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Abstract
This paper addresses three important current issues in evaluating active labour market policies.  The first concerns the need to evaluate the longer term impacts on participants.  Many studies have evaluated impacts up to one year post-intervention.  There is growing evidence that this time period is insufficient to capture long-term effects.  Therefore, we estimate impacts up to three years post-intervention.  The second aspect involves the relative effects of different types of active labour market interventions.  We evaluate the impacts of a subsidy, work experience and training programme.  The third issue relates to the cost effectiveness of interventions, recognising that policymakers need to be aware of impacts of these programmes on the government’s fiscal position.  Difference-in-differences matching is applied to data drawn from a New Zealand panel dataset covering the period 1989 to 1997.  The key findings are that impacts vary over time and over sub-groups, potential gains exist in moving participants to alternative interventions and that the costs of delivering these programmes often exceed their benefits. 
1. Introduction

Active labour market programmes are an important component of labour market policy in most developed economies.  New Zealand is no exception, with 38.9% of public labour market spending in 1995 allocated to such programmes designed to raise the employment and earnings capacities of beneficiaries.  The prominence of active labour market programmes in government social policy expenditure around the world has been accompanied by increasing pressure from political, social and business groups to assess their efficacy.  The result has been an increase in studies evaluating active labour market programmes in both New Zealand and other countries
.  The major focus of this research has been on the impact of participation on participants, with researchers usually restricting their attention to short time periods of a year or less post-intervention.  However, the results of this evaluation research remain inconclusive due in large part to the application of differing populations, interventions and methodologies.  These studies have often focused on one programme or type of programme.  Furthermore, in these studies little attention has been given to the overall cost-effectiveness of these programmes. 

There is a growing consensus that evaluations of active labour market programmes need to estimate the long-term, as well as short-term, impacts on participants.  For example, Lechner et al. (2004) find that the results for public training programmes in East Germany are sensitive to the time period used in the evaluation, and suggest that longer time-horizons should be employed.  Recent evaluations have reflected this view, with Hotz and Imbens (2006) comparing short and long-term outcomes in their re-evaluation of the impact the California’s Greater Avenues to Independence (GAIN) programme.  Dyke et al. (2006) examine employment outcomes up to four years post-intervention for welfare recipients in the Temporary Assistance for Needy Families (TANF) programmes in Missouri and North Carolina. 

This study evaluates the impact and cost-effectiveness of three active labour market programmes used in New Zealand in the 1990s on male participants aged between 26 and 59.  The programmes are Job Plus, a subsidy programme, Community Task Force, a work experience programme and Training Opportunities, a training programme. These were the major programmes in each of these categories in the 1990’s.  The parameter of interest in this paper is the effect of ‘treatment on the treated’, which is measured as the reduction in the time spent registered as unemployed following participation in one of the three programmes. 

Our analysis includes several features that are consistent with new directions in the evaluation of active labour market programmes.  The effect of participation upon participants is estimated using difference-in-differences (DID) matching, an approach that is appropriate in certain circumstances and has recently gained wide acceptance amongst researchers (Augurzky and Kluve 2004).  While there is no “magic bullet” when it comes to evaluation, matching has the advantage of resembling the estimator used in social experiments (Hujer and Caliendo, 2000).  The DID estimator is desirable because it can control for variables that may cause bias in the estimation of the programme effects, since it removes the impact of unobserved individual-specific, time-invariant factors.  If these are the only unobserved variables of relevance, the resulting estimates are unbiased.  A further feature of the approach used here is that we control for local labour market effects, which have been shown to be important in similar studies (Dolton et al., 1994, Bryson et al., 1998, Heckman, Ichimura, Smith and Todd 1998, Lechner, 1999a, Campbell, 2000, Hoynes, 2000 and Leahy, 2001).  We also analyse the effects of long-term as well as short-term impacts.

Recently there has been some research into pair-wise evaluation, measuring the direct effect of participation in one programme compared with another programme (see Lechner 2002, Hotz and Imbens 2006 and Dyke et al. 2006).  This approach is also adopted here, alongside the traditional one of estimating against the no participation counterfactual.

Inclusion of cost-effectiveness analysis in this paper is a key extension to the approaches currently used to evaluate active labour market programmes.  There has been little research into the issue of cost-effectiveness with the work of Perry (2007) and Baumgartner and Caliendo (2007) being the main exceptions.  Our analysis examines the impact of the programme upon the government’s fiscal position by taking into account the costs of providing the programme and of the benefits to the state from this intervention.

The paper is organised as follows.  Section 2 provides background on the institutional context and programmes that are evaluated in this study.  Section 3 provides an analytical framework.  Section 4 describes the data used in this study.  The empirical approach for this evaluation is outlined in Section 5, and the results are presented and analysed in Section 6.  Section 7 presents the cost-effectiveness analysis, and Section 8 provides some concluding comments.

2. Institutional Features of the New Zealand Labour Market
Active labour market policy in New Zealand was a response to rising unemployment rates, which for males started at a low of 3.6% in 1986 but hit a peak of 10.9% in 1992.  The government response to this unemployment was to move away from an emphasis on subsidised job creation schemes, often by public organisations, to a greater focus on training and private sector involvement.  Increasingly training began to target those considered most in need.  By the early 1990’s, Job Plus was the main subsidy programme, Community Task Force the main work experience programme and Training Opportunities the major training programme.  The key features of these programmes are outlined in Table 1.
Table 1:  Summary of Features of Job Plus, Community Task Force
and Training Opportunities
	Programme
	Type
	Participant Eligibility Criteria
	Length of Intervention
	Time Frame

	Job Plus
	Subsidy to the employer – required to employ participants for at least 6 months post programme
	· 26 weeks registered

· disadvantaged in the local labour market
	Average: 40.6% of a year

(maximum is one year)
	1990-current

	Community Task Force
	Work experience
	· 13 weeks registered

· disadvantaged in the local labour market
	Average: 32.3% of a year

(range from 8 weeks to 26 weeks)
	1991-1998

	Training Opportunities
	Training 

· generic and specific

· classroom and workplace
	· 26 weeks registered

· low qualifications

· less then 240 credits on Register of National Qualifications
	Average: 24.4% of a year

(maximum is 240 credits on Register of National Qualifications)
	1993-current 


3. Analytical Framework
Evaluation is concerned with how an individual’s outcomes are altered or changed as a result of an intervention; that is, as a result of participation or treatment in a programme (Cobb-Clark and Crossley, 2002). This is a missing data problem as it is impossible to observe an individual post-participation in both a treatment and a non-treatment state.  The key issue in evaluation, therefore, is to identify a relevant counterfactual for those who receive treatment.  Given that in this study the Treatment on the Treated (TT) is the evaluation parameter estimated, the underlying model that drives the estimation is:
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In this model, the subscript i denotes the individual and Yi is the individual outcome of interest.  This outcome depends on a number of factors.  The first is whether or not an individual participates in a programme, with a value of 0 indicating non-participation.  The second is the type of programme participants receive, and there are three alternative programme treatment options covered in this study and a no-treatment option, given by
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. Finally, the characteristics in Xi, which influence the outcome, include individual characteristics as well as those from the local or regional labour market.  The estimation occurs at different points in time and this is identified by
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, with each of these representing years of actual or potential participation.  In this case, d=0 is the year of intervention, d=1 is one year post participation and so on up to three years post-intervention.  The counterfactual used in the estimation in the model is the outcome for the individual in the non-participation case
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With pair-wise estimation the model is adjusted, as the counterfactual is the outcome from participating in another programme.  The model in the case where the estimation is establishing the impact of participating in programme k with participating in programme k=1, therefore, is:
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In order to estimate these impacts in this study we use local linear regression, difference–in-differences matching using propensity scores.  This approach allows the researcher to explicitly match participants with their counterfactual.  The estimation of the impact of participation in a programme with non-participation matches participants in that programme with those who did not participate in any programme.  Following Lechner (2001) and Dyke et al (2006), pair-wise matching compares individuals in one of the two programmes.

