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Do you think we should use machine learning for population and phylogenetics?
Show drafts v )

* Absolutely! Machine learning is like a super-powered microscope for genes and
evolution. It can crack massive datasets, find hidden connections, and analyze
lightning fast. While it's not a magic bullet, it's revolutionizing how we understand
life's family tree
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Do you think we should use machine learning for population
genetics and phylogeneti

Itis a massive shift happening right now, and the short answer is yes, absolutely—but with some
healthy scientific skepticism.

For decades, population genetics and phylogenetics relied on strict mathematical models (like
likelihood and Bayesian inference) to trace evolutionary histories and gene flow. But as DNA
sequencing technology advanced, we started drowning in genomic data. That is where machine
learning (ML) steps in, though it is not a perfect silver bullet.

Here is a breakdown of how it is changing the game, where it shines, and where it trips up.




- Why might we use machine learning in population
and phylogenetics?

- How do some supervised machine learning
algorithms work?

- How have supervised machine learning approaches
been applied in population and phylogenetics?

- What are the challenges and limitations of these
approaches, and how do we move forward?
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Introduction and Motivation



What is Machine Learning?

- A subfield of Artificial Intelligence.

- Uses data to perform inference without explicit
mathematical models.

- ldentifies patterns, which can be used to predict
unknown outcomes.

- Major classes: unsupervised vs. supervised



Unsupervised Machine Learning

- Finds patterns within data.
- No notion of prediction.

- example: Principle Component Analyses



Supervised Machine Learning

- Goal: To learn to predict an output from some input.

- Requires training data to learn the mapping
between input and output.

- Tunes parameters to maximize prediction accuracy
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- Biology is complicated, and sometimes we need to
consider complex models.

- Full Likelihood and Bayesian methods are not
always tractable.

- This has led to a growing popularity of
likelihood-free approaches.



Approximate Bayesian Computation

- Approximate Bayesian Computation (ABC) is a

likelihood-free approach that has been frequently
used in population genetics.

- Imagine we want to use ABC to select the best

demographic model given our observed sequence
data.




Approximate Bayesian Computation

Step 1: Simulate a prior distribution.




Approximate Bayesian Computation

Step 1: Simulate a prior distribution.

Model 1, Replicate 1:

N : U(5000, 100000); Sample: 30,587
N+ : U(5000, 100000); Sample: 52,765
N, : U(5000, 100000); Sample: 41,582
7: U(1000, 100000); Sample: 75,283
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Approximate Bayesian Computation

Step 1: Simulate a prior distribution.

Repeat this process tens of thousands of times for each
model to generate a prior!
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Approximate Bayesian Computation

Step 2: Calculate summary statistics for each simulated
dataset in the prior (e.g., «, Fst).
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Approximate Bayesian Computation

Step 3: Calculate the same summary statistics for your
empirical data.
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Approximate Bayesian Computation

Step 4: Calculate the distance p(D, D;) between empirical
and simulated data, and keep simulated data within
some distance of the empirical data.

(&
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Approximate Bayesian Computation

Step 5: Calculate the approximate posterior probability
of each model.
0.125 0.125 0.875
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Strengths of ABC

- It's very flexible!

- We can consider any model under which we can
simulate data.

- We can carefully select summary statistics that we
expect will help to distinguish amongst models.



Weaknesses of ABC

- We have to summarize our data using summary
statistics, causing information loss. This is
especially true when we have genomic-scale data!

- Using too many summary statistics leads to a
decrease in performance (i.e., the curse of
dimensionality).

- Considering too many models leads to a decrease in
performance.



Supervised Machine Learning versus ABC
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Supervised Machine Learning versus ABC

- We are not as limited by the number of statistics we
can use, meaning we don’t have as much
information loss.

- In some cases, we can use data directly as input,
avoiding any apriori statistic selection.

- In practice, we can compare more models with
greater accuracy.
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Why do we use machine learning?

