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ABSTRACT 

Sample selectivity is a recurrent problem in public health programmes and poses serious 

challenges to their evaluation. Traditional approaches to handle sample selection tend to 

rely on restrictive assumptions. The aim of this paper is to illustrate a copula-based selection 

model to handle sample selection in the evaluation of public health programmes. Motivated 

by a public health programme to promote physical activity in Leeds (England), we describe 

the assumptions underlying the copula selection, and its relative advantages compared to 

commonly used approaches to handle sample selection, such as inverse probability 

weighting and Heckman’s selection model. We illustrate the methods in the Leeds Let’s Get 

Active programme and show the implications of method choice for estimating the effect on 

individual’s physical activity. The programme was associated with increased physical activity 

overall, but the magnitude of its effect differed according to adjustment method. The 

copula selection model led to a similar effect to the Heckman’s approach but with relatively 

narrower 95% confidence intervals. These results remained relatively similar when different 

model specifications and alternative distributional assumptions were considered. The 

copula selection model can address important limitations of traditional approaches to 

address sample selection, such as the Heckman model, and should be considered in the 

evaluation of public health programmes, where sample selection is likely to be present. 
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KEY POINTS FOR DECISION-MAKERS 

• Evaluations of public health programmes are prone to sample selection, in which the 

outcome of interest is observed for a non-random subset of the programme 

participants. 

• Selection models are typically used to address sample selection as they can control 

for both observed and unobserved factors associated with both selection and 

outcome of interest.  

• The proposed copula selection model can address common limitations of traditional 

selection approaches and allow for a more adequate characterisation of the 

uncertainty associated with sample selection. 
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BACKGROUND 

Population-level programmes that aim to improve health-related behaviours (e.g. physical 

activity, healthy eating) play an important role in improving population health [1-2]. Public 

health decision makers are increasingly interested in the evaluation of such programmes to 

inform resource allocation [3]. However, evaluating the effects of such programmes is 

challenging [4-5], not least because studies tend to be poorly designed and data may not 

always be collected for primary research purposes [6]. One recurrent challenge is sample 

selection [4], whereby the outcome of interest (e.g. physical activity, diet) is observed for a 

non-random subset of participants initially registered in the programme (baseline). For 

example, this may arise due to resource constraints (e.g. convenience sampling), or 

individuals self-selecting themselves into the study. Ideally, this problem should be addressed 

at the design stage by carefully planning the study design prior to data collection. However, 

this is rarely the case with public health programmes, and evaluation is often faced with 

sample selection problems due to poor study designs [4]. 

 

The major concern with sample selection is that the individuals selected into the study tend 

to be systematically different from those eligible to participate who end up not being 

selected. These differences are often intrinsically related to the outcome of interest, hence 

giving rise to misleading conclusions about the effect of the programme. For example, 

studying the effects of a smoking cessation programme based on individuals who successfully 

quit smoking will overestimate the effect of the intervention [7]. 

 

Many evaluations of public health programmes focus their analyses on the subset of 

participants for whom they observe the outcome of interest [8]. Such analyses are based on 
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the strong assumption that differences between those selected and those not selected into 

the study can be explained by the observed data. For example, studies often control for key 

observed factors that may help explain selection within a regression framework. This 

assumption is often denoted by ‘selection on observables’ [9]. However, the real challenge 

with sample selection is that the chances of participating in the study will depend on 

unobserved data. For example, in the ‘Be Active’ study [10], individuals with healthier 

lifestyles (unmeasured factors) may have been more likely to attend the gyms, and hence 

had greater chances of participating in the study. Therefore, in these circumstances, 

methods assuming ‘selection on observables’ may lead to misleading inferences. 

 

Selection models can make more plausible assumptions about sample selection by 

controlling for both observed and unobserved factors that predict the probability of being 

selected into the sample and the outcome of interest, i.e. they allow for ‘selection on 

unobservables’ [11]. Among this category of models, the Heckman’s selection model [12] 

has been particularly popular as it can be readily implemented in a regression framework in 

standard software [13-14]. However, this approach has been shown to be particularly 

sensitive to departures from assumptions about: i) the availability of exclusion restriction 

variables, i.e. one or more variables that are predictive of non-response, but are 

independent of the outcome; ii) the joint normal distribution of the selection and outcome 

[15-16]. 