A problem that may arise with matching individuals is dimensionality if the number of observable characteristics in the vector Xid is high (Dehejia & Wahba, 1998, Puhani, 1998, Lechner, 1999b and Sianesi, 2001).  A solution to this issue is proposed by Rosenbaum and Rubin (1983), who suggest using the propensity score to reduce the dimensions of the matching problem and to make it possible to match on a large number of covariates.  The propensity score is the conditional probability of assignment to a particular treatment given a vector of observed covariates.  Matching uses this propensity score to match participants and non-participants on their estimated probability of participation P(Xid), rather then on a vector of observed characteristics (Smith, 2000).  The usefulness of this approach is emphasised by the number of recent studies that have utilised various versions of propensity score matching (Heckman, Ichimura and Todd 1997, Dehejia & Wahba, 1998, Puhani, 1998, Lechner, 1999a, 2000 and 2002, Brodaty, Crepon, & Fougere, 2001, Dehejia & Wahba, 2002).
A further potential issue with matching is selection bias, which occurs when there are unobserved factors influencing the participation of individuals in an active labour market programme.  This leads to differences in the counterfactual outcomes for participants and non-participants even after observables have been taken into account. There are two key assumptions that underpin the use of matching which will eliminate the problem of selection bias.  The first is the conditional independence assumption (CIA), also known as the ‘ignorable treatment assumption’ (Sianesi, 2001).  The CIA posits that conditional on all covariates, the outcomes are independent of assignment to treatment.  Using the propensity score approach to matching, both the non-participation and alternative treatment counterfactual outcomes are independent of treatment.  These can be represented below:
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The second key assumption is that for each individual in the treatment group there is a potential non-participant in the counterfactual group.  Hotz et al (2006) and Dyke et al. (2006) suggest that, when there is estimation of several alternative treatments and unobservable factors may be at work influencing selection, it is necessary to add the assumptions that selection into the different treatments is the same for each treatment and that these do not change over time.  
A further way to attenuate potential bias, arising from unobservables that influence participation, is to use the DID estimator. The DID estimator may overcome bias by removing the effect of individual-specific, time-invariant unobservables. These time specific intercepts, or fixed effects, may arise due to administrators consistently choosing participants over time based on unobserved characteristics.  Following Dyke et al. (2006), the DID matching estimator for the non-participation and the alternative treatment estimation respectively are:
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where 
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 is the differenced outcome comparing time d after the intervention to the time before intervention for the participant.  
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 are the differenced outcomes for the same time period for those who did not participate in the intervention and those who participated in intervention k = 1.
Should fixed effects be the only type of unobservables then selection bias is removed. The DID matching estimator using the propensity score requires that the difference between the outcome before t, the year of intervention, and after the intervention at time d is the same for both participants and non-participants; that is:
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This condition requires that any bias (B) that exists in the time period before the intervention continues to exist in the time period after the intervention. 

The use of DID estimators in matching began only in the late 1990’s (Heckman, Ichimura et al., 1997, Heckman, Ichimura, & Todd, 1998, Eichler & Lechner, 2002 and Smith & Todd, 2005).  Research by Heckman, Ichimura and Todd finds that, when compared with experimental estimates and in the presence of the influence of unobserved variables that influence participation, the DID estimator outperforms other matching estimators. 

4. Data
The data for this research were primarily obtained from the Labour Market Policy Group at the New Zealand Department of Labour.
  They come from two administrative sources, an enrolment dataset and an intervention dataset compiled by the New Zealand Employment Service (NZES)
 between 1 October 1988 and 31 December 1997. The enrolment dataset contains demographic, economic and labour market information on clients who were registered with NZES as unemployed at any time between 1 October 1988 and 31 December 1997
.  There are 2,476,898 spells of unemployment from 1,145,168 different clients in the enrolment dataset.  The intervention dataset contains details of all 3,652,222 interventions for NZES clients between 1 October 1988 and 31 December 1997.
   The two datasets are connected by a unique identifier.  

The datasets provide complete coverage of those who were registered as unemployed at any time between 1 October 1988 and 31 December 1997.  However, due to the omission of details on family status and the number and ages of dependent children, our evaluation focuses on the effect of active labour market programmes on males, not on females.  Since there is limited information on participation in formal education and movement to retirement, the age range for the evaluation to avoid the potential influence of these two factors on labour market outcomes is between 26 and 49 years of age on 1 January 1989.  Given these restrictions, the combined dataset contains 257,537 males.  

DID matching requires pre-intervention and post-intervention data for both participants and non-participants.  Pre-intervention data are required to generate the propensity score for matching while post-intervention data are required to estimate the effects of the active labour market programmes.  In order to identify appropriate pre and post-intervention data, a “cohort dataset” was created.  This is in line with approaches adopted by several researchers since 2000 (Aakvik et al. 2000, Conniffe et al. 2000, Magnac 2000, Angrist and Lavy 2001, van Ours 2001, Bolvig et al. 2002, Bratberg et al. 2002, Gerfin and Lechner 2002, Mare 2002, O'Connell and McGinnity 2002, Raaum and Torp 2002 and Regner 2002).
In this study, two intervention years (1993 and 1994) are selected for the cohort.  For the 1993 group, the pre-intervention data cover the four-year period 1989 to 1992, and the post-intervention data cover the three-year period 1994 to 1996.  For the 1994 group, the pre-intervention data come from the years 1990 to 1993, and the post-intervention data come from the years 1995 to 1997.  The creation of a single cohort from these two periods requires the creation of a concept of time based around the years of intervention, rather than on calendar years.  This is achieved by identifying the year of intervention as time t, the pre-intervention years as t-4, t-3, t-2, and t-1, and the post-intervention years t+1, t+2 and t+3.  In this way, the variables containing the data for the pre-intervention, intervention and post-intervention years are all aligned (see Table 2).  

