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Abstract 

Aims: It is common in the context of evaluations that participants have not been selected on the 

basis of transparent participation criteria, and researchers and evaluators many times have to make 

do with observational data to estimate effects of job training programs and similar interventions. The 

techniques developed by researchers in such endeavors are useful not only to researchers narrowly 

focused on evaluations, but also to social and population science more generally, as observational 

data overwhelmingly is the norm, and the endogeneity challenges encountered in the estimation of 

causal effects with such data are nontrivial. The aim of this article is to illustrate how register data 

can be used strategically to evaluate programs and interventions, and to estimate causal effects of 

participation in these. Methods: We use propensity score matching on pre-treatment period 

variables to derive a synthetic control group, and use this group as a comparison to estimate the 

employment treatment effect of participation in a large job training program. Results: We find the 

effect of treatment to be small, positive, but transient. Conclusions: Our method reveals a strong 

regression to the mean effect, extremely easy to interpret as a treatment effect, had a less advanced 
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design been used (e.g., a within-individual panel data analysis), and illustrates one of the unique 

advantages of using population register data for research purposes.  

 

Key words: programme evaluation, job training, unemployment, endogeneity, confounding, 

propensity score matching, synthentic control group, casual effects, regression to the mean 

Introduction 

It is commonplace in the context of evaluations of programs aiming at improvement of some aspect 

of individual lives that the groups of participants have not been created on the basis of transparent 

participation criteria, why researchers and evaluators many times have to make do with 

observational data to estimate effects of interventions. The techniques developed by researchers in 

such endeavors are, thus, useful not just to researchers narrowly focused on programs, but also to 

social and population sciences more generally, as observational data overwhelmingly is the norm, 

and the challenges encountered in the estimation of causal effects with such data are not trivial.1, 2 

The aim of this article is to illustrate how register data can be strategically used to evaluate such 

programs, and provide causal estimates of participation in these.  

Our empirical case is the European Social Fund in Sweden’s so-called program area 

two, which was implemented during 2007-2013. In this program area, the Social Fund financed 

projects aiming at improving the chances of employment for individuals at a substantial distance 

from the labor market: individuals who had been unemployed for at least one year, among whom 

job-seekers of foreign background, and young job-seekers were prioritized. In total, the Swedish ESF-

Council financed 515 projects in this program area, mainly with municipalities as project owners. The 

funding provided by the Social Fund for these projects amounted in total to 463 million Euros.3  

When an individual has participated in a project, the initial and outcome values 

regarding the individual’s labor market status are usually known. It is however well known that 

attempting to assess the effectiveness of measures through a before-after design can lead to 
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incorrect conclusions, as the outcome after participation in a given program is virtually never 

exclusively caused by the content of the program. Selection on unobservables into participation and 

time-varying conditions in the economy may play a central role for the outcome. Job-seekers who 

participate in a program may be selected on motivation and ability to find employment, biasing the 

estimated effect of participation. A shift in the economic cycle independently influences the 

likelihood that participants will be able to find employment. Although the terminology differs across 

disciplines, researchers are well aware of the fact that with observational data, the effect of a 

program is easily mixed up with effects of unknown factors. In the sociological literature, it is usually 

discussed as spuriousness, in econometrics as endogeneity, and in epidemiology as confounding.  

The relevant counterfactual question to ask is: What would have happened to these 

individuals had they not participated in the program in question? Since it is not possible to observe 

the outcome of individuals’ participation and non-participation simultaneously, it is necessary to find 

a relevant group with whom the participants can be compared, the “golden standard” being 

randomized controlled trials, where participants are randomly assigned either to the training 

program that is the object of the evaluation, or to a control group. The random assignment of 

individuals to the experiment and control groups respectively means that the distribution of 

observed and unobserved individual characteristics and experiences that may be of relevance to the 

outcome are expected to be equivalent at the group level. If the experiment group, following 

participation in the program, transitions into work to a greater extent than the control group, this 

may be regarded as evidence of a positive causal effect of participation in the specific job program 

examined. Sometimes the researcher have access to data where some naturally occurring 

randomization has taken place, which can be used as an instrument, but good instruments are rare. 

