

The Public-Private Sector Pay Gap in Ireland: What
Lies Beneath?
Elish Kelly, Seamus McGuinness, Philip O'Connell

A Code of Practice for Grocery Goods Undertakings
and An Ombudsman: How to Do a Lot of Harm by
Trying to Do a Little Good

Paul K Gorecki

Negative Equity in the Irish Housing Market
David Duffy

Estimating the Impact of Immigration on Wages in
Ireland
Alan Barrett, Adele Bergin and Elish Kelly

Assessing the Impact of Wage Bargaining and
Worker Preferences on the Gender Pay Gap in
Ireland Using the National Employment Survey 2003
Seamus McGuinness, Elish Kelly, Philip O'Connell,
Tim Callan

Mismatch in the Graduate Labour Market Among
Immigrants and Second-Generation Ethnic Minority
Groups

Delma Byrne and Seamus McGuinness

Managing Housing Bubbles in Regional Economies
under

EMU: Ireland and Spain

Thomas Conefrey and John Fitz Gerald

Job Mismatches and Labour Market Outcomes
Kostas Mavromaras, Seamus McGuinness, Nigel
O’Leary, Peter Sloane and Yin King Fok

Immigrants and Employer-provided Training
Alan Barrett, Seamus McGuinness, Martin O'Brien
and Philip O’Connell

Did the Celtic Tiger Decrease Socio-Economic

Differentials in Perinatal Mortality in Ireland?
Richard Layte and Barbara Clyne
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311

310

309

308

307

306

305

304

303

302

301

Exploring International Differences in Rates of
Return to Education: Evidence from EU SILC
Maria A. Davia, Seamus McGuinness and Philip, J.
O’Connell

Car Ownership and Mode of Transport to Work in
Ireland
Nicola Commins and Anne Nolan

Recent Trends in the Caesarean Section Rate in
Ireland 1999-2006
Aoife Brick and Richard Layte

Price Inflation and Income Distribution
Anne Jennings, Sean Lyons and Richard S.J. Tol

Overskilling Dynamics and Education Pathways
Kostas Mavromaras, Seamus McGuinness, Yin King
Fok

What Determines the Attractiveness of the
European Union to the Location of R&D
Multinational Firms?

lulia Siedschlag, Donal Smith, Camelia Turcu,
Xiaoheng Zhang

Do Foreign Mergers and Acquisitions Boost Firm
Productivity?
Marc Schiffbauer, lulia Siedschlag, Frances Ruane

Inclusion or Diversion in Higher Education in the
Republic of Ireland?
Delma Byrne

Welfare Regime and Social Class Variation in
Poverty and Economic Vulnerability in Europe: An
Analysis of EU-SILC

Christopher T. Whelan and Bertrand Maitre

Understanding the Socio-Economic Distribution and
Consequences of Patterns of Multiple Deprivation:
An Application of Self-Organising Maps

Christopher T. Whelan, Mario Lucchini, Maurizio
Pisati and Bertrand Maitre

Estimating the Impact of Metro North
Edgar Morgenroth
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300 Explaining Structural Change in Cardiovascular
Mortality in Ireland 1995-2005: A Time Series
Analysis
Richard Layte, Sinead O’Hara and Kathleen Bennett

299 EU Climate Change Policy 2013-2020: Using the
Clean Development Mechanism More Effectively
Paul K Gorecki, Sean Lyons and Richard S.J. Tol

298 Irish Public Capital Spending in a Recession
Edgar Morgenroth
297 Exporting and Ownership Contributions to Irish

Manufacturing Productivity Growth
Anne Marie Gleeson, Frances Ruane

296 Eligibility for Free Primary Care and Avoidable
Hospitalisations in Ireland
Anne Nolan

295 Managing Household Waste in Ireland:

Behavioural Parameters and Policy Options
John Curtis, Sean Lyons and Abigail O'Callaghan-
Platt

294 Labour Market Mismatch Among UK Graduates;
An Analysis Using REFLEX Data
Seamus McGuinness and Peter J. Sloane

293 Towards Regional Environmental Accounts for
Ireland
Richard S.J. Tol , Nicola Commins, Niamh Crilly,
Sean Lyons and Edgar Morgenroth