- We cannot always use full Likelihood or Bayesian
approaches to compare complex models or estimate
parameters from our large genomic datasets.

- Traditional likelihood-free approaches have
limitations that are more pronounced for
large-scale genomic datasets.

- Supervised machine learning allows us to compare
complex models with improved computational
effeciency while using our data more effectively.
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Overview of Supervised Machine
Learning Algorithms



Overview of Supervised Machine Learning Algorithms

Decision Trees
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What is a decision tree?

Do you like dogs?

Yes

Don’t get a dog.

Do you have time for a dog?

Yes

Get a dog. Don’t get a dog.
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What is a decision tree?

root node—> po you like dogs?

intermediate
node

Do you have time for a dog? | < Don’t get a dog.

\

leaf nodes

Don’t get a dog.

Yes

Get a dog.
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How do we build decision trees?

Goal: Build a decision tree that can predict whether | will
find a slug at a particular sampling site.

Raining? Stream? #LlLogs Slug?
yes no 2 yes
yes no 2 yes
yes yes 4 yes

no yes 1 yes
yes no 0 no
no yes 1 no
no yes 2 no
no no 2 no




How do we build decision trees?

Raining? Stream?

slug | no slug|| slug |no slug slug | no slug|| slug |no slug
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How do we build decision trees?

Raining?

Yes No

#Logs>1||#Logs >1.5

Yes No Yes No

e QD@D (e
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How do we build decision trees?

- We recursively split our training data using the
features that perform best.

- We stop when we meet some criterion (maximum
depth, minimum number of samples in leaf,
minimum decrease in error metric).
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Decision Trees: Pros and Cons

Pros Cons
classification or regression prone to over-fitting

continuous and categorical | bad with additive structure
predictors

fast ‘

interpretable \
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Random Forests

- To address these issues, we can use a collection of
decision trees!

- We can use a Random Forest classifier (or
regressor), or other approaches (e.g., AdaBoost).

- We create many weakier and noisier classifiers, and
together these can become a very strong classifier.
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Random Forests

- We construct a Random Forest Classifier (or
regressor) by doing the following.

- For each iteration i:
- Generate a bootstrapped dataset.

- Create a decision tree using the bootstrapped
dataset, and only use a random subset of variables
when constructing each node.

- The class that receives the most votes wins.
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Random Forests

Raining?

Yes No Stream?

| #Logs> 1 | ‘# Logs > 1.5|
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Advantages of Random Forests

- Less prone to overfitting.

- We can estimate 'out-of-bag’ error rates very easily
to assess power.

- For each element of the training data:

- Predict the element’s class using the decision trees
constructed without reference to that element.

- Calculate how often elements of each class are
accurately predicted.
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Examples: delimitR

Goal: To delimit species while considering
population-level processes.
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Examples: delimitR

Goal: To delimit species while considering
population-level processes.
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Examples: delimitR

- delimitR predicts the best demographic model using
SNP data.

- delimitR can consider any model that can be
defined in fastsimcoal2 (Excoffier et al., 2013).

- delimitR uses the SFS to summarize the data.

- delimitR achieves error rates < 5% for hundreds of
models.
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Examples: ModelTeller

Goal: to rank substitution models in terms of how well
they will perform for branch length estimation
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Examples: ModelTeller

ModelTeller AlIC BIC
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Decision Trees and Random Forests

- Decision trees learn how to use features to split
data in meaningful ways, and then can be used to
make predictions on unseen data.

- Random Forests are collections of decision trees.

- Decision-tree based classifiers are highly
interpretable and outperform traditional ABC in
many cases.
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Overview of Supervised Machine Learning Algorithms

Fully Connected Neural Networks (FCNNs)
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What are neural networks?

input
layer

@e06
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What are neural networks?

input (output )
T
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What are neural networks?

hidden
layers

input

TR
layer output

layer

Glole
00000
OO

42



What are neural networks?

hidden
layers
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What are neural networks?
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What are neural networks?

hidden
layers

input
layer
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How do neural networks work?

hidden
layers

input
layer
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How do neural networks work?
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How do neural networks work?
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How do neural networks work?

hidden
layers
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How do neural networks work?

hidden
layers

= aOW0 + a1w1 + a2w2
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How do neural networks work?
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How do neural networks work?

hidden
layers
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i
RelLU
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What are activation functions?

