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Supplementary Information
This supplementary information is intended to give the reader an understanding of the relationships that exist between performance metrics (e.g., accuracy, Matthew’s correlation coefficient) that are calculated from a binary confusion matrix with the sensitivity and specificity of a model and the class prevalence of the test set against which the model under investigation is validated. All these performance metrics can be derived as functions of sensitivity, specificity and class prevalence. The derivation starts from the derived confusion matrix, as shown in Figure 1.
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[bookmark: _Ref148945318]Figure 1. Derived confusion matrix.
These relationships or functions are presented as a plot of the value of performance metrics on the y-axis against the class prevalence on the x-axis at set values of sensitivity and specificity. The class prevalence ranges from 0 to 1 and represents the proportion of the selected class versus the rest of the classes in the case of multiclass classification problems. The confusion matrix of a multiclass classification problem is reduced to binary confusion matrices where the selected class is the class of interest and is defined as the positive class. The rest of the classes are defined as the negative class.
From these relationships, the notion of calibrated/balanced metrics is derived.
Accuracy
Derivation of accuracy as a function of sensitivity, specificity and prevalence


[bookmark: _Toc152235005]Equation 1. Accuracy.
Linear relationship between accuracy and prevalence
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Figure 2. Accuracy versus test set prevalence for values of sensitivity and specificity of 0.71 and 0.89, respectively. The dot marks the balanced accuracy.
Derivation of balanced accuracy


[bookmark: _Toc152235006]Equation 2. Balanced accuracy.
Positive Predictivity
1. Derivation of positive predictivity as a function of sensitivity, specificity and prevalence


[bookmark: _Toc152235007]Equation 3. Positive predictivity.
Nonlinear relationship between positive predictivity and prevalence
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Figure 3. Positive predictivity versus test set prevalence for values of sensitivity and specificity of 0.71 and 0.89, respectively. The dot marks the balanced positive predictivity.
Derivation of balanced positive predictivity


[bookmark: _Toc152235008]Equation 4. Balanced positive predictivity.
Other expression of balanced positive predictivity in the literature
Landry et al.[1] and Trejo-Martin et al.[2] express the balanced positive predictivity (normalized positive predictivity therein) as a function of true positive, false positive and prevalence as shown in the following equation:

When substituting TP and FP with their respective values from the derived confusion matrix, the normalized positive predictivity becomes the same expression as the balanced positive predictivity.

Negative Predictivity
1. Derivation of negative predictivity as a function of sensitivity, specificity and prevalence


[bookmark: _Toc152235009]Equation 5. Negative predictivity.
Nonlinear relationship between negative predictivity and prevalence
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Figure 4. Negative predictivity versus test set prevalence for values of sensitivity and specificity of 0.71 and 0.89, respectively. The dot marks the balanced negative predictivity.
Derivation of balanced negative predictivity


[bookmark: _Toc152235010]Equation 6. Balanced negative predictivity.
Other expression of balanced negative predictivity in the literature
Landry et al[1] and Trejo-Martin et al.[2] express the balanced negative predictivity (normalized negative predictivity therein) as a function of true negative, false negative and prevalence as shown in the following equation:

When substituting TN and FN with their respective values from the derived confusion matrix, the normalized negative predictivity becomes the same expression as the balanced negative predictivity.

Matthews’ correlation coefficient
1. Derivation of Matthews’ correlation coefficient as a function of sensitivity, specificity and prevalence














[bookmark: _Toc152235011]Equation 7. Matthews’ correlation coefficient.
Nonlinear relationship between Matthews’ correlation coefficient and prevalence
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Figure 5. Matthews’ correlation coefficient versus test set prevalence for values of sensitivity and specificity of 0.71 and 0.89, respectively. The dot marks the balanced Matthews’ correlation coefficient.
[bookmark: _Hlk147235253]Derivation of balanced Matthews’ correlation coefficient


[bookmark: _Toc152235012]Equation 8. Balanced Matthews’ correlation coefficient.
[bookmark: _Hlk147235097]Cohen’s kappa coefficient
1. [bookmark: _Hlk147235220]Derivation of Cohen’s kappa coefficient as a function of sensitivity, specificity and prevalence

See Matthews’ correlation coefficient for the expression of A.




[bookmark: _Toc152235013]Equation 9. Cohen’s kappa coefficient.
Nonlinear relationship between Cohen’s kappa coefficient and prevalence
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Figure 6. Cohen’s kappa coefficient versus test set prevalence for values of sensitivity and specificity of 0.71 and 0.89, respectively. The dot marks the balanced Cohen’s kappa coefficient.
Derivation of balanced Cohen’s kappa coefficient


[bookmark: _Toc152235014]Equation 10. Balanced Cohen’s kappa coefficient.
The numerator of Cohen’s kappa coefficients and the expression of its balanced version is the balanced accuracy rescaled to the range of -1 to 1, also known as informedness or Youden’s index.
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