 

A more flexible selection approach that can address these limitations is the copula 

framework. Copula-based selection models can make less restrictive parametric 
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assumptions [17], and thanks to recent software development [18], they have become easy 

to implement, therefore, having the potential for being adopted more widely.  

 

This study therefore aims to illustrate the copula selection approach for addressing sample 

selection in the evaluation of public health programmes. The paper describes the 

assumptions underlying the copula selection model and discusses the relative advantages of 

this approach compared to more traditional methods. Motivated by a real-life population-

level physical activity promotion programme in Leeds (England), we illustrate the 

implications of method choice for estimating the impact of the Leeds Let’s Get Active (LLGA) 

programme on the individuals’ physical activity while also providing software code for 

implementing the proposed copula framework. 

MOTIVATING EXAMPLE 

Intervention 

LLGA was a City Council-led initiative to promote physical activity in adults [19]. LLGA 

programme offered free universal access to off-peak exercise sessions (e.g. use of free 

weights area) held in 17 operating City-Council leisure centres located in the most deprived 

areas of the city. All residents in Leeds were eligible to register to the programme. 

 

Data collection 

Baseline 

Residents could sign up at any time during the programme duration (i.e. 39 months, 

September 2013 to December 2016). At the time of registration (i.e. baseline), individuals 

were asked to provide basic information on age, gender and residential postcode which, 
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however, was not shared with the research team due to data processing restrictions. Instead, 

the programme manager provided information on Index of Multiple Deprivation (IMD) status 

in a binary form (top 20% IMD score or not). The IMD is a neighbourhood-level composite 

measure that includes seven weighted domains of deprivation: income, employment, 

education, health, crime, barriers to housing and services and living environment. IMD 

provides a generic measure of relative deprivation for small areas in the UK and has been 

widely used by local public health departments [20]. 

 

At baseline, all participants were also asked to self-report their current level of physical 

activity. This was based on a single-item question derived from the short-form International 

Physical Activity questionnaire [21], which asked the number of active days (NAD) they had 

per week. An active day was defined within the questionnaire as a day with at least 30 minutes 

of at least moderate physical activity. 

 

Follow up 

The organisers carried out a number of “survey follow-up weeks”, roughly every six months, 

to obtain a second physical activity measurement post exposure (i.e. registration to the 

programme) from a convenience sample of participants. The mode of data collection changed 

during the programme. In the first 18 months (cohort 1), programme staff and volunteers 

conducted face to face surveys in the hosting City-Council leisure centres, collecting outcome 

data on the present participants. From April 2015 (cohort 2), individuals registered to the 

programme were instead surveyed using web-based tools and email reminders. However, no 

record of the number of participants contacted or who contacted them to provide follow-up 

measurements was kept. 
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Participants 

The LLGA programme enrolled 51,874 individuals who reported information on baseline 

socio-demographics and NAD outcome. Of these, only 547 (around 1%) individuals were 

followed up and included in the sample. Table 1 below summarises the baseline data for all 

individuals who registered to the programme, comparing the whole sample of 51,874 with 

the sub-sample of 547 participants for whom also follow-up NAD data were available. 

 

Most of the individuals who signed up for the LLGA programme were female (62%), aged 

between 16 and 40 years (61%) and not living in the most deprived areas of the city (80% of 

these were outside the top quintile). Almost a third (29%) reported no physical activity (0 

active days) at baseline. Over 50% of participants reported between 1 to 3 active days.  

Overall, the sub-set of LLGA participants (n=547) were comparable to the whole group of 

individuals registered to the programme, except for being older, slightly less likely to be 

totally inactive (NAD=0) or live in the most deprived city areas, and more likely to have 

registered with the programme during cohort 2. 