Table 2: Establishing Time in the Cohort Dataset
	
	Pre-Intervention
	Intervention
	Post-Intervention

	Group
	t-4
	t-3
	t-2
	t-1
	t
	t+1
	t+2
	t+3

	1
	1989
	1990
	1991
	1992
	1993
	1994
	1995
	1996

	2
	1990
	1991
	1992
	1993
	1994
	1995
	1996
	1997


To be included in this cohort dataset, a participant must have received an intervention in either 1993 or 1994, and must not have received another intervention during the other seven years.  The comparison group in the cohort dataset consists of those who were unemployed in the period preceding the time of potential intervention, a key determinant of participation in active labour market programmes, but who never received an intervention at any time from 1989 to 1997.  
The characteristics of individuals in the cohort are presented in Table 3.  There are a total of 41,454 males of which 3,058 participated in one of the three programmes.  Those who received an intervention had lower levels of education and were more likely to come from the ethnic minority groups of Maori or Pacific Islanders relative to those who did not receive an intervention.  Furthermore, those who received interventions had a relatively higher average unemployment propensity in the years before and after the intervention, with the propensity to be unemployed for both groups being lower after t.  A key difference is that those who receive an intervention are predominantly long-term unemployed whereas those who do not are mainly in the short-term unemployed category as at time t.
There are some noticeable differences between the characteristics of males on each of the three programmes.  Job Plus and Community Task Force have a smaller percentage with low education qualifications than Training Opportunities.  The ethnic composition on each programme also differs.  Job Plus has a much higher percentage who are European/Pakeha, while Community Task Force and Training Opportunities have over 30% Maori participants.  Training Opportunities also has 21.8% Pasifika which is much higher than for the other programmes.  The unemployment patterns over time for each of the programmes, indicates that the post intervention decline is greater for those who participated in Job Plus and Community Task Force than in Training Opportunities. 
Table 3: Summary Statistics 
	Variable
	Total Sample
	No

Intervention
	Intervention
	Job Plus
	Community Task Force
	Training Opportunities

	Age at t 
	
	
	
	
	
	

	Mean age (yrs)
	43.4
	43.5
	42.6
	42.5
	43.4
	42.6

	Age Groups (%)
	
	
	
	
	
	

	Age < 40
	46.7
	41.4
	46.1
	47.1
	42.1
	44.8

	40 ≤Age < 50
	39.5
	39.5
	38.3
	37.5
	38.3
	40.1

	Age 50+
	18.8
	19.1
	15.6
	15.4
	19.6
	15.1

	Education (%):
	
	
	
	
	
	

	   No Formal Qualification
	45.2
	44.4
	55.7
	50.0
	52.6
	69.2

	   School Level Qualification
	33.6
	33.8
	30.8
	34.4
	33.5
	22.1

	   Post School Qualification
	21.2
	21.8
	13.5
	15.6
	13.9
	8.7

	Ethnicity (%):
	
	
	
	
	
	

	   European/Pakeha
	70.3
	71.0
	60.9
	71.7
	57.9
	37.2

	   Maori
	17.0
	16.6
	22.4
	17.5
	33.0
	31.1

	   Pacific Islander
	6.8
	6.4
	11.2
	7.0
	5.7
	21.8

	   Other
	5.9
	6.0
	5.5
	3.8
	3.4
	9.9

	Unemployment Pattern (%):
	
	
	
	
	
	

	Registered U t-4
	17.7
	17.3
	22.6
	20.3
	25.4
	27.1

	Registered U t-3
	19.1
	18.1
	30.6
	28.0
	35.1
	35.5

	Registered U t-2
	21.4
	19.6
	44.1
	42.2
	44.0
	48.3

	Registered U t-1
	21.9
	18.0
	70.7
	72.8
	61.4
	68.1

	Registered U t
	18.7
	14.2
	74.5
	72.9
	77.0
	77.6

	Registered U t+1
	9.5
	8.5
	21.6
	14.3
	26.7
	36.7

	Registered U t+2
	5.5
	5.0
	11.9
	8.7
	10.8
	19.3

	Registered U t+3
	3.9
	3.6
	8.6
	7.2
	6.7
	12.4

	Unemployment pre t
	19.8
	18.2
	39.5
	38.3
	39.2
	42.3

	Unemployment post t
	6.3
	5.7
	14.0
	10.1
	14.8
	22.8

	Region size (%)
	
	
	
	
	
	

	Population< 25,000
	10.7
	10.7
	9.7
	9.9
	12.0
	8.5

	25,000≤Population <100,000
	42.0
	41.9
	43.6
	43.4
	49.8
	42.5

	Population≥ 100,000
	47.3
	47.4
	46.7
	46.7
	38.2
	49.0

	
	
	
	
	
	
	

	Number of Observations
	41,454
	38,396
	3,058
	1,970
	209
	879


 5. Empirical Model
In this study, local linear regression is used. It has the advantage over other estimators of reducing the variance, because it uses information from a wide range of non-participants. However, it potentially increases sample bias due to an increase in the difference between the participants and non-participants.  Implementation of the local linear regression DID matching estimator entails a two-step procedure. The first step estimates the propensity score on which the matching is based using a participation model.  The second step uses the generated propensity scores to undertake the matching evaluation.

There has been much discussion in the literature over the type of variables that should be included in the participation equation.  Yet there is no real consensus among researchers on this issue, apart from the need to include all those variables that influence both participation and outcomes in the absence of participation (Smith and Todd, 2005).  The difficulty is that there is no generally accepted formal approach that identifies these variables, and the failure to include all the relevant variables violates the conditional independence assumption. (Lechner, 1999b) suggests that these covariates can be chosen without developing a formal behavioural model, but rather simply by considering the broad ‘building blocks’ of this behaviour.  The decisions as to which variables to include, therefore, should be based on the processes through which programme participation decisions are made.  This is the major approach used in the literature and the one utilised here.

Participation in active labour market programmes involves to some extent the input of both the employment advisor and the unemployed individual (Lechner, 1999a and Sianesi, 2003). Both dimensions to this decision need to be considered.  The employment advisor potentially has an impact on the allocation of individuals to active labour market programmes in New Zealand.  The employment advisor selects clients for programmes based, not only on their unemployment histories, but also on subjective judgements over whether or not there are realistic chances of positive outcomes from these interventions.  Factors in the decision-making process include eligibility rules, age, education and other capabilities. 

As far as the unemployed individual is concerned, the decision of whether or not to participate in a programme might be based on personal assessments of the costs and benefits associated with this programme.  Demographic and human capital factors, labour market histories and external factors may influence these assessments A number of demographic factors have been used in other matching studies, including age, ethnicity, marital status, and number of children.  Age and ethnicity are included in our dataset. Human capital characteristics are also potentially important as they provide information on the educational experiences and capabilities of the unemployed client. Measures of levels of education and qualifications, including work experience and training are often included as variables that influence participation (Sianesi, 2003)
The labour force history of the unemployed individual has a major link to participation in active labour market programmes.  A number of researchers suggest that this is the key determinant for the unemployed, quite apart from its role as the key eligibility criterion for administrators (Heckman, Ichimura, Smith and Todd, 1998, Lechner, 1999b, Eichler and Lechner, 2002, Sianesi, 2003 and Smith and Todd, 2005).  While overall labour market history is important, the length of time unemployed in the current spell may be particularly influential.  With duration dependence, the greater the time an individual has been unemployed, the less the likely he will be to move into employment, and the more likely he will be to participate in a voluntary programme (Sianesi, 2003).  The importance of the current labour force status is demonstrated in the finding that it is labour force status and the length of time unemployed in the current spell that are the main predictors of participation in active labour market programmes (Heckman, Ichimura, Smith and Todd, 1998, and Heckman and Smith, 2004).  Our dataset contains variables for length of time unemployed both in the year of intervention t and for each of the four years before this period.

