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Empirical control is a requirement of advancing science, but it is difficult in the case of expert judgement. 

How do you validate uncertainty assessments from experts when those assessments are needed because no 
evidence exists? 
introduction of calibration variables (Cooke 1991; Cooke et al., 1988). In addition to asking experts about the 
variables of interest (i.e., the target questions of the study), the Classical Model also asks experts to assess 
uncertain quantities from the area of interest that are unknown to the expert, but for which data do exist. 
Calibration variables 
the hypotheses provided by the expert against the available empirical data. The Classical Model evaluates expert 
performance on calibration variables in two ways: by measuring the statistical accuracy and the informativeness 

 from multiple experts into a single 
assessment by weighting the assessments according to expert performance on the calibration variables, with 
experts who performed well given a high weight and those who performed poorly given a low or zero weight in 
the overall combined assessment. 

The Classical Model has been applied in over 100 real world applications since its inception, and data from 
previous studies has been compiled into a series of databases collecting studies conducted prior to 2006 (Cooke 
and Goossens, 2008) and after 2006 (Colson and Cooke, 2017, 2018; Cooke et al. 2021). The availability of this 
data has allowed researchers to take the notion of validation in the Classical Model one step further. In addition to 
using performance measures to evaluate individual experts in a given study, the database has been used to 
evaluate performance-based combinations of experts (as opposed to combining expert assessments by weighting 
them all equally) more generally -sample validity (Cooke and 
Goossens 2008; Colson and Cooke 2017) and out-of-sample validity, through cross validation methods that split 
the calibration variables into a training and test set (Eggstaff et al., 2014; Colson and Cooke 2017; Cooke, Marti, 
and Mazzuchi 2021). 

While elicitation studies that enable true out-of-sample validation through the observation of the variables of 
interest are rare, some such studies do exist. One recent application used the Classical Model to project the 
proportion of various infections that would be caused by antibiotic resistant bacteria in four European countries 
(France, Italy, Spain, and the United Kingdom) 2, 5, and 10 years into the future, which corresponded to resistant 
rates in 2018, 2021, and 2026 (Colson et al., 2019). Data on the observed resistance rates in 2018 and 2021 are 
now available (European Centre for Disease Prevention and Control 2019; 2022), allowing us to look at the out-
of-sample performance of the Classical Model on four panels of experts. Colson et al. (2019) also created a suite 
of statistical forecasts and found that they did not account for contextual information that experts deemed 
important when considering future trends in resistance. The updated resistance data for 2019 and 2021 thus also 
allows us to compare the performance of the expert forecasts with the original statistical forecasts.  
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