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Table S1. Summary of the statistical and machine learning studies of risk factors included in the Melanoma Clinical

Decision System.

Publications Methods Findings Performance Data
Machine learning algorithms classified early-
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4.417], BF10=5.28). P :

Table S2. Summary of the algorithms used in the prognosis module of the Melanoma Clinical Decision System.

Algorithm name

Description

ID3 decision Tree

ID3 (Iterative Dichotomiser 3) is an algorithm used to generate a decision tree invented by Ross Quinlan. ID3 is the precursor
of the C4.5 algorithm [42].

CHAID decision tree

The CHAID decision tree algorithm works exactly like the Rapidminer Decision Tree operator with one exception: it uses a chi-
squared based criterion instead of the information gain or gain ratio criteria.

Rapidminer Decision Tree

A decision tree is a tree like collection of nodes intended to create a decision on value affiliation to a class using information
gain or gain ratio criteria. Decision Trees are generated by recursive partitioning. Recursive partitioning means repeatedly
splitting on the values of attributes.

Decision Stump decision tree

The Decision Stump algorithm is used to generate a decision tree with only a single split.

Random Forest decision tree

This algorithm generates a set of a specified number of random trees i.e. it generates a random forest. The resulting model is a
voting model of all the trees.

J48 decision tree

Decision tree J48 is the implementation of algorithm ID3 (Iterative Dichotomiser 3) developed by the WEKA [43] project team.

SVM

This operator is an SVM (Support Vector Machine) Learner and it is based on the internal Java implementation of mySVM by
Stefan Rueping [44].

An SVM model is a representation of the examples as points in space, mapped so that the examples of the separate categories
are divided by a clear gap that is as wide as possible. New examples are then mapped onto that same space and predicted to
belong to a category based on which side of the gap they fall on.

To keep the computational load reasonable, the mapping used by the SVM schemes are designed to ensure that dot products
may be computed easily in terms of the variables in the original space, defining them in terms of a kernel function K(x,y)
selected to suit the problem.

The dot kernel is defined by k(x,y)=x*y i.e. it is the inner product of x and y.

The radial kernel is defined by exp(-g | Ix-y | 1"2), where g is gamma and it is specified by the kernel gamma parameter. The
adjustable parameter gamma plays a major role in the performance of the kernel and should be carefully tuned to the problem
athand.
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Table S3. Parameters selected in each algorithm used in the prognosis module of the Melanoma Clinical Decision System.

Decision Trees Criterion Gain Ratio
Minimal size for split 8
Minimal leaf size 3
Minimal gain 0.1
Confidence 0.25
Maximal depth 5

SVM C 0
Convergence epsilon 0.001
Max iterations 100000

Original Excel file with
425 patients
33 columns

Dataset with
196 patients
33 columns

Final dataset with
196 patients
28 columns

Final dataset with
149 patients
28 columns

Remove patients with more
tan 30% of missing
attributes.

Remove columns with more
tan 30% of missing patients.

Replace missing values with
average

Select patients without
metastasis at the time of
data collection (patients
diagnosed as stage | and Il
according AJCC 8th edition

Figure S1. Flow chart of prognosis module.
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Figure S2: Performance of the models obtained to predict metastasis. A. Performance of the metastasis models obtained from
the complete dataset of melanoma patients. B. RapidMiner decision tree model and set of rules applied to the same group of
patients (Figures 5A). C. Performance of the metastasis models obtained with the early-stage melanoma patients (stages I and
II, according AJCC). D. Rapid/Miner decision tree model and set of rules with the same group of patients as in C (Figure 6A).
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Figure S3. Rapid Miner DT models obtained to predict metastasis in the same group of patients. A. RapidMiner DT model and
set of rules applied to the group of patients without DFS attribute (N=196) (Figure 5B). B. RapidMiner DT model and set of rules
applied with the early-stage melanoma patients (stages I and II, according AJCC) without DFS attribute (N=149) (Figures 6B).
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Figure S4: Screenshots from the Melanoma CDSS application.