 

Figure 1 compares the distribution of the NAD outcome among LLGA participants (n=547) 

before and after registering to the programme. A shift from a right-skewed to an almost 

normal distribution was observed, showing that the programme increased the average NAD 

per week. A marked change was observed in the lower levels of physical activity, particularly 

in terms of proportion of totally inactive individuals (NAD=0) which reduced from a baseline 

of 29% to a 7.3% at follow-up (Table A in Appendix I). 
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The LLGA programme has been the subject of economic evaluation [22]. Base case results, 

which were based on a complete case analysis, showed that the programme was cost-

effective, although as acknowledged by the authors, the risk of sample selection was of 

concern.  

METHODS 

Substantive model 

The outcome of interest is the effect of the LLGA programme (𝛽1) on NAD six months after 

registration (denoted here as 𝑌). For the purpose of illustrating the sample selection 

methods, we will model the outcome on the continuous scale, and assume it is a linear 

function of the intervention (𝐴) and covariates (𝑋), say: 

𝑌 = 𝛽0 + 𝛽1𝐴 + 𝛽2𝑋 + 𝑒                          𝑒~𝑁(0, 𝜎2)                     (1) 

where 𝐴 is a time dummy for before and after registration to the LLGA programme 

(exposure), and the covariates 𝑋 include demographic and socio-economic variables, that is 

age, sex and socio-economic status (IMD).  

 

Selection on observables 

Applying model 1 to the observed sample can allow for ‘selection on observables’ by 

controlling for some key observed factors (included in 𝑋) that may help explain selection. A 

popular approach under the ‘selection on observables’ assumption is the Inverse Probability 

Weighting (IPW) [23]. The IPW approach essentially involves creating a pseudo-population 

where each individual is weighted by the inverse of the probability of participating in the 

study. The weights are typically taken from the predicted probabilities of being selected into 
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the sample conditional on the observed data. This is often obtained through a logistic 

regression: 

 𝑙𝑜𝑔𝑖𝑡 𝑃(𝑆) =  𝛼1𝑋                                                                     (2) 

where 𝑆 = 1 if the individual participates in the study, 0 otherwise. The parameters of 

interest, say the effect of the intervention, can be estimated by applying the substantive 

model to the re-weighted sample. IPW estimators tend to be imprecise as the estimated 

weights often vary considerably [24]. 

 

Selection on unobservables 

Selection models address sample selection typically by jointly modelling the outcome and 

the selection mechanism [11].The validity of this approach depends on the plausibility of 

two main (untestable) assumptions: 1) the error terms of the two equations are assumed to 

follow a particular joint distribution, typically bivariate Normal, and 2) availability of 

variables that are predictive of selection, but unrelated to the outcome of interest, also 

known as the exclusion restriction assumption.  

 

Heckman model 

This model can be described as: 

  𝑌1 = 𝛽0 + 𝛽1𝐴 + 𝛽2𝑋 + 𝑒   

𝑌2 = 𝛾0 + 𝛾1𝑋 + 𝛾2𝑍 + 𝑢 
              (

𝑒
𝑢

) ~𝐵𝑉𝑁 (𝟎, 𝛀 = (
𝜎𝑒

2 𝜌𝜎𝑢𝜎𝜀

𝜎𝑢
2 ))          (3) 

      

Where 𝑌2 is a latent variable such that 𝑌2 > 0 if individual has been selected to the sample 

(𝑆 = 1), 𝑌2 ≤ 0  otherwise (𝑆 = 0), and 𝑍  is the set of variables that satisfy the exclusion 

restriction. Model 3 can be easily estimated using either maximum likelihood (ML) or 
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Heckman’s two-step estimator [11]. This approach can be severely biased, either if the 

bivariate Normality does not hold (particularly when using ML estimators), or when the 

exclusion restriction is not met (particularly when using Heckman’s two-step approach) 

[15,16]. 

 

Copula selection models 

Copula models can address these two limitations of the Heckman model by providing a 

flexible approach to jointly model the outcome and selection. Essentially, copula is a 

function that parameterizes the dependence between 2 or more univariate marginal 

distributions to form a joint distribution.  

 

Let 𝐻(𝑌1, 𝑌2) be the joint distribution of the outcome 𝑌1 and selection 𝑌2, and 𝐹1(𝑌1) and 

𝐹2(𝑌2) be the corresponding univariate marginal cumulative distribution functions (CDFs). 