External influences may alter decisions about participation in active labour market programmes.  Should the local labour market be favourable for employment, individuals may delay entering an intervention programme in the hope of finding employment.   On the other hand, if participation in an active labour market programme is seen as a form of job search, as in the study of participation in the JTPA programme by Heckman and Smith (2004), then participation in programmes may increase. Although the direction of the influence of local conditions on participation may vary, research indicates that they should be included when estimating participation models (Heckman, Ichimura, Smith and Todd, 1998, Lechner, 1999a and 1999b, Sianesi, 2001 and 2003, Hujer et al., 2003 and Heckman and Smith, 2004).  We use regional dummies and regional growth rates in real economic activity in our study to proxy for local labour market conditions.

Therefore, our participation model includes variables on age, age squared, dummy variables for educational qualifications and minority ethnic status, unemployment in the year of potential intervention t, unemployment in the preceding year t-1, unemployment history in the full pre-intervention period t-4 to t-1, whether or not an individual is long-term unemployed prior to time t, dummy variables for each region (except the base or excluded region), regional population size dummy variables (with the omitted region being one with a population of less then 25,000) and real regional growth rates.  

6. Analysis 
This section is organised according to the sequence of steps involved in the matching process.  Following Dyke et al (2006) and Baumgartner and Caliendo (2007) the results for the participation equations are not presented in this paper as the propensity scores are used only for matching purposes.  However, we report the test results on model specification for robustness.  We also estimate and analyse the effects of programme participation on participants using DID local linear regression matching on the propensity score.
6.1 Model Specification Tests
There are two aspects of the model that need to be addressed to ascertain its robustness.  The first is to determine whether the model specification is appropriate.  The second is to identify whether the matching approach ‘balances’ the covariates between the participants and matched non-participants.

As mentioned earlier, the efficacy of the matching model specification depends on either the observability of the factors influencing participation and outcomes, or the need for these factors to be time-invariant and individual-specific if they are unobservable.  A test of the specification, as posited by Heckman and Hotz (1989) and used by Raum and Torp (2002) and Dyke et al (2006), exploits the pre-training data.  The idea is to test whether participation in a programme has any influence on pre-intervention unemployment outcomes.  Should there be a non-zero impact in the pre-training period, this would suggest that the model has not accounted for all of the factors influencing participation and outcome.  
Local linear regression matching has been used to estimate the impact of participation in each of the programmes and for each of the pair-wise programme comparisons, for intervention as a whole and for each of the sub-groups for whom impact estimates are planned.  As the matching evaluator is DID, the model specification tests estimate the impact of participation in an intervention on differenced outcomes in the pre-intervention period.  The time periods used are t-4 to t-3, t-3 to t-2 and t-2 to t-1.  The results of this test for each of the models estimated are in Table 4.  
There are some instances where participation in a programme in t has a significant influence on outcomes in the pre t period, indicating that the models concerned are not correctly specified and the results of the impact estimates below may well be biased.  In particular, the estimates for Job Plus models at have statistically significant coefficients for all models in at least one of the time periods.  This may well be the result of administrators and businesses applying inconsistent approaches to approving unemployed males to participate in Job Plus.  The government requirement that businesses who receive the Job Plus subsidy provide employment to the subsidised individual for at least six months post-intervention is likely to have differentially influenced business decisions as to whom to accept.  These differences are not measured in the dataset and may explain the statistically significant outcomes for all of the Job Plus models estimated.  There are also significant estimates for the Community Task Force/Job Plus and Community Task Force/Training Opportunities pair-wise comparisons for those in the 40 to 49 age group, for those on Training Opportunities with post-school qualifications and for those on Community Task Force aged less than 40 years at time of intervention.

Matching on the propensity score over the common support removes one potential source of bias, but it does not necessarily ensure that the covariates in the participant and non-participant groups are balanced.  Heckman, Ichimura, Smith and Todd, (1998) point out that failure to balance covariates can produce biased estimates.  The bias, standard deviation and t-test for each variable in the matched participant and non-participant groups are estimated.  In addition, the before and after matching mean bias, standard deviation and the largest and smallest bias before and after matching for the sample groups as a whole are identified.  These results are summarised in Table 5.  Given these measures, the bias between the participant and non-participant groups decreases greatly after matching.  This analysis indicates that while the matching technique may not completely remove bias it does greatly reduce imbalance.
Table 4:  Pre-Intervention Test for DID Model Specification

	
	t-4 to t-3
	t-3 to t-2
	t-2 to t-1

	Category
	Coefficient


	Standard Errors
	Coefficient


	Standard Errors
	Coefficient

	Standard Errors

	Intervention
	
	
	
	
	
	

	JP-NI
	 0.0199**
	0.0076
	 0.0309**
	0.0083
	-0.0600**
	0.0075

	CTF-NI
	-0.0171
	0.0214
	 0.0247
	0.0162
	-0.0092
	0.0173

	TO-NI
	 0.0135
	0.0126
	 0.0316
	0.0255
	-0.0086
	0.0090

	JP - TO
	-0.0029
	0.0141
	 0.0083
	0.0134
	-0.0169
	0.0162

	CTF-TO
	-0.0170
	0.0295
	 0.0158
	0.0306
	-0.0170
	0.0327

	CTF-JP
	-0.0354
	0.0243
	-0.0040
	0.0260
	 0.0086
	0.0195

	Age<40
	
	
	
	
	
	

	JP-NI
	 0.0307**
	0.0094
	 0.0182
	0.0116
	-0.0589**
	0.0099

	CTF-NI
	-0.0067
	0.0335
	 0.0684*
	0.0323
	-0.0339
	0.0250

	TO-NI
	 0.0145
	0.0121
	 0.0256
	0.0138
	-0.0099
	0.0130

	JP - TO
	 0.0157
	0.0183
	 0.0071
	0.0161
	-0.0184
	0.0161

	CTF-TO
	-0.0164
	0.0383
	 0.0365
	0.0402
	-0.0318
	0.0340

	CTF-JP
	-0.0287
	0.0394
	 0.0255
	0.0406
	-0.0068
	0.0292

	40 ≤Age<50
	
	
	
	
	
	

	JP-NI
	 0.0169
	0.0100
	 0.0395**
	0.0115
	-0.0676**
	0.0111

	CTF-NI
	-0.0738
	0.0378
	 0.0129
	0.0307
	-0.0343
	0.0232

	TO-NI
	 0.0246
	0.0168
	 0.0335
	0.0182
	-0.0169
	0.0129

	JP - TO
	-0.0032
	0.0187
	 0.0123
	0.0198
	-0.0265
	0.0224

	CTF-TO
	-0.0869*
	0.0419
	-0.0200
	0.0421
	 0.0425
	0.0461

	CTF-JP
	-0.0877*
	0.0416
	-0.0443
	0.0350
	 0.0582*
	0.0243

	Age≥50
	
	
	
	
	
	

	JP-NI
	-0.0103
	0.0147
	 0.0410*
	0.0172
	-0.0325*
	0.0165

	TO-NI
	-0.0077
	0.0282
	 0.0296
	0.0213
	-0.0078
	0.0194

	JP - TO
	-0.0376
	0.0216
	 0.0022
	0.0257
	 0.0235
	0.0237

	No Formal Qualification
	
	
	
	
	
	

