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Econometric model used in the assessment of the potential savings from Barnardo’s interventions for young people who have been sexually exploited
Gregory Thwaites, September 2011

This paper sets out the precise specification of the model used to obtain the econometric results, and provides relevant lines of Stata code.  The full code and the coefficient estimates are available from the authors on request.

The model
The scale of the treatment effect was obtained with a two-step procedure.  First, the probability of being treated, given observed characteristics, was estimated with a random effects probit regression:
	
	
	
where  is a vector of explanatory variables,  and β describes the effect they have on the likelihood of treatment, so  determines the likelihood of treatment given the observed variables.   and  are independent normally distributed unobserved variables.   is a latent variable which indicates treatment) if it exceeds zero and no treatment  otherwise.
Then the predicted values were used as explanatory variables in the random effects multinomial ordered probit regressions, with the ordinal scales of the various risk factors (sexual exploitation, drug and alcohol abuse, etc.) on the left-hand side.  The model was specified as follows: 

		
	

where  is a vector of explanatory variables,   is the predicted probability of treatment obtained above, and γ and δ describe the respective effects they have on the latent variable .  As above,  and  are independent normally distributed unobserved variables.    is a latent variable which indicates the lowest level of risk  if it falls below the lowest ‘cutpoint’ , the next lowest level of risk  if it falls between the first and second cutpoints, and so on up to  (the largest category in the ordinal scale – i.e. J=5 for sexual exploitation).  The cutpoints are calculated by the estimation algorithm simultaneously with the other parameters (γ,δ).  
The explanatory variables in the first-stage regression were age, the service centre to which the child was referred, gender, ethnicity, whether the child is being exploited by peers, whether they are or have been a victim of violence, the reason for their referral to Barnardo’s, and the reason the case is closed (when it is closed).  The variables in the second-stage regressions were the subset of these which remained statistically significant, minus the service centre to which the child was referred.  We posit that this affects the timing of treatment, but not the severity of the condition given the observed explanatory variable.  This allows us to identify the effect of treatment in the second stage regression.  Technically, the exclusion restriction is satisfied by including the location of treatment (service) in the predictive regression , but excluding it from the explanatory variables .  Importantly, age is included as an explanatory variable in both regressions, allowing us to monitor the progress of risk factors across time.
Finally, the counterfactual level of the risk factors in the absence of treatment is given by the predicted values of the regression for the treated group with the treatment effect set to zero.

Stata code
xi: xtprobit reviewf age i.fileroomname i.parenthoodstatus i.lookedafterchild i.gender i.ethnicity i.peersexploitation i.status i.currentviolence i.pastviolence i.reasonforreferral i.reasonforcaseclosure, re
predict reviewfpred
gen reviewfprednorm=normal(reviewfpred)
gen reviewfpred2=reviewfpred/0.3518565
gen reviewfprednorm2=normal(reviewfpred2)

xi: reoprob se age i.gender i.peersexploitation i.currentviolence i.reasonforreferral reviewfprednorm2, i(caseid)
gen reviewfprednorm2old=reviewfprednorm2 
replace reviewfprednorm2=0
predict sepnotreat, xb
generate seprobnotreat5 = normal(sepnotreat-[_cut4]_b[_cons])
generate seprobnotreat4 = normal([_cut4]_b[_cons]-sepnotreat) - normal([_cut3]_b[_cons]-sepnotreat)
generate seprobnotreat3 = normal([_cut3]_b[_cons]-sepnotreat) - normal([_cut2]_b[_cons]-sepnotreat)
generate seprobnotreat2 = normal([_cut2]_b[_cons]-sepnotreat) - normal([_cut1]_b[_cons]-sepnotreat)
generate seprobnotreat1 = normal([_cut1]_b[_cons]-sepnotreat)
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