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BACKGROUND AND OBJECTIVE METHODS

The detection of prognostic factors is a real challenge in healthcare to impact patients journeys for which rigor A literature review based on relevant keywords has been performed on Google Scholar and PubMed, such as
methodologies are needed. With the emergence of machine learning (ML), new opportunities arise for prognostic “prognostic factors”, “identification prognostic factors”, ”variables selection” and "feature selection”
factors identification. Although articles exist to review biostatistical methods for the identification of prognostic combined with keywords like “methods” or “algorithms”. The criteria used for selecting methodological
factors, the opportunities offered by ML algorithms are poorly considered. papers also included the date of publication and number of citations. An iterative selection process was then
The overall purpose is to gather literature and cartography all methods in these two fields that are applicable to conducted to make an in-depth search and identify new keywords, leading to more specific papers.

identify prognostic factors.

RESULTS

The literature review allowed to identify 25 articles, and 15 were retained for analysis. Based on this synthesis of the literature review, we created a mindmap that covers the 3 steps of prognostic factors identification : feature
extraction, feature selection and subgroup discovery fields. Feature selection methods include 3 families for independent features:

@ Filter methods that includes univariate and multivariate analysis, which select features based on a criteria (e.g. p-value).

Wrapper methods which combines iterative search for optimal subset with evaluation through an algorithm (e.g. classifier). These methods include sequential search (e.g. stepwise methods), random search (e.g. genetic
algorithms) and exponential search (exhaustive methods) which requires a lot of resources.

@ Embedded methods which corresponds to methods where the variable selection process is inherent to the algorithm itself (e.g. lasso regression, random forests). The feature selection is made in the training phase of
the model, such as for the selection on node splits for random forests and for setting to O the least relevant coefficients for the Lasso regression.

Hybridization of these methods can also be implemented, mixing wrapper and filter methods. Dedicated methods exist for structured features, which allow to integrate knowledge in models on the structure of features in order to
identify the most important factors.

Feature extraction includes methods that transform variables or dataset and must be associated with interpretative methods for prognostic factors identification purposes. Finally, subgroup discovery methods include exploratory
data mining techniques to uncover patterns associated with an outcome.
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Mindmap of methods for prognostic factors identification, covering feature extraction, feature selection and subgroup discovery methods

Conclusion

This research gives an overview of most of existing approaches to identify prognostic factors, both in biostatistics and ML, and highlights that there is a great diversity of
approaches. This cartography should help data experts to identify relevant methods and to go beyond what is usually made in studies.
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