Usually, groups of participants and nonparticipants have been created on the basis of less 

transparent participation criteria.  

To overcome these difficulties, we use a method similar to the so-called synthetic 

control method.4 Our approach has several advantages. The control group is selected in a data-driven 
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manner, considerably reducing arbitrariness. It is a weighted average of individuals that in the 

aggregate is very close to the participant group on a large combination of relevant pre-participation 

characteristics and experiences. Neither the total adult population, nor a control group selected on a 

single variable (e.g., all unemployed) would come nearly as close to serve as an as meaningful control 

group. Unlike within-individual panel designs, the synthetic control group method is better adapted 

to take into account effects of unobservable confounders that vary over time, in particular when 

there is selection on the dependent variable into treatment. The reason is that unlike the treatment 

group during the pre-treatment period, a carefully selected control group is as likely as the treatment 

group to experience unobserved positive events increasing their job chances during post-treatment. 

Prior to participation, such unobserved positive events are by definition rare in the treatment group 

(otherwise they would not be treated), making the treatment group in the pre-treatment condition – 

the implicit “control group” in within-individual panel designs – far from appropriate. We will 

elaborate on this point in the results section. 

Data and Analytical Strategy 

The data employed in the empirical analyses, which has been a part of the official evaluation of ESF-

programmes, cover the period 2004–2011, and include all individuals who participated in an ESF-

financed training program during the years 2008–2010 (N = 41,590) and a matched sample of non-

participant individuals aged between 16 and 64, selected from Statistics Sweden’s population 

registers (N = 247,419).5 The non-participant individuals were selected from a 20 percent random 

sample of the total adult population residing in Sweden during 2008-2010 (about 1.1 million 

individuals). None of these individuals participated in an ESF-financed project, but our matching 

procedure made sure they shared similar characteristics and experiences with the participant group 

and, on average, were equivalent to this group on several crucial variables. For each individual who 

participated in an ESF-financed project, we used propensity score matching to select the participant’s 

ten “nearest neighbours” on certain observed characteristics and events that are correlated with 
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participation, using the Stata module PSMATCH2.6 The same individual may be selected as a “nearest 

neighbour” to more than one participant, i.e. the matching process was conducted with 

replacement. We based the matching on an additive participation prediction (logit) model that 

included the following independent variables, where t represents the time of the matching year, t – 1 

the matching year minus 1, t – 2 the matching year minus 2, and so on: (1) Dummy variable for 

employment status (in work yes/no) for t, t – 1, t – 2, t – 3 and t – 4. (2) Dummy variable for income 

rank in percentiles for t, t – 1, t – 2, t – 3 and t – 4 (income of work/ business activity) with indicators 

for the following percentile groups: 0, 1, 2, 3, 4, 5-6, 7-8, 9-10, 11-12, 13–14, 15–20, 21–30, 31–40, 

41–50, 61–60, 61–70, 71–100. (3) Dummy variable for municipality of residence at t (4) Dummy 

variable for educational level (7 categories, ranging from compulsory to postgraduate) at t (5) Length 

of residence in Sweden at t (dummy variable with 6 categories: since birth; 0-2 years; 2-5 years; 5-10 

years; 11-20 years; 20+ years). (6) Dummy variable indicating country of birth. (7) Indicator for 

gender. Since a not inconsiderable proportion of the participants are comprised of youths and 

recently arrived immigrants, register data for these are often unavailable for one or more years 

during the year(s) in question. In order to produce a matched group that was equivalent with regard 

to this, we coded missing data as a separate category, and balanced the groups on these values. A 

balancing test indicated that the participation and control group were well balanced on the variables 

employed in the matching.5 It should be noted that we can only match on information available in 

registers. Although motivation and ability most probably affect employment chances, we are only 

able to take into account the influence of such factors insofar as they are captured by the 

employment history and other observables of individuals. Relatedly, our matching on missingness as 

a separate category hinges on the assumption that individuals with missing data in the treatment 

group do not differ on unknown parameters from individuals with missing data in the control group. 