Sigmoid RelU
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How do neural networks work?

hidden
layers
= a;w; + b
i
RelLU
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How do neural networks work?
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How do neural networks work?
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How do neural networks work?
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How do neural networks learn?

- We need to learn the weights and biases.
- To do this we use backpropogation.

- Backpropogation uses gradient descent (calculus) to
find the values of the weights and biases that
minimize prediction error.
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How do we train neural networks?

1. Initialize the weighs and biases of the network.
2. For each epoch i:

- Shuffle the training data and divide it into
minibatches.

- For each minibatch j:
- Pass the minibatch through the neural network.
- Calculate the loss (a measure of prediction error.)

- Update weights and biases to improve prediction
accuracy.

3. Evaluate prediction accuracy on an independent
dataset. 59



How do we train neural networks?

- epochs: the number of training iterations

- minibatches: subsets of the training data used
during training

- learning rate: controls how quickly weights and
biases are updated
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How do we build neural networks?

- We decide how to structure our input data.
- We decide what we want to output.

- We decide how many hidden layers to include, how
many neurons to include in each layer, and which
activation functions to use.

- We decide how many epochs to use, how many
mini-batches to use, and select a learning rate.
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Hyperparameters

The number of hidden layers, the numbers of neurons,
the choice of activation functions, the numbers of
epochs and mini-batches, and the learning rate are all
referred to as hyperparameters of our network, and we
usually try to optimize these.
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How do we evaluate neural networks?

- When training a neural network, we hold out some
percentage of our data as validation data.

- The validation data helps us to assess whether our
model is only memorizing the training data, or
whether it will be able to generalize.

- Since we may use error on this validation set to
manually (or automatically) tune our
hyperparameters, it is important to also hold out
some of our data as an independent test data set!
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Examples: evoNet

Goal: to estimate historical population sizes and detect
selection.

TRAINING —
M=
—_— [== . _ Demographic
[[== Model
S O ) Parameters,
Training data Summary Algorithm Fully Selection
with a known Statistics Connected Scenario
history. Neural Network
\
I
Simulations under a demographic model L ]
(bottleneck), and a selection scenario Unlabeled data with
(neutral, hard sweep, soft sweep, balancing). summary statistics

(Sheehan & Song, 2016)
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Examples: evoNet

population
sizes

s | selection

@

layer L-1
(hidden)

layer 2
(hidden)
statistics

Figure 6 (Sheehan & Song, 2016) -



Examples: evoNet

Called Class
True Class Neutral Hard Sweep Soft Sweep Balancing
Neutral 0.9995 0.0002 0.0003 0.0000
Hard Sweep 0.1434 0.8333 0.0032 0.0201
Soft Sweep 0.0096 0.0010 0.9891 0.0003
Balancing 0.0301 0.0356 0.0056 0.9287

doi:10.1371/journal.pcbi. 1004845.t003

Table 3 from Sheehan and Song, 2016
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Examples: evoNet

- evoNet predicts population sizes through time and a
selection history.

- To do this, evoNet includes two rather different
outputs!

- evoNet uses a large number of summary statistics.

- evoNet estimates selection class more easily than
population sizes.
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Examples: Gene Duplication and Loss

Goal: to estimate rates of gene duplication and loss.
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Examples: Gene Duplication and Loss

Goal: to estimate rates of gene duplication and loss.

(a) (b) FONN LSTM™
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Fully Connected Neural Networks

- FCNNs are composed of a set of dependent
non-linear functions.

- FCNNs learn weights and biases that minimize
prediction error.

- We can adjust hyperparameters to build FCNNs that
perform well.