	JP-NI
	 0.0272**
	0.0103
	 0.0379*
	0.0116
	-0.0522**
	0.0088

	CTF-NI
	-0.0074
	0.0326
	 0.0290
	0.0252
	-0.0046
	0.0167

	TO-NI
	 0.0166
	0.0130
	 0.0247
	0.0144
	-0.0251
	0.0101

	JP - TO
	-0.0068
	0.0126
	 0.0258
	0.0154
	-0.0333
	0.0178

	CTF-TO
	 0.0081
	0.0374
	-0.0017
	0.0346
	-0.0150
	0.0359

	CTF-JP
	-0.0056
	0.0351
	-0.0161
	0.0346
	 0.0026
	0.0263

	School Qualification
	
	
	
	
	
	

	JP-NI
	 0.0106
	0.0101
	 0.0356**
	0.0137
	-0.0417**
	0.0102

	CTF-NI
	-0.0189
	0.0327
	 0.0293
	0.0307
	-0.0002
	0.0247

	TO-NI
	-0.0075
	0.0211
	 0.0368
	0.0205
	-0.0088
	0.0144

	JP - TO
	-0.0144
	0.0178
	-0.0037
	0.0170
	 0.0188
	0.0236

	CTF-TO
	-0.0379
	0.0478
	-0.0033
	0.0441
	 0.0096
	0.0474

	CTF-JP
	-0.0328
	0.0458
	-0.0378
	0.0376
	 0.0365
	0.0315

	Post School Qualification
	
	
	
	
	
	

	JP-NI
	 0.0056
	0.0143
	 0.0460**
	0.0177
	-0.0504**
	0.0145

	TO-NI
	 0.0321
	0.0325
	 0.0764
	0.0213
	-0.0597*
	0.0279

	JP-TO
	-0.0321
	0.0190
	 0.0082
	0.0281
	-0.0018
	0.0322


JP-NI
Jobs Plus compared with No Intervention




*   significant at 0.05 level

CTF-NI
Community Task Force compared with No Intervention



** significant at 0.01 level

TO-NI
Training Opportunities compared with No Intervention
JP-TO
Jobs Plus compared with Training Opportunities
CTF-TO
Community Task Force compared with Training Opportunities
CTF-JP
Community Task Force compared with Jobs Plus
Table 5: Balancing Analysis – Jobs Plus, Community Task Force and Training Opportunities

	 
	Before Matching
	 
	After Matching

	
	 
	
	
	 
	
	 
	
	
	 

	Intervention
	Mean Bias
	Standard Deviation
	Smallest Bias 
	Largest Bias 
	
	Mean Bias
	Standard Deviation
	Smallest Bias 
	Largest Bias 

	JP-NI
	11.17
	37.92
	0.02
	248.48
	
	3.82
	4.63
	0
	22.40

	CTF-NI
	16.66
	36.37
	0.03
	239.01
	
	4.71
	4.03
	0
	16.50

	TO-NI
	14.90
	36.15
	0.06
	240.21
	
	3.48
	2.74
	0
	11.59

	JP-TO
	7.99
	8.35
	0.24
	43.00
	
	3.19
	3.54
	0
	15.12

	CTF-TO
	11.77
	10.73
	0.01
	51.23
	
	7.87
	5.22
	0
	23.55

	CTF-JP
	9.96
	8.33
	0.75
	36.40
	 
	5.41
	3.32
	0
	12.65


JP-NI
Jobs Plus compared with No Intervention





CTF-NI
Community Task Force compared with No Intervention




TO-NI
Training Opportunities compared with No Intervention
JP-TO
Jobs Plus compared with Training Opportunities
CTF-TO
Community Task Force compared with Training Opportunities
CTF-JP
Community Task Force compared with Jobs Plus
6.2 Impact Results
Estimation of the impact arising from participation in active labour market programmes using local linear regression DID matching requires three further issues to be addressed.  The first issue involves accounting for the extra variance that occurs as a result of the matching process, with the standard approach in the literature being to use bootstrapped standard errors.  This approach is used here and is implemented with 100 iterations, since there are usually minimal variations in outcomes for iterations beyond 50.  
The second issue requires that the evaluation is carried out over the common support.  This is achieved by removing any participants in a programme whose propensity score is outside the range for the propensity scores of the counterfactual group.
The third issue involves “Ashenfelter’s dip”, as earlier studies have found that there is often a decline in the outcome variable of interest in the period immediately prior to participation in a programme (Ashenfelter, 1977, Ashenfelter and Card, 1985).  Upward bias in the estimated impact may arise should the before/after comparison use the period in which the dip occurs in the measure of the outcome before intervention.  Should the dip be a permanent effect then there is no bias.  However, should the dip be transitory then bias will result.  Although the initial work on Ashenfelter’s dip focused on wages and earnings, subsequent research has indicated that there is also evidence of an increase in the propensity to be unemployed in the lead up to participation in a programme (Card and Sullivan, 1988, Heckman and Smith, 1999, Bergemann et al, 2005).
The usual approach to this problem is to set the initial time period to avoid this potential dip.  Given that the eligibility criteria for participation in Job Plus and Training Opportunities is 26 weeks registered as unemployed and for Community Task Force 13 weeks, we exclude the year immediately prior to the intervention. The pre-intervention measure of unemployment is, therefore, the propensity to be unemployed in years t-4, t-3 and t​-2.  
The DID matching estimator identifies the impact of participation in a programme on the proportion of a year that an individual spends registered as unemployed.  In this study, the years are t, t+1, t+2 and t+3.  Given the estimation time periods utilised in this study it is possible to address a number of questions including contemporaneous, short-term, and longer term impacts from participation in each of the three programmes and a pair-wise comparison of the three programmes.  (These results are reported in Tables 6 and 7)  Analyses of the estimated impacts are separated into two groups.  The first considers the effect of participating in a particular programme compared with not receiving an intervention and the second considers the pair-wise comparisons
.
The effects of participating in a specific active labour market programme as opposed to not participating in any programme are identified in Table 6.  The coefficient estimates indicate the change in the proportion of the year registered as unemployed as a result of participating in a particular labour market programme.  A negative coefficient represents a beneficial impact as the time registered as unemployed decreases, whereas a positive coefficient represents a detrimental effect.  For example, in Table 6 the estimate for t+1 from participating in Training Opportunities is -0.0786.  This indicates that participation in the Training Opportunities programme reduces the time registered as unemployed for an individual on average by 0.0786 of a year (28.7 days) in the year immediately following the intervention.  
When analysing participation in an active labour market programme one concern that has received attention in the literature is the possibility of “locking-in” effects.  A locking-in effect occurs when participants increase their propensity to be unemployed due to participation in a programme (Sianesi, 2003). A locking-in effect is identified by positive coefficients in period t.  There are no statistically significant positive coefficients at t which suggests that locking-in effects are not a problem with these programmes.
The results for the impact in each of the programmes are shown in the first three rows of Table 6.  The coefficients indicate that the largest beneficial effects for participants occur at t+1 and that they dissipate thereafter.  For Community Task Force, there is a statistically significant beneficial effect in each of the three years post-intervention, although it declines in magnitude over time.  For Training Opportunities, there is a statistically beneficial effect only at t+1.  The cumulative estimate identifies the impact from t+1 until t+3 compared with time t-4 until t-2.  It is apparent that each of the programmes has a statistically significant beneficial impact, with the greatest impact being for Community Task Force.  The smallest overall impact is for Training Opportunities with a cumulative effect of -0.0784 or 28.6 days over the three year time period.  This low outcome for Training Opportunities, the key training programme reflects the findings from the US where Lalonde suggests that with respect to training programmes the

