Appendix A
In this appendix, methodological terms are explained in more detail than in the main manuscript. 
Validation
Validation is the process of evaluating whether research findings generalize to a new setting. Although this is an important factor in research in general, this is particularly important in predictive and clustering studies [1,2]. It is important for any studies that uses either machine learning or more traditional statistical methods [3].
[bookmark: _Hlk96588780]For predictive research, validation is essentially performance assessment. This is especially important because performance assessments in development studies are often too optimistic. When an algorithm is applied to a new dataset in a different setting, the performance is often lower [4]. This is important for when the model is to be used on new patients who come from different contexts than in the development study. If more flexible models are used, more parameters need to be estimated from the data. Therefore, their performance is more uncertain in new contexts [5,6]. These models need proper validation.
For clustering studies, validation is important because the distribution of characteristics in a particular study might be different than in actual clinical practice. The distinguished groups might appear more relevant than they actually are in clinical practice. 
Internal validation
We refer to the validation of an algorithm within the same setting as internal validation [5]. Clinicians should be cautious to use a model that has only been internally validated. In different settings, the model might perform worse, and can provide miscalibrated predictions. 
Split sample validation
Split-sample validation is a common approach to internal validation. The data is split at random in a train and test set. The algorithm is developed on the train set, and then applied on the test set. Within the test set, performance of the algorithm can be calculated (see “performance”, later on). Although this method is simple, it is inefficient. Both model development and the estimated performance are unstable, since result heavily rely on where the data is splitted [7–9].
Cross-validation
A more robust way of internally validating a prediction model is cross-validation (figure 1). Iteratively, models are developed on one part of the dataset, and the performance is estimated on the part that was left out. The average of the performances is less likely to rely on where the data is splitted and is more efficient [8].
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Figure 1, diagram showing an example for cross-validation. In this example, a 4-time crossvalidation is performed on a dataset with 12 individuals (step 1). The total performance is the mean of the performances measured in step 1 (step 2). The standard error of the total performance can be calculated using for example Rubin’s Rules [10,11].
Bootstrapping
Another way of internally validating an algorithm is using a bootstrap method (figure 2). This method relies on sampling with replacement. It is even more accurate and efficient than a cross-validation method [8]. Some do find the method somewhat harder to implement.
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Figure 2, diagram that shows how bootstrap validation should be performed for internal validation. Adapted from Gravesteijn et al. [10]
External validation
The most rigorous way of validation is when the algorithm is evaluated in a new dataset from a context different than the original dataset. This is referred to as external validation [5]. 
Internal-external validation
Finally, it is possible to perform cross-validation with a specific rule for selecting the developmental and test set [1]. For example, it is possible to cross-validate prediction models by developing the model on all but one center in an individual patient data meta-analysis [3,12]. Heterogeneity in performance can be explored, which is a benefit of performing such internal-external validation. An example is provided in Riley et al. [13]: the QRISK2 shows lower discrimination in studies with higher percentage of smokers. This potentially implies that the model performs worse in smokers, than in non-smokers. This impacts how the model should be applied in clinical practice.
Performance
Performance of a model is often calculated by comparing the calculated risks in new individuals with the actual outcomes that have occurred (for prognostic models). Although many metrics exist, key measures are related to discrimination and/or calibration [14,15]. We explain these two metrics below.
Discrimination
Discrimination refers to the ability of the model to distinguish patients with and without the predicted outcome [16]. It is commonly reported with Harrell’s Concordance (C) statistic, equivalent to the area under the ROC curve, which can be interpreted as follows: it is the probability that in two randomly sampled individuals, one with and one without the outcome, the algorithm predicts a higher risk for the patient with the outcome [17]. A C-statistic close to 1 indicates almost perfect discrimination, and close to 0.5 not much better than a coin-flip.
Calibration
Calibration refers to the extent that the model predicts an adequate risk score for patients, e.g.: in 100 patients with a predicted mortality risk of 10%, do 10 patients actually die on average? To assess calibration, we advocate the use of calibration curves (figure 1) [18]. Calibration is essential for reliable support for clinical decisions [19]: if the predicted risk is markedly different than actual risk, alternative treatment decisions might actually harm patients. For example, It is recommended to start statin treatment in patient with high cholesterol and >10% risk on cardiovascular death [20]. If predicted risk is lower than actual risk around the treatment threshold (figure 1), patients that have a risk of 10% might not receive treatment that could have prevented cardiovascular mortality because their predicted risk is too low. 
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Figure 3, calibration curve fitted to simulated data. The x-axis shows the (simulated) risk on cardiovascular mortality in 3000 patients, the y-axis shows the (simulated) observed outcomes in this group. The model is miscalibrated: the predictions are too close to the event rate (10%). Therefore, around the treatment threshold (10%), the predicted risk is too low. This severe miscalibration does not affect discrimination here: the discrimination of the model is still good (C-statistic of 0.84, 95% CI: 0.82 – 0.86).
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