- FCNNSs rely on some set of features (i.e., summary
statistics) to learn the connection between input
and output.
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Overview of Supervised Machine Learning Algorithms

Convolutional Neural Networks (CNNs)
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What if | want to classify images?
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What if | want to classify images?

input layer

200 pixels x )
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x 3 channels =
90000 inputs!
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What if | want to classify images?

input layer

200 pixels x
150 pixels

x 3 channels =
90000 inputs!

30000
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hidden laver)
hidden layer
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What if | want to classify images?

Convolutional Neural Networks (CNNs) are designed to
perform well on input images by improving on fully
connected layers in several ways, including:

1. Scalable
2. Robust to shifts

3. Take advantages of correlations between pixels
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How do CNNs work?

Convolutional
Layer

Pooling
Layer

Fully
Connected
Neural
Network
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How do CNNs work?

input image filter (i.e., kernel)
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How do CNNs work?

input image

filter (i.e., kernel)

1“
o KN o
oo R

1. Overlay the filter onto the image.
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How do CNNs work?

input image filter (i.e., kernel)
oo
O i O
oo [E

1. Overlay the filter onto the image.
2. Calculate the dot product.
1x1 + 0x0 + 0x0 +

0x1 + 1x1 + 0x0 +
0x1+0x0 +1x1=3
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How do CNNs work?

input image filter (i.e., kernel)
1 n 0
O Bl O
oo R

1. Overlay the filter onto the image.
2. Calculate the dot product.
1x1 + 0x0 + 0x0 +
0x1 + 1x1 + 0x0 +
0x1+0x0+1x1=3
3. Add the bias term!

+-1
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How do CNNs work?

Feature Map

input image filter (i.e., kernel)
1 n 0
O mm O
oo R

1. Overlay the filter onto the image.
2. Calculate the dot product.
1x1 + 0x0 + 0x0 +
0x1 + 1x1 + 0x0 +
0x1+0x0 +1x1=3
3. Add the bias term!
4. Enter into the feature map.

+-1

81



How do CNNs work?

Feature Map

input image filter (i.e., kernel)

1“
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1. Overlay the filter onto the image.
2. Calculate the dot product.
1x1 + 0x0 + 0x0 +
0x1 + 1x1 + 0x0 +
0x1+0x0+1x1=3
3. Add the bias term!
4. Enter into the feature map.

2

+-1
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How do CNNs work?

input image

Feature Map

filter (i.e., kernel)

 BE
O mm O
oo
1. Overlay the filter onto the image.
2. Calculate the dot product.

3. Add the bias term!

4. Enter into the feature map.

5. Shift the filter, and repeat steps 2-4.
(the amount of shift = the stride)

2

+-1
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How do CNNs work?

Feature Map
210

input image filter (i.e., kernel)

1“
o KN o
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1. Overlay the filter onto the image.
2. Calculate the dot product.

3. Add the bias term!

4. Enter into the feature map.

5. Shift the filter, and repeat steps 2-4.
(the amount of shift = the stride)

+-1
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How do CNNs work?

Feature Map
2101

input image filter (i.e., kernel)
1 n 0
O Bl O
oo R

1. Overlay the filter onto the image.
2. Calculate the dot product.

3. Add the bias term!

4. Enter into the feature map.

5. Shift the filter, and repeat steps 2-4.
(the amount of shift = the stride)

+-1
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How do CNNs work?

Feature Map
21011

input image filter (i.e., kernel)

1“
o KN o
oo R

1. Overlay the filter onto the image.

2. Calculate the dot product.

3. Add the bias term!

4. Enter into the feature map.

5. Shift the filter, and repeat steps 2-4.
(the amount of shift = the stride)

+-1
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How do CNNs work?

Feature Map
210 -1]1

1“ 0
okl o |t
oo R

1. Overlay the filter onto the image.
2. Calculate the dot product.

3. Add the bias term!

4. Enter into the feature map.

5. Shift the filter, and repeat steps 2-4.
(the amount of shift = the stride)

input image filter (i.e., kernel)
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How do CNNs work?

