@ UiO ¢ Universitetet i Oslo

Machine Learning in Computational
Biology: Overview

IN-BIOS5000/IN-BIOS9000

Milena Pavlovic
Department of Informatics

milenpa@uio.no



Disclaimer

| am a machine learning researcher, not a biologist:
you are the experts there!



Learning aims

A Key points should be the intuition and high-level understanding of what
machine learning is, types of problems it can help solving

A Machine learning is not a black box: every choice we make has a meaning
A Overall understanding data representation and a machine learning algorithm

A High-level understanding of machine learning workflow, comparison and
uncertainty related to it



What is your previous experience with machine
learning?
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Al for Science

Al for science
Review \ Published: 02 August 2023 T 1

Scientific discovery in the age of artificial intelligence

Observations Hypotheses

Hanchen Wang, Tianfan Fu, Yuangi Du, Wenhao Gao, Kexin Huang, Ziming_Liu, Payal Chandak,
Shengchao Liu, Peter Van Katwyk, Andreea Deac, Anima Anandkumar, Karianne Bergen, Carla P. t .
Experiments «——

Rare event selection

Wegther forecasting in particle collisions

Nature 620, 47-60 (2023) | Cite this article
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Battery design

optimization > Language modelling for
'\\]J biomedical sequences

Perspective | Published: 06 March 2024
Artificial intelligence and illusions of understanding in
scientific research

Magnetic control of

nuclear fusion reactors High-throughput

virtual screening

&

Planning chemical

Lisa Messeri & & M. J. Crockett & synthesis pathway
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Al for Science
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Scientific discovery in the age of artificial intelligence

Nature 620, 47-60 (2023) | Cite this article

Although scientific practices and procedures vary across stages of scientific research, the
development of Al algorithms cuts across traditionally isolated disciplines (Fig. 1). Such
algorithms can enhance the design and execution of scientific studies. They are becoming
indispensable tools for researchers by optimizing parameters and functions?, automating
procedures to collect, visualize, and process data2, exploring vast spaces of candidate
hypotheses to form theories®, and generating hypotheses and estimating their uncertainty to
suggest relevant experiments”.



Let’'s start with a very simple example...



Sequencing technologies provide data which can be

examined for biological properties

CDR3 V gene
CAAAERNTGELFF TRBV28*01
CAAGVENTGELFF TRBV5-6*01
CAAQATNTGELFF TRBV19*01
CAAQDSNTGELFF TRBV5-1*01
CAAQMTNTGELFF TRBV19*01
CAAQNLNTGELFF TRBV15*01
CAARDQRDLNTGELFF  TRBV2*01
CAASDPNTGELFF TRBV12-3*01
CAASEMNTGELFF TRBV7-8*01
CACQELNTGELFF TRBV30*01
CAEGELNTGELFF TRBV7-2*01
CAGADSNTGELFF TRBV7-8*01
CAGDYLNTGELFF TRBV7-8*01
CAGGDPNTGELFF TRBV7-9*01
CAGGDSNTGELFF TRBV7-8*01
CAGGRGNTGELFF TRBV12-3*01

CAGGVNPNTGELFF TRBV5-1"01

CAGQDLNTGELFF TRBV7-2"01
CAGQNLNTGELFF TRBV19*01
CAGQRANTGELFF TRBV19*01
CAIADANTGELFF TRBV5-1*01
CAIGDENTGELFF TRBV7-8*01
CAIGDRNTGELFF TRBV5-5"01
CAIGDRSSGEQYF TRBV5-4"01
CAIQDLNTGELFF TRBV13*01
CAIQESNTGELFF TRBV10-3*01
CAIQYANTGELFF TRBV15*01

CAIRTSGMLNTGELFF ~ TRBV2*01

J gene

TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2°01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2"01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2"01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-7*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01
TRBJ2-2*01

Species

HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens
HomoSapiens

HomoSapiens

Motifs and data from VDJdb (Bagaev et al. 2020)
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Sequencing technologies provide data which can be
examined for biological properties

A One way to approach an
analysis: make a position =P
weight matrix showing
product multinomial
distribution of amino acids

Q Butwhatifwewantte  __ED 1 o A =
predict if a sequence is
specific to a virus or not?

é €Ii ; é 9 10 |I| (‘2

Motifs and data from VDJdb (Bagaev et al. 2020)



Machine learning is a powerful approach to
discovering patterns in (biological) data

d A set of methods that
allow for making Sy
inferences about the data | gaS=Teerr -

CAAQATNTGELFF
CAAQDSNTGELFF .

