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Web application for plotting personalized survival prediction curves
using machine learning and R/Shiny
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Before clinicians obtain informed consent (IC) from a patient, they often present a patient-specific prognosis based
on the previous similar patients’ evidence. However, most prognosis information derived from previous evidence is
stratified by a single predictor and no method exists in clinical practice to present a personalized survival prediction
curve based on multiple prognostic factors. We have developed an interactive web application that plots a
personalized survival prediction curve by using a machine learning model, regardless of the clinical field, when a
user inputs a CSV file containing the training data set for machine learning into a web browser. We used random
survival forest as the prediction model. The R/Shiny package was used to develop the interactive web application.
We utilized the patients’ data who underwent allogeneic stem cell transplantation (allo-HCT) at our hospital as trial
data. Consequently, we could plot the personalized survival prediction curve for a new candidate of allo-HCT
interactively using our web application. Thus, by inputting the training data set into this web application, clinicians
in any medical field can obtain a personalized prognosis prediction adjusted for multiple predictors of a new patient.
Furthermore, they can obtain IC by presenting an objective personalized prognosis prediction for their patients.
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About this sefting view

This view is for the left panel setting on the prediction view.

The ‘name’ represents the name of the predictor variable which is defined in the inputted CSV file.

. The ‘class’ represents the type of predictor variable such as ‘integer’, ‘numeric’, or ‘factor'. In the
case of ‘integer’ or ‘numeric’, the slide bar will be used on a left panel of prediction view. In the case
of ‘factor’, the selact box will be used.

S

3. As the type of predictor variable, please choose ‘numeric’ for a decimal continuous variable,
‘integer’ for infeger continuous variable, and 'factor’ for the nominal variable
4. The ‘min’ and ‘max’ are available, only if the class is either 'integer” or ‘numeric’. You can set the
range between which you can slip on the slide bar on aleft panel of prediction view.
5. The “init" is the inifial values shown in the slide bar or the select box on a left panel of prediction view.
6. Please push the prediction tab after the sefting is finished.
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