Feature Map

input image filter (i.e., kernel) NrIEIE
1 n 0 0[1[0]|0
oMM o T ol|-1]01
0 n 1 O|-11-1|0

1. Overlay the filter onto the image.

2. Calculate the dot product.

3. Add the bias term!

4. Enter into the feature map.

5. Shift the filter, and repeat steps 2-4.
(the amount of shift = the stride)
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How do CNNs work?

Feature Map

input image filter (i.e., kernel)
2011
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activation function
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How do CNNs work?

Feature Map
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How do CNNs work?

Activated
Feature Map
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How do CNNs work?

Activated Max Pooling
Feature Map Filter
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How do CNNs work?

Activated Max Pooling
Feature Map Filter
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How do CNNs work?

Activated Max Pooling Pooled
Feature Map Filter Feature Map
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How do CNNs work?

Activated Max Pooling Pooled
Feature Map Filter Feature Map
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How do CNNs work?

Activated Max Pooling Pooled
Feature Map Filter Feature Map
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How do CNNs work?

Activated Max Pooling Pooled
Feature Map Filter Feature Map
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How do CNNs work?

Activated Max Pooling Pooled
Feature Map Filter Feature Map
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How do CNNs work?

Activated Max Pooling Pooled

Feature Map Filter Feature Map
21001 2|1
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How do CNNs work?

- Input: Image

- Apply Convolutional Filter.
- Activate Feature Map.

- Perform Max Pooling.

- Flatten into vector.

- Feed into fully connected neural network.

100



How do CNNs work?

- learnable parameters: weights and biases (weights
for each cell of each convolutional filter)

- hyperparameters: the number of convolutional
layers, the activation functions, the number of
filters, the size of the filters, the stride size, the type
of pooling, the FCNN hyperparameters!
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How do we use CNNs in population genetics?

The Unreasonable Effectiveness of Convolutional Neural
Networks in Population Genetic Inference

Lex Flagel,"” Yaniv Brandvain,” and Daniel R. Schrider**

- We can treat alignments as images!

- This allows us to avoid a priori summarization of
our data using features.

- Instead, our network learns the features directly.
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How do we use CNNs in population genetics?

Chromosomes

Segregating Sites

Figure 2 (Flagel et al,, 2019)
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Examples: Flagel

Goal: to predict whether a genomic window is

introgressed.

TRAINING
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Unlabeled data
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Examples:

True class

No introgression
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Examples: Suvurov

Goal: to infer the unrooted quartet topology.
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and model parameters.

(Suvorov et al., 2019)
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Examples: Suvurov
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Convolutional Neural Networks

- Take images directly as input!
- Bypass the need to summarize the data!

- Have even more hyperparameters than a FCNN!
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Overview of Supervised Machine Learning Algorithms

Graph Neural Networks
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Graph Neural Networks
- graph-level tasks e‘ e

- node-level tasks

- edge-level tasks
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Examples: Leroy

Goal: to infer speciation and extinction rates.

TRAINING
[ —
birth
A f%b and death

rates

Training data Trees as Algorithm GNN
with known graphs
history

\
Simulations under the f

Constant Rate Birth-Death Model Unlabeled trees

(Leroy et al., 2025)
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Examples: Leroy

a) Phylogeny representations b) Neural network architectures
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Examples: Leroy

Distribution of Absolute Error for Lambda
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Overview of Supervised Machine Learning Algorithms

Options for larger trees

14



Challenges with larger trees

Traditional supervised machine learning approaches
require that simulations are conducted under all
relevant models prior to training.

TRAINING
—_— E —
—_— Ei - —_— ——  Prediction
L]
Training data Feature Algorithm Model
with known vector
history

Slmulclhons under >—_< >—_< >—< -
relevant model(s).

Unlabeled data
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Challenges with larger trees

In phylogenetics, the model space is (at a mininum) the
tree space.