…best summary of the evidence about the impact of past programmes is that we got what we paid for.  Public sector investments in training are exceedingly modest compared to the magnitude of the skill deficiencies that policy makers are trying to address.  Not surprisingly modest investments yield modest gains. (LaLonde, 1995: 149)
Table 6: Estimates of Impact of Participation in Jobs Plus, Community Task Force and Training Opportunities

	 
	t
	t+1
	t+2
	t+3
	Cumulative (t+1 to t+3)

	Category
	Coefficient


	Standard Errors
	Coefficient


	Standard Errors
	Coefficient


	Standard Errors
	Coefficient


	Standard Errors
	Coefficient


	Standard Errors

	Intervention
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP-NI
	-0.0126**
	0.0048
	-0.2138**
	0.0087
	-0.0568**
	0.0088
	-0.0166
	0.0175
	-0.2540**
	0.0195

	CTF-NI
	-0.0122
	0.0095
	-0.1685**
	0.0215
	-0.1019**
	0.0169
	-0.0505**
	0.0148
	-0.3219**
	0.0429

	TO-NI
	-0.0112*
	0.0052
	-0.0786**
	0.0141
	-0.0150
	0.0129
	-0.0153
	0.01286
	-0.0784**
	0.0279

	Age<40
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP-NI
	-0.0127
	0.0068
	-0.2052**
	0.0119
	-0.0590**
	0.0098
	-0.0112
	0.0114
	-0.2530**
	0.0286

	CTF-NI
	-0.0019
	0.0130
	-0.2050**
	0.0312
	-0.0819**
	0.0291
	-0.0210
	0.0258
	-0.3079**
	0.0779

	TO-NI
	-0.0116
	0.0068
	-0.0832**
	0.0178
	-0.0034
	0.0198
	-0.0169
	0.0169
	-0.0697
	0.0476

	40 ≤Age<50
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP-NI
	-0.0254**
	0.0057
	-0.2130**
	0.0131
	-0.0637**
	0.0111
	-0.0087
	0.0102
	-0.2680**
	0.0205

	CTF-NI
	-0.0332
	0.0173
	-0.1850**
	0.0381
	-0.1585**
	0.0244
	-0.0752**
	0.0233
	-0.4187**
	0.0684

	TO-NI
	-0.0102
	0.0073
	-0.0743**
	0.0195
	-0.0172
	0.0200
	-0.0113
	0.0156
	-0.0802
	0.0496

	Age≥50
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP-NI
	-0.0080
	0.0061
	-0.2144**
	0.0181
	-0.0506**
	0.0174
	-0.0263
	0.0182
	-0.2387**
	0.0377

	TO-NI
	-0.0312
	0.0178
	-0.1106**
	0.0290
	-0.0692*
	0.0291
	-0.0032
	0.0292
	-0.1829**
	0.0728

	No Formal Qualification
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP-NI
	-0.0003
	0.0062
	-0.2177**
	0.0107
	-0.0733**
	0.0114
	-0.0005
	0.0098
	-0.2917**
	0.0266

	CTF-NI
	-0.0211
	0.0123
	-0.1929**
	0.0281
	-0.1124**
	0.0324
	-0.0522*
	0.0254
	-0.3574**
	0.0737

	TO-NI
	-0.0154*
	0.0070
	-0.0787**
	0.0167
	-0.0180
	0.0153
	-0.0138
	0.0143
	-0.0829*
	0.0380

	School Qualification
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP-NI
	-0.0022
	0.0055
	-0.2298**
	0.0114
	-0.0689**
	0.0101
	-0.0004
	0.0103
	-0.2983**
	0.0243

	CTF-NI
	-0.0046
	0.0137
	-0.1040**
	0.0361
	-0.0748*
	0.0300
	-0.0382
	0.0255
	-0.2170**
	0.0853

	TO-NI
	-0.0090
	0.0090
	-0.0767**
	0.0230
	-0.0013
	0.0286
	-0.0172
	0.0214
	-0.0582
	0.0588

	Post School Qualification
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP-NI
	-0.0027
	0.0055
	-0.2386**
	0.0170
	-0.0720**
	0.0135
	-0.0040
	0.0120
	-0.3146**
	0.0304

	TO-NI
	-0.0213
	0.0127
	-0.0813
	0.0467
	-0.0137
	0.0397
	-0.0169
	0.0325
	-0.0782
	0.0943


JP-NI
Jobs Plus compared with No Intervention





*   significant at 0.05 level

CTF-NI
Community Task Force compared with No Intervention




** significant at 0.01 level

TO-NI
Training Opportunities compared with No Intervention
Table 7: Pair-wise Estimates 

	 
	t
	t+1
	t+2
	t+3
	Cumulative (t+1 to t+3)

	 
	Coefficient


	Standard Errors
	Coefficient


	Standard Errors
	Coefficient


	Standard Errors
	Coefficient


	Standard Errors
	Coefficient


	Standard Errors

	Intervention
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP - TO
	-0.0242
	0.0132
	-0.1575**
	0.0206
	-0.0670**
	0.0182
	-0.0279
	0.0167
	-0.2524**
	0.0423

	CTF-TO
	-0.0127
	0.0229
	-0.0754*
	0.0367
	-0.0619
	0.0335
	-0.0165
	0.0290
	-0.1539*
	0.0777

	CTF-JP
	-0.0011
	0.0138
	-0.0866**
	0.0283
	-0.0024
	0.0217
	-0.0256
	0.0218
	-0.0634
	0.0564

	Age<40
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP - TO
	-0.0114
	0.0137
	-0.1599**
	0.0214
	-0.0761**
	0.0211
	-0.0373*
	0.0165
	-0.2734**
	0.0509

	CTF-TO
	-0.0180
	0.0305
	-0.1083*
	0.0488
	-0.0580
	0.0487
	-0.0334
	0.0419
	-0.1996
	0.1203

	CTF-JP
	-0.0140
	0.0219
	-0.0849*
	0.0397
	-0.0451
	0.0349
	-0.0186
	0.0302
	-0.1486
	0.0891

	40 ≤Age<50
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP - TO
	-0.0330*
	0.0162
	-0.1609**
	0.0231
	-0.0727**
	0.0189
	-0.0298
	0.0216
	-0.2634**
	0.0598

	CTF-TO
	-0.0336
	0.0386
	-0.0961
	0.0657
	-0.1644**
	0.0460
	-0.0891*
	0.0436
	-0.3496**
	0.1277

	CTF-JP
	-0.0219
	0.0192
	-0.0742
	0.0405
	-0.0593
	0.0339
	-0.0411
	0.0256
	-0.0262
	0.0856

	Age≥50
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP-TO
	-0.0086
	0.0189
	-0.1659**
	0.0296
	-0.0489
	0.0295
	-0.0076
	0.0276
	-0.2224**
	0.0796

	No Formal Qualification
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP - TO
	-0.0251
	0.0139
	-0.1485**
	0.0189
	-0.0567**
	0.0179
	-0.0156
	0.0162
	-0.2208**
	0.0508

	CTF-TO
	-0.0160
	0.0264
	-0.0605
	0.0447
	-0.0361
	0.0435
	-0.0170
	0.0363
	-0.0796
	0.0998

	CTF-JP
	-0.0073
	0.0180
	-0.0589
	0.0354
	-0.0132
	0.0329
	-0.0210
	0.0248
	-0.0248
	0.0790

	School Qualification
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP - TO
	-0.0104
	0.0185
	-0.1833**
	0.0275
	-0.0865**
	0.0213
	-0.0405*
	0.0186
	-0.3102**
	0.0601