The outcome we are interested in is the extent to which participants in ESF-financed 

projects improved their chances of obtaining work subsequent to project participation, relative to 

the control group. Employment is a dichotomous variable, with the value zero representing a lack of 
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income from work and the value one indicating that the individual has had some income from work 

during the year in question. We checked the robustness of our results using income rank as 

dependent variable, and the pattern of results were very similar to those reported below. We 

account for the matching with replacement in the calculation of standard errors, using the method 

detailed in [7]. 

Results 

In Table 1 we present mean values of employment for the control group and also the extent to which 

the corresponding values of the ESF-participants deviate from these control-group means prior to 

and subsequent to the ESF-participants’ entry into a project. The table shows that there is no major 

difference between the groups prior to project participation, indicating that the matching was 

successful. For both groups, the employment level initially lies at just over 20 percent, and then 

decreases to 14–15 percent in the year in which the ESF-participants are first assigned to an ESF-

financed project.  

During the follow-up years the proportion of ESF-participants in employment 

increased substantially, from 14.7 percent in the year of project entry to 37.3 percent three years 

later. When we shift the focus to the control group, however, we see that the trend in the proportion 

in employment was very similar also in this group. Here the proportion in employment increased 

from 14.4 percent in the year during which their “twins” entered ESF-financed projects, to 37.0 

percent three years later, which is thus much the same as the proportion noted among the ESF-

participants at this point. A somewhat larger proportion of the ESF-participants were in employment 

during the intervening years, however. This difference is clearly visible and statistically significant, 

but is relatively small, at a maximum equal to a 2.2 percentage point advantage. Thus, the estimated 

positive effect of participation is relatively small, and transitory. The substantial improvement that 

follows participation appears to be something that also characterizes the matched group of “twins” 
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that were selected on the basis of the ESF-participants’ characteristics and experiences during the 

period prior to participation.  

To check whether the recovery in both groups was a result of some kind of 

idiosyncratic shock, we also employ a form of placebo analysis. We repeat our analysis, in 

combination with matching, the difference being that this time the groups are matched on the basis 

of data relating to the individuals’ situation up to one year prior to the participants entering the ESF-

financed projects. It should thus be noted that in this instance, the matching process produces a 

control group that is comprised of new individuals. The placebo line in Figure 1 shows that the 

recovery in this control group begins immediately in the year following the final year on which the 

groups were matched on the relevant characteristics and experiences.  

Thus, one clear result is that the employment rate increases dramatically during the 

years subsequent to participation as well as subsequent to placebo participation. We do not believe 

that these recoveries are due to all groups participating in some form of measure that has served to 

raise them up out of the marginalized position in which they found themselves. That explanation 

begs the question of why the recovery always starts immediately after the control group and the 

placebo group is left to their own devices.  We find the evidence pointing in a different direction. If 

an analysis is focused on a group that is characterized by extreme values (in our case extreme low 

values) on the dependent variable at the first observation point (t), it is highly likely that the same 

group will have moved towards the mean value for the same variable (which would in our case 

involve a significant improvement on the outcome variable) at the next observation point (t+1). It is 

conceivable that there may be different reasons for a certain group of individuals having an 

employment rate of 15–20 percent. Obviously, it may be due to them quite simply lacking certain 

qualifications or characteristics that are valued by employers. However, it may also be due to in part 

transitory problems in the form of e.g. illness, substance abuse, negative events in the family, or 

other negative traumatic events. There is likely a disproportionately large accumulation of problems 

of this kind in a group of individuals that persist in having an employment rate of just 15–20 percent 
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over a period of several years. Given the role played in everybody’s lives by chance occurrences, 

however, such an accumulation of problems is unlikely to persist over time. 