TAXA TREES
3 1
4 3
5 15
6 105
7
8
9

954
10,395
135,135
10 2,027,025
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Approaches for Inferring Larger Trees

- Distance-Based Approaches
- Heuristic Searches
- An Unsupervised Learning Approach

- Reviewed in (Mo et al., 2024)
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Distance-Based Approaches

- In distance-based approaches, we estimate
evolutionary distances among taxa, and then use
these distances to infer a tree using algorithms like
Neighbor Joining.

- Phyloformer (Nesterenko et al., 2022) infers
evolutionary distances using a self-attention
network, and then infers trees using neighbor
joining.
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Distance-Based Approaches
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Approaches for Inferring Larger Trees

- Distance-Based Approaches
- Heuristic Searches

- An Unsupervised Learning Approach
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Heuristic Searches

- We can use heuristic searches to find a good tree
without exploring all topologies.

- phyloGAN (Smith & Hahn, 2023) uses Generative
Adversarial Networks to do this.
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What is a Generative Adversarial Network?
muxim!ze pr(fuk(la) = qule
Observed maximize pr(real) = rea

Images ) (L ,

Discriminator

NN { Real
Random noise
BrERREES f I @E Fake

Generator

Fake Image

update model

maximize pr(fake) = real
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How have GANs been used in population genetics?

GA
AOcTéG A maximize pr(fake) = fake
Observed Ag$$ GGA maximize pr(real) = real

Alignment c
° focTACh

Discriminator

Real
HGA Convolutional
ccT Neural Network
Evolutionary model zc 6T g (G; : | (keras, Tensorflow) Fake
and —> msprime AGTT
parameters cCTA
c

Generator Fake Alignment

update model:
simulated annealing

maximize pr(fake) = real

(Wang et al., 2021)
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phyloGAN

GA
ACCIQGA maximize pr(fake) = fake
Observed AggTGgﬁ maximize pr(real) = real
Alignment cTA
9 :gc TAGA
Discriminator
Reol
Convolutional
cCTA Neural Network
Evolutionary model: QCCT gg: (keras, Tensorflow) F° ke
Tree Topology —> AliSim TT

Branch Lengths

Generator Fake Alignment

update model:
NNI, SPR

maximize pr(fake) = real

(Smith & Hahn, 2023) 124



phyloGAN
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Challenges with GANs

- GANSs can be very difficult to train stably.

- GANSs rely on similarities between empirical and
generated data, which can be a problem when our
models are not well-specified.
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Approaches for Inferring Larger Trees

- Distance-Based Approaches
- Heuristic Searches

- An Unsupervised Learning Approach
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Unsupervised Learning

- Topic modeling is an unsupervised learning
approach that identifies topics within a document
or group of documents, and assigns words to topics.

- (Khodaei et al., 2025) used topic modeling to extract
topic frequencies from unaligned DNA sequences.

- They then use a Maximum Likelihood approach to
infer trees from these continuous characters!
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Overview of Supervised Machine Learning Algorithms

Overview of Algorithms
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Random Forests

- Random Forest Classifiers (and Regressors) use
collections of decision trees trained for the task at
hand.

- Hyperparameters include the number of trees, the
number of features considered when splitting a
node, and parameters controlling the size of each
decision tree.

- Random Forests rely on hand-crafted summary
statistics.

- Examples using RF include delimitR (Smith &
Carstens, 2020) and ModelTeller (Abadi et al., 2020).
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Fully Connected Neural Networks

- Fully connected neural networks consist of
dependent non-linear functions.

- Hyperparameters include the number of hidden
layers, the number of neurons per layer, the
activation functions and the batch sizes and number
of epochs used in training.

- FCNNs usually rely on hand-crafted summary
statistics.

- Examples include evonet (Sheehan & Song, 2016)
and our approach for inferring duplication and loss

rates.
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Convolutional Neural Networks

- CNNs are very similar to FCNNs, but at the beginning
we perform a series of convolutions, which allows
us to process image data in a meaningful and
efficient way.

