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Appendix I. Description of the genetic algorithm methodology used in this study
In order to select variables yielding the most information for a severity score, we employed a
machine learning technique known as genetic algorithms (GA) (1). GAs belong to a class of optimizers
known as evolutionary algorithms (2), as they mimic real‐life processes found in nature. The theoretical
groundwork of the technique was originally developed in the late 1950s, and then used to solve a
variety of practical engineering problems in the early 1970s (3, 4). The GA implementation in this
work is based upon that of Siedlecki and Sklansky (5).
A brief description of the GA used in this work follows. Each one of the 37 potential
measurements is represented as a binary (0, 1) variable: a so‐called “gene”. Initially genes are
randomly assigned to be either 0 (off, or not included in the model) or 1 (on / included). The collection
(vector) of genes is called a chromosome. The collection of genes is called a chromosome. There are a
fixed number of chromosomes, each with 37 genes that make up what is known as the population. The
number and location of the genes that are turned on varies across chromosomes.
Each chromosome receives a fitness value. Fitness is assessed by utilizing the genes that are
turned on in a predictive model, e.g. logistic regression. In our study fitness was determined by a
severity score developed using the Particle Swarm Optimization (PSO) technique described below. The
GA operates by evaluating all of the chromosomes in a population. The population is then subjected to
a “natural selection cycle” whereby a proportion of the chromosomes with the lowest fitness are
removed. Conversely, a fixed proportion of the best performing chromosomes are left unchanged to
ensure that the best combinations in the new generation perform at least as well as the previous
generation. The remaining members of the population are then constructed via a process that mirrors
genetic crossover. Chromosomes are matched via a fitness‐weighted Monte Carlo method, and
fragments from the distinct chromosomes are combined. Figure E1 shows an example of this process.
Figure E1. Schematic diagram of crossovers in genetic algorithms

Finally, genes are randomly selected to “mutate”. In the GA used here that meant reversing a
gene’s value, i.e. switched from on to off or vice versa. The resultant collection of chromosomes then
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cycles through the evaluation‐natural selection‐crossover‐mutation process. This continues from one
iteration to the next until the best chromosome does not improve the AUROC. The genes on the best
chromosome which are turned on represent the variables that are selected for creating OASIS.
A schematic diagram of the GA process is given in Figure E2.
Figure E2. The genetic algorithm process
Define genes, select population parameters

Randomly generate {0, 1} for each gene across
all chromosomes

Run support vector machine algorithm to
predict ICU mortality on each chromosome in
the population. Derive AUROC for each
chromosome: fitness value.

Rank chromosomes based on fitness. Keep best
two chromosomes. Assign probability of being a
parent based on fitness.

Select parents for crossover. Perform
crossover to create new chromosomes.

Randomly mutate a set % of genes.

Check for convergence of solution.

Yes
Best chromosome mandates which genes
(i.e. variables) will be used for developing
the severity of illness score.

No
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Appendix II. Description of the particle swarm optimization methodology used in this study
To select the weights for the components making up OASIS we used particle swarm
optimization (PSO), a non‐linear optimization technique widely applied in the fields of bio‐informatics
and power systems (6, 7). PSO is a population based search in that it randomly initializes a set of
candidate solutions (“particles”) and iteratively updates them until the best solution found ceases to
improve.
The implementation of PSO in this work now follows. First, 10 quantiles of the data were
calculated for each variable, resulting in 10 ranges over which scores could be optimized. Initially 24
candidate solutions (particle “positions”) were initialized by sampling from a uniform random
distribution in the range (0,10). For each candidate solution, an additional update vector (particle
“velocity”) was initialized to 0. Finally, each particle has an associated prior best position which saves
the best performing particle’s position across all iterations. Thus, for each particle there is: a position
(the values of the score), a velocity (used in the iterative update to the score), and a prior best position
(also used in the iterative update to the score).
The algorithm then begins iteratively optimizing the candidate solutions. First, each particle
position is assessed by the fitness function and assigned a score, where the fitness function is the
AUROC of a score calculated on the development data set using the current particle position as the
individual in the severity score. The ranges for the severity score are kept fixed using ten data derived
quantiles. If the current particle position scores higher than its prior best position, then the prior best
position is set to the current position. The best performing prior best position is then assigned as the
globally best position. The velocity is then updated as a weighted sum of the current velocities, the
difference between the current position and the prior best position, and the difference between the
current position and the globally best position. These weights are randomly selected from the range (0,
2.05). Thus the solutions are encouraged to return to their previous best position (similar to a local
search), and toward the global best position (similar to a global search), providing a flexible trade‐off
between these two paradigms. This process is repeated and the algorithm terminates when the global
best position's score no longer improves. This global best position is the severity score output by the
algorithm.
Figure E3 shows as an example how a weight for a patient was determined, in this case age. If
the patient is aged 54, he/she is assigned an age component score of 7; if he/she is aged 23 then the
component score is 1, etc… These scores are summed over all components to give the final OASIS score
for the patient. The scores (1,4,7,10, and 8 in this example) were obtained through the PSO algorithm.
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Figure E3. Example of Particle Swarm Optimization (PSO) scores developed for the age component.
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