	CTF-TO
	-0.0195
	0.0387
	-0.0329
	0.0499
	-0.0576
	0.0427
	-0.0338
	0.0437
	-0.1244
	0.1197

	CTF-JP
	-0.0036
	0.0247
	-0.1577**
	0.0413
	-0.0193
	0.0302
	-0.0288
	0.0344
	-0.1482
	0.0927

	Post School Qualification
	 
	 
	
	
	 
	 
	
	
	 
	 

	JP-TO
	-0.0058
	0.0228
	-0.1858**
	0.0328
	-0.0891**
	0.0265
	-0.0534*
	0.0232
	-0.3283**
	0.0634


JP-TO

Jobs Plus compared with Training Opportunities 






* significant at 0.05 level

CTF-TO

Community Task Force compared with Training Opportunities





**significant at 0.01 level
CTF-JP

Community Task Force compared with  Jobs Plus
Due to the smaller number of participants in Community Task Force, compared to either Training Opportunities or Job Plus, it is not possible to undertake analysis for all of the sub-groups in that programme.  Nevertheless, there are some interesting results from the sub-group analysis.  There is no noticeable change in the impact from participation in Training Opportunities as the level of education increases.  On the other hand, Community Task Force is more effective for those with no formal qualifications.  While the beneficial effect of Community Task Force declines with age, this is not the case for Training Opportunities where the largest beneficial impact is for those aged 50 or more.  The cumulative impacts indicate that all of the sub-groups have statistically significant beneficial effects except for those on Training Opportunities either aged 50 or less or those who have only a school level qualification. 
The pair-wise estimates that explicitly match individuals on two programmes are used to directly compare the effectiveness of those programmes. These results are shown in Table 7.  The matching process and the specification testing provide confidence that the estimates can be interpreted as the average gain or loss from participating in programme X compared with participating in programme Y.  For example, the coefficient on Job Plus/Training Opportunities for t+1 is -0.1575.  The interpretation is that, on average, participation in Job Plus rather than Training Opportunities for individuals who are equally likely to be in either programme will decrease time registered as unemployed by 0.1575 (57.5 days) in year t+1.  
A comparison of the impact of Job Plus with Training Opportunity using the pair-wise estimates indicates that Job Plus is relatively more beneficial, with statistically significant negative coefficients for both years t+1 and t+2.  As far as different age groups are concerned, the cumulative effect indicates that the beneficial impact decreases as participants are in older age groups.  The opposite case exists for different qualification levels, with the gain from moving to Job Plus increasing with higher levels of education.  
Individuals who participate in Community Task Force compared with Training Opportunities gain 0.1539 of a year less time registered as unemployed over the three years post-intervention.  This gain occurs for those who are between 40 and 50 years of age but not for those who are less than 40 years.  There is no statistically significant cumulative effect for any of the qualification groups.  The comparison of Community Task Force and Job Plus shows that there is a detrimental effect on average in t+1 from participation in Community Task Force as the coefficient is positive and significant.  However, this detrimental effect has disappeared by t+2 and the cumulative effect is also statistically insignificant.  The sub-group estimates fail to identify statistically significant beneficial or detrimental effects for any of the groups.
7.  Cost Effectiveness Analysis
The estimated impacts of participation in the three active labour market programmes reported in Section 6 do not take into account their overall cost effectiveness.  This issue is considered in this section with a narrow focus because a full cost/benefit analysis is not possible due to data limitations.  The analysis here concentrates on the net fiscal cost of providing these programmes.  This is an important policy concern to governments over whether these interventions can be justified in terms of their direct fiscal costs and benefits. 

The calculations are based on the estimated direct fiscal costs and benefits of providing the specific programmes.  The Net Fiscal Cost (NC) of a specific intervention programme is estimated as follows:
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where:

C = current direct fiscal cost of providing the programme to an individual

B = fiscal benefit which is the present value of the reduction in benefit payment by the government arising from an individual participating in an intervention programme 
The fiscal costs (C) are measured in 1995 dollars and are associated with the average length of each intervention programme.  This measure of fiscal costs covers only the direct cost to the government of providing each programme to a participant and does not consider any of the costs, including opportunity costs, to the participant.  The fiscal cost is the change in cost associated with moving from one state to another.  For example, the fiscal cost of an individual participating in Job Plus, Community Task Force or Training Opportunities, compared with not being in an intervention, is the cost to the government of providing the programme to that individual.  On the other hand, the fiscal cost of the pair-wise comparisons is equal to the change in cost to the government of an individual moving from participating in one programme to another.
The fiscal benefit (B) is the reduction in unemployment benefit payments arising as a result of someone participating in a programme.  Following Baumgartner and Caliendo (2007), the change in unemployment resulting from participation in a programme is measured by the cumulative matching estimates.  As before, there are two types of counterfactual; not being in an intervention or being in another specific intervention.  The cumulative impact is multiplied by the benefit payment from the government to identify the reduction in unemployment payments from the government.  Given that this is a cumulative measure over the four years, it is not possible to discount the gain (loss) in each of the years.  Therefore, there is no discounting and the analysis calculates the gain (loss) based on the benefit payment received in 1995 by a single male over 29 years of age with no supplements.  
We take a specific example to illustrate this net fiscal approach calculation.  The cumulative coefficient for an individual participating in Training Opportunities compared with not participating in any other programme is -0.0784.  This indicates that as a result of participation in Job Plus, on average, the time spent registered as unemployed from t+1 to t+3 by males fell by 0.0784 of a year.  The fiscal benefit for Job Plus is calculated by multiplying -0.0784 by $7199.92, the annual benefit payment in 1995.  The estimated fiscal savings is -$564.47.  The average fiscal cost of delivering Training Opportunities is $4,220.  Subtracting $564.47 from this cost, gives us a net fiscal cost of $3,655.53.  This indicates that there is a net fiscal loss of this amount to the government in moving an individual from no intervention onto Training Opportunities.  
The fiscal cost of moving from one programme to another takes into consideration the relative difference between the costs of providing each programme.  For example, the fiscal cost of moving from Job Plus to Community Task Force is -$2,245, the difference between $4,476 and $2,231.  A positive estimate indicates that the programme has a detrimental effect upon the government’s long run fiscal position, while a negative estimate suggests that the government’s fiscal position has been improved as a result of providing an intervention programme.  
Table 8: Net Fiscal Cost Estimates Per Person
	Interventions


	Fiscal Cost of Intervention1  (1995 $)
(C)


	Cumulative Coefficient

(t+1 to t+3)
	Standard Error


	Fiscal Benefit4
($)

(B)
	Net Fiscal

Cost5

($)

(NC)