Sklar’s theorem [25] shows that there exists a joint distribution that binds 𝐹1(𝑌1) and 𝐹2(𝑌2)  

to form a joint distribution: 

𝐻(𝑌1, 𝑌2) = 𝐶(𝐹1(𝑌1),  𝐹2(𝑌2); 𝜃)      (4) 

Where 𝐶(. ) is the copula function, and 𝜃  incorporates the correlation between the two 

margins. 

 

There are alternative ways of constructing a copula, but a popular one is the inversion 

method, which uses the inverted distribution function in a known multivariate distribution 

[26]. For example, the Gaussian copula can be described as 𝐶(𝐹1(𝑌1),  𝐹2(𝑌2)) =

𝛷2(𝛷−1(𝐹1), 𝛷−1(𝐹2); 𝜃), where 𝛷2 is the CDF of a standard bivariate normal distribution. 

This would be equivalent to Heckman’s model 3. 
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Unlike the Heckman’s approach, the copula selection model provides further flexibility in 

terms of distributional assumptions, model specification (e.g. link function) and correlation 

structure between the selection and outcome models [27]. In addition, the copula selection 

model has been shown to be less sensitive to the exclusion restriction assumption [17].  

 

Analysis 

We illustrate the copula selection model for addressing sample selection in the LLGA case 

study and explore the implications for estimating the effect of the programme using it 

compared to the Heckman model, IPW and standard regression analysis. For the Heckman, 

we considered the two-step estimator, and used the ‘survey mode’ as the exclusion 

restriction variable. The survey mode (face-to-face versus online) in the LLGA example was a 

strong predictor of whether the individual participated in the study (Table B  in Appendix I), 

but was anticipated to affect the outcome (NAD) only through the LLGA programme.  

 

For the copula approach, we explored different combinations of i) distributional 

assumptions, ii) copula model, and iii) link function that provided the best fit to the data. 

Both the Heckman model and IPW were implemented in STATA 15 [28], whereas the copula 

approach was implemented using the GJRM package in R [17] (Appendix II).  

RESULTS 

Standard regression analysis, which uses complete case analysis as a default, suggested that 

the LLGA programme was associated, on average, with 1.067 more active days compared to 

no intervention [21]. The estimates provided by IPW suggested a relatively lower (10.5%) 

effect, and a larger standard error compared to the standard regression approach. Overall, 
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older, male participants, living in less deprived areas, engaged in higher levels of physical 

activity (Table 2). 

 

Both selection on unobservables approaches led to a stronger effect of the LLGA 

programme compared to the methods assuming selection on observables. In addition, both 

the Heckman and the copula models suggested that age and socioeconomic status were not 

significantly associated with physical activity levels. The estimated levels of correlation 

between selection and outcome models were relatively small in both selection approaches 

(e.g. rho=-0.014, Heckman model). However, the copula selection model led to smaller 

standard errors compared to the Heckman model. 

 

Capitalising on the flexibility of the method, we allowed alternative specifications of the 

selection model and different copulas for the copula selection model, but the results 

remained relatively consistent. We also considered the NAD outcome as a count variable 

and estimated the parameters of interest using Poisson models (Appendix III).  

 

In addition, Figure 2 compares the quantiles of the data against the quantiles of the desired 

distribution for the four copulas that provided the best fit to the data (based on AIC / BIC 

scores, Appendix III). From left to right: Joe, Plackett, Clayton and Frank copulas. This figure 

indicates that both the Plackett and Frank copulas can better represent the dependence 

structure between the selection and outcome models, compared to the other two copulas. 

Overall, the net effect of a more appropriate dependence structure and joint distribution for 

the error terms, and lower dependence on the strength of the exclusion restriction, is a 

more precise estimate of LLGA’s effect, compared to the Heckman approach. 
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DISCUSSION 

This paper is concerned with the recurrent problem of bias due to sample selection in the 

evaluation of public health programmes. Motivated by a real-life population-level 

programme to promote physical activity in the general population, we illustrated the 

application of a copula-based selection approach which addresses some of the limitations 

common to traditional approaches to correct for sample selection. While this is an area 

where sample selection issues are particularly concerning, in principle, this framework can 

be used to address sample selection in the evaluation of other health interventions or 

policies [29].  