- Even more hyperparameters than FCNNs!.

- CNNs can directly process images of alignment,
bypassing the need to calculate summary statistics.

- We discussed an approach for detecting
introgressed genomic windows (Flagel et al., 2019),
and an approach to infer quartet trees (Suvorov
et al.,, 2019).
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Graphical Neural Networks

- GNNs are similar to CNNs in many ways, but the
input is a graph!

- We perform convolutions on the graph in a way that
preserves aspects of graph structure.

- GNNs are an obvious architecture for analyzing
phylogenies, but it may take some work to figure out
how to best use them for this purpose.
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Challenges and Future Directions




Challenges and Future Directions

Overfitting
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How do | avoid overfitting?

- Overfitting occurs when the model gives accurate
predictions for the training data, but not new data.

- We can attempt to avoid overfitting using several
approaches:
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Overfitting: Random Forests

Yes No

‘ #Logs > 1 H#Logs> 1.5|

Yes No Yes No
RO CIRD,
Observations: 10 13 17 12
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Overfitting: Random Forests

Raining?
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ves No Yes No

‘#L°95>1 H#L095>15| #Logs>1H#Logs>15‘

; ; ; : Yes No YM
’Stream7 ’Ferns7 ‘Elev>5007 Stream?
10 13 17
Yes; ;No Yesi ;No Yes; ; ; :

Observations:

Observations:

137



How do | avoid overfitting?

- Overfitting occurs when the model gives accurate
predictions for the training data, but not new data.

- We can attempt to avoid overfitting using several
approaches:

1. RF: don't let decision trees get too large
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Overfitting: Neural Networks

hidden
layers
—_— e ~
|Input output
ayer layer
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Overfitting: Neural Networks
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— e N
'lnPUt output
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How do | avoid overfitting?

- Overfitting occurs when the model gives accurate
predictions for the training data, but not new data.

- We can attempt to avoid overfitting using several
approaches:

1. RF: don't let decision trees get too large

2. NN: dropout layers
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How do | avoid overfitting?

- Overfitting occurs when the model gives accurate
predictions for the training data, but not new data.

- We can attempt to avoid overfitting using several
approaches:

1. RF: don't let decision trees get too large
2. NN: dropout layers

3. NN: use regularization (e.g., L1 regularization)
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How do | avoid overfitting?

- Overfitting occurs when the model gives accurate
predictions for the training data, but not new data.

- We can attempt to avoid overfitting using several
approaches:

1. RF: don't let decision trees get too large
2. NN: dropout layers
3. NN: use regularization (e.g., L1 regularization)

4. NN: use early stopping
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How do | avoid overfitting?

- Overfitting occurs when the model gives accurate
predictions for the training data, but not new data.

- We can attempt to avoid overfitting using several
approaches:

1. RF: don't let decision trees get too large

2. NN: dropout layers

3. NN: use regularization (e.g., L1 regularization)
4. NN: use early stopping

5. reduce model complexity
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How do | avoid overfitting?

Most importantly: ensure that you use an independent
dataset to assess model performance, to ensure that
you are aware when overfitting is happening, and are
appropriately confident in your predictions!
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Challenges and Future Directions

Hyperparameter tuning
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How do | choose my hyperparameters

Hyperparameters can be optimized using several
approaches:

1. Manual optimization
2. Grid search
3. Random search

4. Bayesian optimization
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Challenges and Future Directions

Simulation misspecification
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Simulation Misspecification

TRAINING
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" ———Prediction
1
Training data Feature Algorithm Model
with known vector
history.
| /
Simulations under some model. S O

Unlabeled data and features
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Simulation Misspecification

What if our simulations aren’t realistic?

Simulations:

A B A
A more realistic model:
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Domain Shifts

Domain shifts occur when training data and target data
arise from different distributions.
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Domain Shifts

Domain shift in Domain shift in
digit classification population genetics
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Source _ ﬁgTIfgi
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We built a Convolutional Neural Network (CNN) to detect
introgression.