	JP-NI
	4,4762
	-0.2540**
	0.0195
	-1,828.78
	2,647.22

	CTF-NI
	2,2312
	-0.3219**
	0.0429
	-2,317.65
	-86.65

	TOP-NI
	4,2203
	-0.0784**
	0.0279
	-564.47
	3,655.53

	JP-TO
	256 
	-0.2524**
	0.0423
	-1,817.26
	-1,561.26

	CTF-JP
	-2,245
	0.0634
	0.0564
	456.48
	-1,788.52

	CTF-TO
	-1,989
	-0.1539*
	0.0777
	-1,108.07
	-3,097.07


JP-NI
Job Plus compared with No Intervention




*   significant at 0.05 level

CTF-NI
Community Task Force compared with No Intervention



** significant at 0.01 level

TO-NI
Training Opportunities compared with No Intervention
JP-TO
Job Plus compared with Training Opportunities
CTF-TO
Community Task Force compared with Training Opportunities
CTF-JP
Community Task Force compared with Job Plus
1 The cost data were deflated, where appropriate, to 1995 dollars and then adjusted from weekly cost calculations to identify the actual cost of the intervention based on the average length of that intervention

2 Data from Work and Income New Zealand (1999)

3 Data from Te Puni Kokiri, New Zealand (2001)

4 The calculation of the reduction in benefit payments is based on the following:

a. the 1995 unemployment benefit of $138.46 per week that was received by a single male over 29 years of age with no supplements, which is $7,199.92 per annum

b. the reduction in time spent unemployed is the cumulative coefficient point estimate obtained using DID LLR matching.  The Fiscal Benefit (B) over the four year time period is (Cumulative Coefficient x $7199.92)

5 The Net Fiscal Cost is calculated as follows: (Fiscal Cost of Intervention) + (Fiscal Benefit)  

The results indicate that there are statistically significant detrimental fiscal effects associated with placing people who were not receiving an intervention on to either Job Plus or Training Opportunities programmes. Note that the results for Job Plus are likely to be biased as identified earlier.  There is a small net fiscal gain from placing the unemployed into Community Task Force.
Moving people from one intervention to another, given that they are already in the first intervention and are equally likely to be in either intervention, has a beneficial marginal effect on the fiscal position.  This is indicated by the negative value of the net fiscal cost.  For those moving from Training Opportunities and Job Plus to Community Task Force the major influence on the improvement in the fiscal position is the decrease in the cost of running Community Task Force.  In fact, those who move from Job Plus to Community Task Force spend more time unemployed, but this deterioration in the fiscal position is offset by the cost savings of the move.  Overall, the matching process identifies those on a programme who were equally likely to have been on another programme and making this move improves the government’s fiscal position for each of the programmes.  
These results are only indicative of the fiscal costs and benefits associated with providing these specific interventions.  The benefit calculations are based on the payment to a single male over 29 years, which does not take into account the benefit that may be paid to a married male or any other supplementary payments an individual may receive.  The original dataset does not have enough information to ascertain the average benefit level for these other potential payments.  The fiscal benefit may, therefore, be understated.  An important assumption in these calculations is that when the participants move off the unemployment register the fiscal cost associated with them decreases.  This is not always the case, as some participants may move from the unemployment register to another government benefit, including, for example, the sickness or invalids benefit.  The calculations here do not take into account the fiscal costs associated with this possibility, thus potentially overstating the fiscal benefit from providing these interventions.  On the hand, the failure to take into account the potential tax revenue raised from working ex-beneficiaries may lead to an understatement of the fiscal benefit.  A further limitation that needs to be recognised is that the net fiscal cost analysis covers the three years post intervention.  There may be further benefits and costs in subsequent years that are not included in this analysis. 
8.  Conclusion

The registered unemployment experience of males in New Zealand between 1989 and 1997 has been used to evaluate the impacts of participation in three active labour market programmes upon participants and to analyse the cost effectiveness of these interventions.  Careful attention has been given to the testing whether the approach that we use is robust.  Several conclusions can be drawn from this study.  
Firstly, the importance of specification and balancing tests is apparent.  The specification tests identified the presence of bias in several of the models which was evident in the Job Plus models.  Secondly, estimating the impact of participation over several years post-intervention is critical in showing that the immediate gains from programme participation dissipate in later years.  Thirdly, allowing for heterogeneity in the estimation of the effects of active labour market programmes displayed important differences in programme effects across demographic groups.  Fourthly, a comparison of the impact of participating in one programme relative to another was undertaken using pair-wise evaluation.  The advantage of pair-wise evaluation is that the comparisons of pairs of programmes are based on people in one programme who are equally likely to have been on the other programme as estimated by the propensity score. This is not the case when comparing the impact of programmes against not being in an intervention, as has been the general approach to comparing programmes.  The pair-wise estimation results here indicate that Job Plus is more beneficial than Training Opportunities and Community Task Force is more beneficial than Training Opportunities.  
A major contribution of this study has been to calculate the cost effectiveness to the government of the programmes.  This analysis provides information for policy makers on the net fiscal effects of providing a programme to non-participants.  In the case of the pair-wise calculations, these cost effectiveness measures identify the marginal net fiscal effects of moving someone from one programme to another where the individual is equally suited to either programme.  The results indicate that moving people from no intervention onto one of the three programmes generally has detrimental net fiscal impacts.  On the other hand, there are net fiscal gains from moving an individual who is equally likely to be in either programme from Training Opportunities to Job Plus, from Job Plus to Community Task Force and from Training Opportunities to Community Task Force. 
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� As noted by Mare � ADDIN EN.CITE <EndNote><Cite><Author>Mare</Author><Year>2002</Year><RecNum>427</RecNum><Suffix>: 2</Suffix><MDL><REFERENCE_TYPE>0</REFERENCE_TYPE><REFNUM>427</REFNUM><AUTHORS><AUTHOR>Mare, D</AUTHOR></AUTHORS><YEAR>2002</YEAR><TITLE>The Impact of Employment Policy Interventions</TITLE><SECONDARY_TITLE>Labour Market Bulletin</SECONDARY_TITLE><VOLUME>2000-02 Special Issue</VOLUME><PAGES>57-100</PAGES></MDL></Cite></EndNote>�(2002)�, 36 evaluations were carried out between 1994 and 2000 in New Zealand ,using a wide range of techniques, and assessed against the different programme objectives.  However, they all tended to focus on the same key question: the effect of participation upon participants.    Many of these evaluations have been process evaluations or largely qualitative in nature.  


� In July 2004 the Labour Market Policy Group was disbanded as the Department of Labour changed its strategic direction during this reorganisation.


� The New Zealand Employment Service (NZES) is part of the Department of Labour, and maintained the register of all unemployed over the duration of the dataset.  It was also responsible for administering many of the ALMPs.  Unemployment benefits were administered by Income Support in the Department of Social Welfare.  In 1998, NZES was integrated with Income Support to form Work and Income New Zealand (WINZ), and WINZ became part of the Ministry of Social Development in 2001.


� The following variables are included in the dataset each time a client had an unemployment spell: start date of the spell, end date of the spell, a unique client number, date of birth, gender, ethnicity, highest educational qualification, reason for leaving the register, office at which the client is registered, preferred occupation, barriers to employment and hours available to work.


� The following variables are included in the dataset each time an intervention occurred: the office which manages the client, start date of the intervention, a unique client number which is the same as that in the enrolment dataset, end date of the intervention, the type of intervention and the immediate result of the intervention.


� The model specification results above indicate that the following estimates are likely to be biased; Job Plus compared with no intervention, those on Training Opportunities with a post school qualification and on Community Task Force aged less than 40 and the Community Task Force/Job Plus and Community Task Force/Training Opportunities pair-wise comparison for those between  40 and 50 years old.
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