292 EU Climate Change Policy 2013-2020: Thoughts on
Property Rights and Market Choices
Paul K. Gorecki, Sean Lyons and Richard S.J. Tol

291 Measuring House Price Change
David Duffy
290 Intra-and Extra-Union Flexibility in Meeting the

European Union’s Emission Reduction Targets
Richard S.J. Tol

289 The Determinants and Effects of Training at Work:

Bringing the Workplace Back In
Philip J. O'Connell and Delma Byrne
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288

287

286

285

284

283

282

281

280

279

Climate Feedbacks on the Terrestrial Biosphere and
the Economics of Climate Policy: An Application of
FUND

Richard S.J. Tol

The Behaviour of the Irish Economy: Insights from
the HERMES macro-economic model

Adele Bergin, Thomas Conefrey, John FitzGerald
and /de Kearney

Mapping Patterns of Multiple Deprivation Using
Self-Organising Maps: An Application to EU-SILC
Data for Ireland

Maurizio Pisati, Christopher T. Whelan, Mario
Lucchini and Bertrand Maitre

The Feasibility of Low Concentration Targets:
An Application of FUND
Richard S.J. Tol

Policy Options to Reduce Ireland’s GHG Emissions
Instrument choice: the pros and cons of alternative
policy instruments

Thomas Legge and Sue Scott

Accounting for Taste: An Examination of
Socioeconomic Gradients in Attendance at Arts
Events

Pete Lunn and Elish Kelly

The Economic Impact of Ocean Acidification on
Coral Reefs

Luke M. Brander, Katrin Rehdanz, Richard S.J. Tol,
and Pieter J.H. van Beukering

Assessing the impact of biodiversity on tourism
flows: A model for tourist behaviour and its policy
implications

Giulia Macagno, Maria Loureiro, Paulo A.L.D. Nunes
and Richard S.J. Tol

Advertising to boost energy efficiency: the Power of
One campaign and natural gas consumption

Sean Diffney, Sean Lyons and Laura Malaguzzi
Valeri

International Transmission of Business Cycles
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2008

278

277

276

275

274

273

272

271

270

269

268

267

Between Ireland and its Trading Partners
Jean Goggin and lulia Siedschlag

Optimal Global Dynamic Carbon Taxation
David Anthoff

Energy Use and Appliance Ownership in Ireland
Eimear Leahy and Sean Lyons

Discounting for Climate Change
David Anthoff, Richard S.J. Tol and Gary W. Yohe

Projecting the Future Numbers of Migrant Workers
in the Health and Social Care Sectors in Ireland
Alan Barrett and Anna Rust

Economic Costs of Extratropical Storms under
Climate Change: An application of FUND
Daiju Narita, Richard S.J. Tol, David Anthoff

The Macro-Economic Impact of Changing the Rate
of Corporation Tax
Thomas Conefrey and John D. Fitz Gerald

The Games We Used to Play

An Application of Survival Analysis to the Sporting
Life-course

Pete Lunn

Exploring the Economic Geography of Ireland
Edgar Morgenroth

Benchmarking, Social Partnership and Higher
Remuneration: Wage Settling Institutions and the
Public-Private Sector Wage Gap in Ireland

Elish Kelly, Seamus McGuinness, Philijp O'Connell

A Dynamic Analysis of Household Car Ownership in
Ireland
Anne Nolan

The Determinants of Mode of Transport to Work in
the Greater Dublin Area
Nicola Commins and Anne Nolan

Resonances from Economic Development for
Current Economic Policymaking
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Frances Ruane

266 The Impact of Wage Bargaining Regime on Firm-
Level Competitiveness and Wage Inequality: The
Case of Ireland
Seamus McGuinness, Elish Kelly and Philip O'Connell

265 Poverty in Ireland in Comparative European
Perspective
Christopher T. Whelan and Bertrand Maitre

264 A Hedonic Analysis of the Value of Rail Transport in
the Greater Dublin Area

Karen Mayor, Sean Lyons, David Duffy and Richard
S.J. Tol

263 Comparing Poverty Indicators in an Enlarged EU
Christopher T. Whelan and Bertrand Maitre

262 Fuel Poverty in Ireland: Extent,
Affected Groups and Policy Issues
Sue Scott, Sean Lyons, Claire Keane, Donal
McCarthy and Richard S.J. Tol

