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Background

Figure 1. Each line represents the

genome of an individual, and symbols

signify mutations at that location

within the genome. The highlighted

mutations are affected by balancing

selection, each of which have certain

linked alleles that comprise the main

haplotypes in the population.

Frequency-dependent balanc-

ing selection is a form of natural

selection that creates andmain-

tains diversity within a popula-

tion [3]. Balancing selection has

been used to explain the certain

patterns in genes, such as the

variability patterns in the MHC

gene, which codes for essential

proteins required for vertebrate

immune systems. By identify-

ing loci under similar selection,

we might be able to identify im-

portant alleles that could help

patients recovering from other

diseases.

Detection of balancing selec-

tion in populations has led to in-

sights on the applications of do-

mestication on crops and livestock. Loci under balancing selec-

tion are candidates for those controlling various agronomic traits

[1] including total water requirement of crop, plant density, and

fertilizer responsiveness.

Data Generation

Data is generated for training using

SLiM [4] combined with a custom data

pipeline. Eidos scripts are generated

with the following variable parameters:

mutation rate, recombination rate, se-

lection coefficient, population size, and

the balancing selection locus. Training

sets consisting of multiple Eidos scripts

will be generated with each of its pa-

rameters given a uniform random value

within given limits. Running these Ei-

dos scripts generate VCF files, which

are used to calculate the following summary statistics for con-

stant variant site windows: the π, θw, D, and H statistics.

Random Forests

A random forest is a classifier consisting of a collection of de-

cision trees, which operate on a majority vote for the classifica-

tion of an input [2]. This model is trained by growing multiple

decision trees on random subsets of the overall training data.

Figure 2. The relative weighting given to each

summary statistic within our random forest

model

One of the key features

of Random Forests is

its resistance to overfit-

ting. This allows for us

to generate training data

sets with a large num-

ber of parameters with-

out needing to worry

about limiting the data

set generation process.

We use SciKit-Learn’s

Random Forest imple-

mentation [5] to train

the Random Forest

model. The training data is the previously calculated summary

statistics from sliding sections of the simulated populations. The

Random Forest model will then classify regions of these genomes

into whether it is under the effect of balancing selection or not.

Discussion

Metric RF BN

Accuracy 0.711098 0.756293

Precision 0.262108 0.235394

Recall 0.109134 0.004745

F1 0.154103 0.009302

Table 1. Metrics for a Random Forest

and a Bayesian Network model trained

on recent frequency-dependent

balancing data simulated on SLiM3

Low recall and precision

indicate that the models had

low predictive power on

areas with balancing selec-

tion. However, the models

were strong in predicting

areas without pressure from

balancing selection. Overall,

both of the models were very

conservative in predicting

balancing selection, with the

Random Forest being slightly more likely to detect balancing

selection than the Bayesian Network.

Bayesian Networks

Figure 3. The structure of the

Bayesian Network

BayesianNetworks aremachine

learning models that use the

power of conditional probabili-

ties, represented using a graph

structure where each node is

a probability distribution and

each edge is a conditional de-

pendency between two nodes.

Each vertex in our Bayesian

Network represents a probabil-

ity distribution associated with

a test statistic calculated from a

simulated genome. Each edge represents a conditional depen-

dency between two test statistics. Conditional probability ta-

bles (CPTs) are calculated for each vertex using the training data,

which produces the model’s expectation of whether balancing

selection has been detected.

FutureWork

Detect other types of balancing selection

Create a model to model more diverse population histories

Increase flexibility of metric generation for populations

Adapt the data pipeline for a non-technical audience
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