Classification

A
A

CNN Feature Extraction

>

Simulate
Training Data

>

153



This network was highly accurate on testing data
simulated under the same models as the training data!

Actual

A
A

: : Predicted : E
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What if the processes important in generating the data
we want to classify (target data) were not included in our
training simulations?

CNN Feature Extraction Classification
-~ J
kE !
Simulate ' |
Training Data — 2

ot
[ | R

A %
A\
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Applying our network to data generated under
alternative models leads to high error rates!

Actual

j : Predicted i E

156



Applying our network to data generated under
alternative models leads to high error rates!

True Positive Rate

z - No Misspecification (Mean AUC: 1.0)
i/ # Misspecification (Mean AUC: 0.8)

False Positive Rate
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Using an approach called domain adaptation, we can
train networks that perform well, even when there is a
shift between our source and target data.

Classification

: : : : Feature Extraction I j A : ? j : t
- / Maximize

Source Data

K&A{ s A

Minimize

No labels!! CDAN Discrimination
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Results

Domain adaptation leads to much higher accuracy on
datasets with ghost introgression.

Misspecification

Domain Adaptation

True Positive Rate

- No Misspecification (Mean AUC: 1.0)
Misspecification (Mean AUC: 0.8)

True Positive Rate

/’/ —— No Misspecification (Mean AUC: 1.0)
/’ ~— Misspecification (Mean AUC: 0.99)

False Positive Rate

0

False Positive Rate
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Challenges and Future Directions

The Black Box

160



The Black Box

Can we understand how features are driving predictions?
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Variable Importance

Will | find a slug?
Raining? Stream? # Logs Slug?
e o 2 = Raining?
yes yes 2 yes
yes yes 4 yes
no yes 1 yes Yes No
yes no 0 no
no yes 1 no
no yes 2 no
no no 2 no slug |noslug slug | noslug
3 1 1 3
GINI Index n
measure of node purity 2
0: perfectly pure GINI =1 — Z Di
1: elements randomly distributed i=1
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Variable Importance in Random Forests

Raining?

Yes No
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- Y N Stream ‘ | Rainin ‘
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Variable Importance in Random Forests
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Variable Importance in Neural Networks

Permutation testing!

- For each variable i:

1.

Randomly permute the values of the variable across
the test datasets.

Apply the neural network.

Measure the increase in prediction error relative to
the baseline.
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Variable Importance in Neural Networ
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Figure 5 (Sheehan & Song, 2016)
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Does this really solve the "Black Box” problem?

YOUR SCIENTISTS WERE SO PREOCCUPIED
WITH WHETHER OR NOT THEY COULD...

.

THEY DIDN'T STOP TO THINK'IF THEY SHOULD.




Does this really solve the "Black Box” problem?

- We still lack an explicit mathematical model.

- When we can use full Likelihood or Bayesian
approaches, we should!

- But we can use machine learning when we need to
consider processes that we cannot incorporate in
Likelihood and Bayesian approaches.

- Consider it an additional tool in your toolbox, not a
solution to all your problems!
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How and when should | use
Machine Learning?




How and when to use machine learning

1. Can | achieve my goal using a full Likelihood or
Bayesian approach?

2. What do | want to predict?

3. What kind of data do | have, and how can | best
structure that data to answer the task at hand?

4. How should | get training data?

5. Which process am | ignoring that might impact
inference?
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Useful Tools




A (non-exhaustive) list of useful simulators

1. msprime (Baumdicker et al., 2022): integrates easily
into python workflows

2. Sim-Phy (Mallo et al., 2015): great for simulating
gene duplication and loss

3. SLiM (Haller & Messer, 2023): forward-in-time
simulations with selection

4. Ali-Sim (Ly-Trong et al., 2022): great for
phylogenetics

170



Implementing Machine Learning workflows

1. tensorflow
2. Sci-kit learn
3. keras

4. PyTorch

7



popAl
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Demographic Model Selection in
Python: Example
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