261 The Misperception of Inflation by Irish Consumers
David Duffy and Pete Lunn

260 The Direct Impact of Climate Change on Regional
Labour Productivity
Tord Kjellstrom, R Sari Kovats, Simon J. Lloyd, Tom
Holt, Richard S.J. Tol

259 Damage Costs of Climate Change through
Intensification of Tropical Cyclone Activities:
An Application of FUND
Daiju Narita, Richard S. J. Tol and David Anthoff

258 Are Over-educated People Insiders or Outsiders?
A Case of Job Search Methods and Over-education
in UK
Aleksander Kucel, Delma Byrne

257 Metrics for Aggregating the Climate Effect of
Different Emissions: A Unifying Framework
Richard S.J. Tol, Terje K. Berntsen, Brian C. O'Neill,
Jan S. Fuglestvedt, Keith P. Shine, Yves Balkanski
and Laszlo Makra
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256 Intra-Union Flexibility of Non-ETS Emission
Reduction Obligations in the European Union
Richard S.J. Tol

255 The Economic Impact of Climate Change
Richard S.J. Tol

254 Measuring International Inequity Aversion
Richard S.J. Tol

253 Using a Census to Assess the Reliability of a
National Household Survey for Migration Research:
The Case of Ireland
Alan Barrett and Elish Kelly

252 Risk Aversion, Time Preference, and the Social Cost
of Carbon
David Anthoff, Richard S.J. Tol and Gary W. Yohe

251 The Impact of a Carbon Tax on Economic Growth
and Carbon Dioxide Emissions in Ireland
Thomas Conefrey, John D. Fitz Gerald, Laura
Malaguzzi Valeriand Richard S.J. Tol

250 The Distributional Implications of a Carbon Tax in
Ireland
Tim Callan, Sean Lyons, Susan Scott, Richard S.J.
7o/ and Stefano Verde

249 Measuring Material Deprivation in the Enlarged EU
Christopher T. Whelan, Brian Nolan and Bertrand
Maitre

248 Marginal Abatement Costs on Carbon-Dioxide

Emissions: A Meta-Analysis
Onno Kuik, Luke Brander and Richard S.J. Tol

247 Incorporating GHG Emission Costs in the Economic
Appraisal of Projects Supported by State
Development Agencies
Richard S.J. Tol and Sean Lyons

246 A Carton Tax for Ireland
Richard S.J. Tol, Tim Callan, Thomas Conefrey, John
D. Fitz Gerald, Sean Lyons, Laura Malaguzzi Valeri
and Susan Scott
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245

244

243

242

241

240

239

238

237

236

235

Non-cash Benefits and the Distribution of Economic
Welfare
7im Callan and Claire Keane

Scenarios of Carbon Dioxide Emissions from
Aviation
Karen Mayor and Richard S.J. Tol

The Effect of the Euro on Export Patterns: Empirical
Evidence from Industry Data
Gavin Murphy and lulia Siedschlag

The Economic Returns to Field of Study and
Competencies Among Higher Education Graduates
in Ireland

Elish Kelly, Philip O'Connell and Emer Smyth

European Climate Policy and Aviation Emissions
Karen Mayor and Richard S.J. Tol

Aviation and the Environment in the Context of the
EU-US Open Skies Agreement
Karen Mayor and Richard S.J. Tol

Yuppie Kvetch? Work-life Conflict and Social Class in
Western Europe
Frances McGinnity and Emma Calvert

Immigrants and Welfare Programmes: Exploring the
Interactions between Immigrant Characteristics,
Immigrant Welfare Dependence and Welfare Policy
Alan Barrett and Yvonne McCarthy

How Local is Hospital Treatment? An Exploratory
Analysis of Public/Private Variation in Location of
Treatment in Irish Acute Public Hospitals
Jacqueline O'Reilly and Miriam M. Wiley

