
Appendix 8 (as supplied by the authors): Synthetic control methods 

The synthetic control method estimates the effect of an event or treatment in a country 

by comparing the outcome of interest with its counterfactual level in the absence of 

the treatment.
1,2

 The method differs from traditional approaches to comparative causal

inference by making comparisons with an estimated counterfactual in the treated 

country rather than comparing it with a different un-treated country or unit.  

The counterfactual ‘synthetic control’ is estimated using the values of predictors of 

the outcome – in our case caloric sweeteners – in un-treated comparison countries. 

The countries that form the synthetic control are selected from a pool of countries 

based on their similarity to the treated country before the treatment with respect to 

relevant predictors of the outcome, including treatment covariates and past 

realizations of the outcome variable. The matching algorithm selects comparison units 

by assigning a weight to each potential comparison country, and selecting the 

combination of units and weights that minimises the distance between the value of 

outcome predictors in the combined synthetic control unit and their observed values 

in the treated country before the intervention. To estimate the value of the outcome in 

the synthetic control these predictors are also assigned a second set of weights 

according to their contribution to predictive power on the outcome. Thus the 

algorithm that choses the comparison countries and their weights W* that minimises:  

Equation 1. ∑ 𝑣𝑚(𝑋1𝑚 − 𝑋0𝑚𝑊)2𝑘
𝑚=1

Where m is the country (1 through k), Xi is the value of outcome predictor X in 

country m with treatment status i (1 = treated, 0 = untreated), W is a vector of weights 

assigned to the predictors in country m, and vm is a vector of weights assigned 

predictors based on their predictive power. The estimated effect size is given by 

comparison of post-treatment outcomes between the treated unit, Y1, and the synthetic 

control of the outcome, Y0w*. This can be estimated in a given year or averaged 
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across multiple years by calculating the Root Mean Squared Prediction Error 

(RMSPE, see footnote 1
1
).

The synthetic control method has multiple advantages for evaluating the effects of 

FTAs compared with traditional cross-country analyses and natural experiment 

designs. First, it offers several strengths of qualitative case studies that pursue a 

detailed understanding of the policy and context in question whilst also offering 

precise statistical inference, comparable numerical results, and selection of 

comparison units in a way that as closely as possible reproduces the counterfactual of 

the country of interest.
2,3

 This is particularly important when evaluating FTAs. Their

complex and varied nature – evidenced by the subtle tariff changes within NAFTA – 

calls for a granular approach, whilst potential unobserved confounding and pre-

treatment selection bias call for more rigorous econometric analyses of their effects.
4,5

Second, the synthetic control method for estimating the counterfactual outcome of the 

treated country is transparent to readers but precludes undesirable ‘cherry picking’ by 

the researcher due to the use of a matching algorithm.
6
 Third, the algorithm-based

matching method is advantageous compared with model-dependent extrapolations 

that regression based inferences are often based on, including fixed-effects 

‘difference-in-differences’ (DiD) strategies in which the choice of specification for 

the DiD estimation can have a major impact on the point estimates and estimated 

statistical significance of estimated policy effects.
7,8

Like all methods, these advantages also come with limitations. One is that standard 

techniques are not suitable for assessing the significance of the results. Following 

suggestions by Abadie and colleagues we therefore use placebo tests to compute p-

values.
2
 This approach assigns a dummy treatment to all units that are un-treated in

the sample. P-values are then calculated as the proportion of effect sizes that are as 

large as the one obtained for the treated unit. This inferential exercise reduces to 

1
 The RMSPE measures the lack of fit between the path of the outcome in a country and its synthetic 

counterpart across a time period T. For example, the RMSPE for the pre-intervention time-period with 

number T0 years, comparison countries J yielding synthetic control estimates of Y, ∑ 𝑤𝑗
∗𝑌𝑖𝑡

𝐽+1
𝑗=2 , is given 

by:  

𝑅𝑀𝑆𝑃𝐸 = (
1

𝑇0
∑ (𝑌1𝑡 − ∑ 𝑤𝑗

∗𝑌𝑖𝑡
𝐽+1
𝑗=2 )

2𝑇0
𝑡=1 )
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classical randomization inference with no rules-of-thumb for evaluating whether a 

given p-value yields significance or not. Instead, the p-value has an interpretation as 

the probability of obtaining an estimate at least as large as the one obtained for the 

unit representing the case of interest when the intervention is reassigned at random 

within the data set.
9
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