Q Example: will the ShesimE:
; . CASSASYYEQYF
receptor bind to the virus | -
or not? - we can fit a raw labeled data

logistic regression model
on receptor data and
then predict binding for
new receptors



Machine learning is a powerful approach to
discovering patterns in (biological) data
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M| Example: will the CASSADVEAFF
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on receptor data and CAAAERNTGELFF
CAAGVENTGELFF
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new receptors

raw unlabeled data




Machine learning is a powerful approach to
discovering patterns in (biological) data

d A set of methods that

allow for making
CAAAERNTGELFF + 0.10.3
inferences about the data | gaoreae . ooy
CAAQDSNTGELFF o 0.30.2
a Example: will the cnseovenrs  + | (NN
. . CASSASYYEQYF  + 0.120.1
receptor bind to the virus | -
or not? - we can fit a raw labeled data encoded data Iea::;c;hin:idel
logistic regression model
on receptor data and CAAAERNTGELFF
. ] . CAAGVENTGELFF
then predict binding for CAAGATNTGELFF
new receptors raw unlabeled data




Machine learning is a powerful approach to
discovering patterns in (biological) data

d A set of methods that
allow for making
inferences about the data

[  Example: will the
receptor bind to the virus
or not? - we can fit a
logistic regression model
on receptor data and
then predict binding for
new receptors

CAAAERNTGELFF

CAAGVENTGELFF -

CAAQATNTGELFF

+
CAAQDSNTGELFF -

CASSADIEQFF
CASSADVEAFF
CASSASYYEQYF

0.10.3 +
040.5 =
0304 +
0.30.2

0.80.9 =
0.210.3 +

0.120.1 +

raw labeled data

encoded data

training procedure

machine

learning model

CAAAERNTGELFF
CAAGVENTGELFF
CAAQATNTGELFF

raw unlabeled data
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Some concrete ML applications



Transcription factor binding prediction

Transcription factors are proteins which
bind to certain sites in DNA and regulate
transcription of genes

Given a set of DNA sequences for which
we know if they will bind or not, how can we
predict if a transcription factor will bind to a
new DNA sequence?

Classification problem!

measuring specificity with sequencing
bind genome ,»~, mapreads gz, training

fragments to genome sequences
"peak 1" . .,
m ggagataca peak 2 1 cggagataca
) cidadatac |  333EggEI] 2 agataggtas
cggagatac aagatagg N
¢ cggagata aagatagg . .. binding
tcggagatacaggattaagataggtaaat €3 sites?

Leung et al. 2016

Published: 27 July 2015

Predicting the sequence specificities of DNA- and
RNA-binding proteins by deep learning

Babak Alipanahi, Andrew Delong, Matthew T Weirauch & Brendan J Frey

Nature Biotechnology 33, 831-838(2015) | Cite this article




|dentification of new cell types

Single-cell RNA-seq clustering for identification of new

cell types:

A dimensionality reduction technique is applied to

normalized count data

Clustering the data (using e.g., k-means algorithm) can

reveal new cell types

Review Article | Published: 07 January 2019

Challenges in unsupervised clustering of single-cell

RNA-seq data

Vladimir Yu Kiselev, Tallulah S. Andrews & Martin Hemberg

Nature Reviews Genetics 20, 273-282(2019) | Cite this article

principal component 2

principal component 2

principal component 1

clustering algorithm

principal component 1



Antibody design

An ensemble of protein language models

predicts amino acid substitutions to
improve antibody characteristics

High fitness

Plausible
mutations

Full mutational space

Inefficient scenario:
evolutionary plausibility poorly
enriches for high fitness

High fitness

Plausible
mutations

Full mutational space

Efficient scenario:
evolutionary plausibility indirectly
predicts high fitness

Article | Open access \ Published: 24 April 2023

Efficient evolution of human antibodies from general
protein language models

Brian L. Hie &, Varun R. Shanker, Duo Xu, Theodora U. J. Bruun, Payton A. Weidenbacher, Shaogeng

Tang, Wesley Wu, John E. Pak & Peter S. Kim &

Nature Biotechnology 42, 275-283 (2024) | Cite this article

C
A L Y  Output
01 - 0.2 --0.01 likelihood
i p(x;12)
[ ]
0 i ] Embedding
1 z=f(x)

sequence

& X

High language model
likelihood

I
Plausible
mutations

Experiment: use high language model likelihood to sample
evolutionarily plausible mutations, measure fitness



Protein Structure Prediction

Article | Open Access | Published: 15 July 2021

Highly accurate protein structure prediction with
AlphaFold

John Jumper &, Richard Evans, Alexander Pritzel, Tim Green, Michael Figurnoy, Olaf Ronneberger,

The international journal of science / 26 August 2021 outlook
Sickle-cell

Kathryn Tunyasuvunakool, Russ Bates, Augustin Zidek, Anna Potapenko, Alex Bridgland, Clemens

Meyer, Simon A. A. Kohl, Andrew J. Ballard, Andrew Cowie, Bernardino Romera-Paredes, Stanislav

Nikolov, Rishub Jain, Jonas Adler, Trevor Back, Stig Petersen, David Reiman, Ellen Clancy, Michal

Zielinski, Martin Steinegger, Michalina Pacholska, Tamas Berghammer, Sebastian Bodenstein, David

Silver, Oriol Vinyals, Andrew W. Senior, Koray Kavukcuoglu, Pushmeet Kohli & Demis Hassabis &

— Show fewer authors

Nature 596, 583-589 (2021) | Cite this article
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Design of cis-regulatory elements

Article | Open access | Published: 23 October 2024

Machine-guided design of cell-type-targeting cis-
regulatory elements

Sager J. Gosai g’ Rodrigo I. Castro 9, Natalia Fuentes, John C. Butts, Kousuke Mouri, Michael

Alasoadura, Susan Kales, Thanh Thanh L. Nguyen, Ramil R. Noche, Arya S. Rao, Mary T. Joy, Pardis C.