The Immigrant Earnings Disadvantage Across the
Earnings and Skills Distributions: The Case of
Immigrants from the EU’s New Member States in
Ireland

Alan Barrett, Seamus McGuinness and Martin
O'Brien

Europeanisation of Inequality and European

Reference Groups
Christopher T. Whelan and Bertrand Maitre
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233

232

231

230

229

228

227

226

225

224

Managing Capital Flows: Experiences from Central
and Eastern Europe
Jurgen von Hagen and /ulia Siedschlag

ICT Diffusion, Innovation Systems, Globalisation
and Regional Economic Dynamics: Theory and
Empirical Evidence

Charlie Karlsson, Gunther Maier, Michaela Trippl,
lulia Siedschlag, Robert Owen and Gavin Murphy

Welfare and Competition Effects of Electricity
Interconnection between Great Britain and Ireland
Laura Malaguzzi Valeri

Is FDI into China Crowding Out the FDI into the
European Union?
Laura Resmini and /ulia Siedschlag

Estimating the Economic Cost of Disability in Ireland
John Cullinan, Brenda Gannon and Sean Lyons

Controlling the Cost of Controlling the Climate: The
Irish Government’s Climate Change Strategy
Colm McCarthy, Sue Scott

The Impact of Climate Change on the Balanced-
Growth-Equivalent: An Application of FUND
David Anthoff, Richard S.J. Tol

Changing Returns to Education During a Boom? The
Case of Ireland

Seamus McGuinness, Frances McGinnity, Philjp
O’Connell

‘New’ and ‘Old’ Social Risks: Life Cycle and Social
Class Perspectives on Social Exclusion in Ireland
Christopher T. Whelan and Bertrand Maitre

The Climate Preferences of Irish Tourists by
Purpose of Travel
Sean Lyons, Karen Mayor and Richard S.J. Tol

A Hirsch Measure for the Quality of Research
Supervision, and an lllustration with Trade
Economists

Frances P. Ruane and Richard S.J. Tol
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223 Environmental Accounts for the Republic of Ireland:
1990-2005
Sean Lyons, Karen Mayor and Richard S.J. Tol

2007 222 Assessing Vulnerability of Selected Sectors under
Environmental Tax Reform: The issue of pricing
power
J. Fitz Gerald, M. Keeney and S. Scott

221 Climate Policy Versus Development Aid
Richard S.J. Tol

220 Exports and Productivity — Comparable Evidence for
14 Countries
The International Study Group on Exports and
Productivity

219 Energy-Using Appliances and Energy-Saving
Features: Determinants of Ownership in Ireland
Joe O’Doherty, Sean Lyons and Richard S.J. Tol

218 The Public/Private Mix in Irish Acute Public
Hospitals: Trends and Implications
Jacqueline O'Reilly and Miriam M. Wiley

217 Regret About the Timing of First Sexual Intercourse:
The Role of Age and Context
Richard Layte, Hannah McGee

216 Determinants of Water Connection Type and
Ownership of Water-Using Appliances in Ireland
Joe O'Doherty, Sean Lyons and Richard S.J. Tol

215 Unemployment — Stage or Stigma?
Being Unemployed During an Economic Boom
Emer Smyth

214 The Value of Lost Load

Richard S.J. Tol/

213 Adolescents’ Educational Attainment and School
Experiences in Contemporary Ireland
Merike Darmody, Selina McCoy, Emer Smyth

212 Acting Up or Opting Out? Truancy in Irish

Secondary Schools
Merike Darmody, Emer Smyth and Selina McCoy
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210

209

208

Where do MNEs Expand Production: Location
Choices of the Pharmaceutical Industry in Europe
after 1992

Frances P. Ruane, Xiaoheng Zhang

Holiday Destinations: Understanding the Travel
Choices of Irish Tourists
Sean Lyons, Karen Mayor and Richard S.J. Tol

The Effectiveness of Competition Policy and the
Price-Cost Margin: Evidence from Panel Data
Patrick McCloughan, Sean Lyons and William Batt

Tax Structure and Female Labour Market

Participation: Evidence from Ireland
Tim Callan, A. Van Soest, J.R. Walsh
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