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Opinion
Prediction models are increasingly important for clinical 

decision making. For example, the predicted risk of an outcome 
may guide for a treatment initiation: high risks may lead to 
starting treatment, whereas for low risks treatments may be 
withheld or delayed. For several common complex diseases 
including different forms of cancer, diabetes, and cardiovascular 
disease, a number of prediction models have been developed 
in various populations. The predictive performance of these 
risk models is typically assessed by evaluating discrimination, 
which is the ability of the model to separate those with events 
from those without events. After developing a risk model, it is 
essential to investigate the model’s discriminative performance 
within an external population to judge about the generalizability 
and reliability of the risk model. A risk model that does not 
have an appreciable predictive ability in an external population 
may have limited opportunity to investigate further, aiming 
implementation in practice.

 It is often assumed that when a prediction model is validated 
in an external population, the discriminative ability expressed 
by the area under the receiver operating characteristic curve 
(AUC) decreases. However sometimes the AUC is able to 
increase as observed in number of validation studies . External 
validity may be assessed in other populations with different 
ethnic groups or different demographic. And, some predictor 
effects can be different for the validation population. However, 
the distributions of population characteristics (case mix) also 
differed between the development and validation populations. 
For example, the Framingham Heart Study risk score was 
developed in a US white, middle-class population and validated 
in Native Americans. White persons often have high blood 
pressure than the Native Americans. 

The external validity of a risk prediction model in new 
subjects is an important step for the model’s generalizability to  

 
other populations. Several studies have shown how the AUC is 
impacted by a different case-mix within the validation sample, 
and heterogeneity in the effect sizes of risk factors among 
development and validation samples. Simulation studies also 
investigated the impact of correlation among predictors on the 
AUC in the development sample and how correlation should 
be interpreted in the light of the other parameters such as 
the distributions of predictors among cases and controls, and 
different strengths of predictive effects that may alter the AUC 
in external populations.

 Simulation results showed that the AUC depends on the fitted 
regression coefficients, the case mix of the validation sample 
and the correlation among the predictors in the development 
and external validation sample. Lower discriminative ability 
in the validation sample as compared with the development 
sample can be the result of a more homogeneous validation 
case mix. Increasingly negative correlations improve the AUC. 
Interestingly and maybe not expected, the AUC in external 
populations can be either lower or higher as compared to the 
AUC estimated in the derivation cohort. Since AUC is impacted 
by the differences in population characteristics and in predictor 
effects between the derivation and validation populations, these 
need to consider for proper interpretation for difference of 
AUC in validation populations. This suggests, although the AUC 
estimated in the derivation sample is not promising, the same 
risk model can have a promising AUC at external validation. 
Conversely, even though the AUC in both derivation and a 
particular validation dataset is high, the same risk model can 
perform poorly in another external population. Since there may 
be heterogeneity in population characteristics, the predictive 
ability of risk models should be assessed in different external 
populations in order to ascertain generalizability.
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