 

The copula selection model provides ample flexibility to i) choose a plausible joint 

distribution for the error terms, ii) explore alternative correlation structures (copulas), iii) 

allow for more complex model specification of the outcome and selection, iv) provide 

estimates that are less sensitive to the lack of strong exclusion restriction variables. Overall, 

the copula approach can allow for a more adequate characterisation of the uncertainty 

associated with sample selection in the evaluation of public health programmes, and help 

future studies provide more sound evidence to inform decision making [30]. Thanks to its 

flexibility in modelling outcomes jointly, the proposed copula approach could also be 

particularly useful in economic evaluation studies, by jointly modelling costs and effects, as 

well as sample selection (trivariate model) [30].  

 

The results from applying the alternative methods to correct for sample selection show that 

LLGA was associated with increased physical activity overall, but the magnitude of its effect 

differed according to adjustment method. This study finds that an approach that ignored 
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sample selection have under-estimated the effect of the programme. This was expected as 

in our case-study the more active individuals were relatively more likely to participate in the 

study after registration, and hence the effect of LLGA would be smaller for these individuals 

compared to the other participants who had lower levels of physical activity and benefited 

relatively more from the LLGA programme. The two selection on unobservables methods 

aligned with this expectation, with the copula model leading to a slightly stronger effect and 

relatively lower standard errors compared to the Heckman’s approach. These results 

remained relatively similar when different model specifications and alternative 

distributional assumptions were considered for the copula approach.  

 

The recurrent problem of sample selection in the evaluation of public health programmes  

emphasises the need for a shift from retrospective to prospective evaluations. In addition, it 

highlights the need to take active steps towards minimising the extent of selection bias. 

These may include: i) planning the study design at early stages before any implementation 

has taken place, ii) developing a careful plan for data collection, including clear definition of 

the outcomes of interest, specification of follow up times, and strategies to engage the 

participants and maximise follow up participation, and iii) collecting information on the 

reasons for individuals to decline to participate or drop out of the study. 

 

This study presented some limitations. The paucity of the data available , particularly on 

covariate information, limited the extent of statistical analysis for adequately addressing the 

potential confounding. The analyses relied on a strong assumption that individuals would 

maintain the same level of physical activity had they not participated in the programme. 

This is analogous to the parallel trend assumption, where the baseline values act as the 
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‘control group’. While the plausibility of this assumption may be questionable, this 

limitation was common to both the Heckman and Copula selection models, and was not 

anticipated to exacerbate any differences between the two approaches. As a result, this 

study does not attempt to make any causal claims about the effect of the LLGA programme.  

 

In addition, assessing the relative performance of the different methods was beyond the 

scope of this paper. A recent study investigated the statistical properties of the Heckman 

selection model and copula approach [17], and found that the copula approach provided 

the lowest biases and mean squared error across a wide range of typical scenarios with 

sample selection. Therefore, we would anticipate those tangible benefits (less biased and 

more precise estimates) to apply to this study as well. However, the differences across 

methods in our case study are small, and hence the benefits of the copula model lie mostly 

in its flexibility.  

 

Despite the broad flexibility provided by the copula selection model, a potential limitation of 

this approach is that it is less straightforward to implement compared to simpler 

approaches, such as the Heckman model or IPW. To encourage the uptake of the methods 

[31], we provided implementation code in freely available software (R). In addition, the use 

of copula selection models in settings with missing covariates is more challenging as it 

would require an additional selection equation for the missing covariates. 

CONCLUSIONS 

This study illustrates the flexibility and relative merits of the copula selection models to 

address sample selection in the evaluation of public health programmes. Off-the-shelf 
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traditional approaches to address sample selection, such as IPW and the Heckman model, 

continue to be widely used in practice. However, these approaches often rely on restrictive 

assumptions. The copula selection model can address these limitations and should be 

considered in evaluation studies of public health programmes, where sample selection is 

likely to occur. 
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