In the statistical literature, this well-known phenomenon is labelled regression to the 

mean, which is a statistical phenomenon that occurs when repeated measurements are made on the 

same subject or unit of observation, and there is measurement error, and/or true random 

fluctuations between measurements. The tendency is more powerful the weaker the correlation ρ 

between two measurement points, in our case the observation points t and t + 1. In our data, 

employment at point t and employment at point t + 1, ρ = .75. The population mean for employment 

among individuals with the same characteristics (education, number of years in Sweden, gender, 

municipality of residence) as the ESF-participants is 57 percent. The average expected regression to 

the mean between two measurement points can in our case be calculated to amount to 25 percent 

(1 – ρ, i.e. 1 – .75 = .25).8 Given that the ESF-group’s employment rate is at 15 percent in the year 

prior to entering an ESF-financed project, the expected mean value for the group in the first year 

after project entry can be calculated to amount to 15 + .25(57–15) = 25.5, i.e. an employment rate of 

25.5 percent. The corresponding expected regression to the mean in year two may be calculated to 

25.5 + .25(57–25.5), producing an expected employment rate of 33.4 percent. The calculation for 

year 3 is 33.4 + .25(57–33.4), i.e. an employment rate of 39.3 percent. As can be seen in Figure 1 (and 

Table 1), these figures present a good match to the employment rates of both the control group and 

the ESF-group in the years following entry into an ESF-financed project.  

Conclusion 

The task of evaluating the causal effects of programs aiming at improvement of some aspects of 

individual lives is a difficult one. This is a result of the fact that these programs usually have not been 

designed in a way that makes it possible to evaluate them in a scientifically acceptable way. On a side 

note, it is quite problematic that policy makers accept a situation where intentions behind social 
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interventions are the only issue that can be evaluated while the results of these interventions remain 

obscure. 

Here we propose a register-based method of evaluating treatment effects of an 

intervention when the participants have not been recruited on the basis of transparent participation 

criteria. We create, ex post, a control group matched on central relevant observables in a population 

panel. Nordic population registers have obvious advantages in the context of evaluation studies like 

ours. They do not suffer from selective nonresponse, recall error or follow-up attrition bias. In the 

database individual histories can be followed retrospectively as well prospectively and central 

variables relevant for the description of labor market outcomes are covered. Our approach is, as far 

as we can judge, applicable for the evaluation of many other social interventions when individual 

register data on relevant variables is available.  

When we compare the employment levels in the control group and the treatment 

group we find the effect of treatment to be small, positive, and transient. Considering the amount of 

funding provided to these projects – 463 million Euros – the value added, in terms of increased 

employment chances for participants, seems to be meager. 

Our analysis shows a powerful recovery in the rate of employment and in incomes for 

treatment as well as control groups in the year following the final year in which the groups were 

matched with one another. We find convincing evidence that this recovery constitutes a 

manifestation of what the statistical literature refers to as regression to the mean, which means that 

units with extreme values tend over time to move towards the population mean. In other words, the 

major part of the improvement in labor market outcomes that we observe in our analyses should not 

be interpreted as a causal effect of the programs in which the individuals have participated. Instead, 

the observed recovery appears largely to be due to a “natural” tendency for marginalized groups to 

move closer to their true underlying employment chances. We initially estimated  within-individual 

panel models, and they misled us to believe there were strong positive treatment effects (these 

results are not reported but are available from the authors on request). That is, the pattern we 
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report in this study would be extremely easy to interpret as a strongly positive causal treatment 

effect, had a less advanced design been used, and our application illustrates one of the unique 

advantages of combining a strong design for causal inference with population register data. 
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Tables and Figures 

 

Table 1: Employment over time among ESF-participants by comparison with a matched control 

group. Employment refers to the proportion with work incomes. 

 

Matched control group ESF-participants 

Years prior to/after entry into 

ESF-financed job training 

project Employment (percent) 

Employment percentage point 

difference relative to control 

group 

4 years prior to entry 22.4 -0.3 

3 years prior to entry 21.1 -0.2 

2 years prior to entry 20.8 0.0 

1 year prior to entry 15.5 0.3 

Year of entry 14.4 0.3 

1 year after entry 26.8 1.7** 

2 years after entry 33.6 2.2** 

3 years after entry 37.0 0.3 

Number of observations 247,419 41,590 

*p<.05 **p<.01 that coefficient is equal to zero (t-test, two-tailed) 
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Figure 1: Proportion with income from work/business activity, prior to and subsequent to 

participation in job training program. Control group matched on characteristics during the period -4 

to 0 years, and -4 to -1 years, respectively.  
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