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Thorough evaluation of a predictive model is important to validate its ability for use in decision-making or broader simulation modeling. Measures of discrimination, such as sensitivity, specificity and receiver operating characteristics, are commonly used to evaluate how well the model can distinguish between the possible outcomes. However, these discrimination tests cannot confirm that the predicted probabilities are accurate and without bias. Calibration curves typically measure the accuracy of predicted probabilities by comparing them to mean event occurrence rates within groups of similar test records [1]. The guidelines for the selection of an appropriate regression model by calibration curves have been defined in regulatory guidance documents and lead publications by subject matter experts [2]. 
Decision curve analysis is a novel method for evaluating prediction models, which was developed in 2006 by Dr. Andrew Vickers from Memorial Sloan-Kettering Cancer Center [3]. Decision curve analysis is a method for evaluating and comparing prediction models that incorporates clinical consequences, requires only the data set on which the models are tested, and can be applied to models that have either continuous or dichotomous results. Decision curve analysis identifies the range of threshold probabilities in which a model is of value, the magnitude of benefit, and which of the models are optimal. The key concept for this type of evaluation is the "net benefit", and decision curve analysis plots net benefit at a range of clinically reasonable risk thresholds [4; 5]. A decision curve shows the performance of a risk model in a population in which every patient has the same expected benefit and cost of intervention, and is an improvement over purely mathematical measures of performance such as the area under the receiver operating characteristic curve [6].
Category-free Net Reclassification Index [7] and integrated discrimination improvement values [8] refer to the improved classification of patients using the reference model and the new model. The net reclassification index, as originally proposed, seeks to quantify whether a new marker provides clinically relevant improvements in prediction. In the definition of “net reclassification indices,” the risk prediction model with established predictors is called the “old” model. The model that adds the new marker is the “new” model. “Events” are cases which comprises persons who have or will have the disease or the outcome in the absence of intervention. “Nonevents” are controls. The formula defining the net reclassification index (NRI) is [9]:
NRI = P(up|event)−P(down|event) + P(down|nonevent)−P(up|nonevent)	(1)
where “up”  means that the new risk model places a person into a higher risk category than the old model. Similarly, “down” means the new model places a person into a lower risk category. 
The definition of the net reclassification index in Equation (1), based originally on discrete predefined risk categories, generalizes to any upward or downward movement in predicted risks [10]. The “category-free net reclassification index” (also called “continuous net reclassification index”) is a new descriptive device designed to avoid predefined risk categories and interpreted definitions (1) this way [7].
Integrated discrimination improvement values are commonly used to compare two risk prediction models; the values summarize the extent to which a new model increases risk in events and decreases risk in nonevents [8]. 
Let pnewi denote the risk of the event of interest for an individual i under the new model, and poldi denote the risk of the event of interest for an individual i under the old model, where p̄new is the average new model risk prediction for the n individuals, and p̄old is the average old model risk predictions for the n individuals. In addition, we introduce a subscript indicating whether an individual i has the event of interest (1 if they have the event of interest, and 0 otherwise). The integrated discrimination improvement value represents the extent to which the new model increases the average risk in events and decreases the average risk in nonevents, which can be written as:
Integrated discrimination improvement value = (p̄new.1 − p̄old.1) − (p̄new.0 − p̄old.0) [8]
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