Sabeti, Steven K. Reilly & & Ryan Tewhey &

Nature 634, 1211-1220 (2024) | Cite this article

A convolutional neural network predicts
cell-type-specific CRE effects directly from the
nucleotide sequence across cell lines

Design of novel CREs with target functionality
through sequence activity prediction and
iterative optimization algorithms

@ Empirical reporter assays

Natural and synthetic CRE oligos
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Antibiotic discovery

A Deep Learning Approach to Antibiotic Discovery

Graphical Abstract
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Authors

Jonathan M. Stokes, Kevin Yang,
Kyle Swanson, ..., Tommi S. Jaakkola,
Regina Barzilay, James J. Collins

Correspondence

regina@csail.mit.edu (R.B.),
jimjc@mit.edu (J.J.C.)

In Brief

A trained deep neural network predicts
antibiotic activity in molecules that are
structurally different from known
antibiotics, among which Halicin exhibits
efficacy against broad-spectrum
bacterial infections in mice.

Highlights

A deep learning model is trained to predict antibiotics based

on structure

Halicin is predicted as an antibacterial molecule from the
Drug Repurposing Hub

Halicin shows broad-spectrum antibiotic activities in mice

More antibiotics with distinct structures are predicted from
the ZINC15 database



Article | Open access | Published: 22 October 2024

METASPACE-ML: Context-specific metabolite
annotation for imaging mass spectrometry using
machine learning

Bishoy Wadie, Lachlan Stuart, Christopher M. Rath, Bernhard Drotleff, Sergii Mamedov & Theodore

Alexandrov &

Nature Communications 15, Article number: 9110 (2024) \ Cite this article

Article | Published: 03 April 2023
Deep learning supported discovery of biomarkers for
clinical prognosis of liver cancer

Junhao Liang, Weisheng Zhang, Jianghui Yang, Meilong Wu, Qionghai Dai &, Hongfang Yin &, Ying
Xiao & & Lingjie Kong &

Nature Machine Intelligence 5, 408-420 (2023) | Cite this article
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Computational biology poses unique challenges for
machine learning

Dimensionality & dataset size

Signal and noise in the data

Unknown ground truth and weakly labeled datasets
Selection bias

Ry Wy Ny

Keep in the data generation process in mind!



Machine learning in computational biology - outline

e Introduction to machine learning:
o  What is machine learning, types of problems, assumptions, workflow, generalization

e Machine learning models and algorithms:
o Discriminative vs generative models, supervised models (logistic and linear regression, kNN,
neural networks), unsupervised models (dimensionality reduction, clustering)

e Data representation:
o Considerations and examples, one-hot encoding, feature engineering, representation learning

e Model comparison and uncertainty:
o Model assessment, model selection, uncertainty, cross-validation

e Transparency and reproducibility
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What is machine learning?

“Machine learning refers to extracting patterns from raw data.”



What is machine learning?

“Machine learning refers to extracting patterns from raw data.”

“A computer program is said to learn from experience E with respect to some class
of tasks T and performance measure P, if its performance at tasks in T, as
measured by P, improves with experience E.”

Mitchell 1997



Machine learning as a function approximation task

labels

examples
represented
by features
(data)

function f

DOG




Machine learning as a function approximation task

label: COVID-19
specificity
examples _ : .
represented function f (antlgen-speCIfIC)
%r;euarfgre& CAYQEVNTRRYF negative
receptor CASSCFEVNTGEF (”O‘a?]'tfi‘g'e”ng) the
sequences CAYQEVNTYF

CAYQEVNELFF



Machine learning as a function approximation task

also called target
and output

|

label

feature vector
(one example)

also called model
and hypothesis

function

examples "
represented (e.g. positive class)
E’ga';‘;?t“res [0.42.12.2 class 2

[8.14 6.1 0.2 0.001] (e.g. negative class)

[11.1 3.02 6.1 0.05]
[3.1 5.6 8.1 0.002]

feature, but also
called covariate,
input variable,
predictor
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Machine learning as a function approximation task

feature vector
(one example)

examples
represented
by features
(data)
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output (notation: Y)

l

label
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\

[function ]
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e.g. positive class)

class 2
(e.g. negative class)

[0.4 21 2.2
[8.146.1 0.2 0.03N
[11.1 3.02 6.1 0.05] |

[3.1 5.6 8.1 0.02]!

feature, but also
called covariate,
input variable,
predictor

design matrix (notation: X)



Types of problems in machine learning: what does
the function f do

also called target

1. Supervised: for each example we know the label and output
a. Label can be a discrete value - a class (e.g., a receptor | kJ; |
ape

is antigen-specific or not, the picture contains a dog or a
cat): classification or

b. a continuous value (e.g., binding affinity, house price):
regression

(e.g. positive class)

class 2
(e.g. negative class)




Types of problems in machine learning: what does
the function f do

1. Supervised: classification and regression

2. Unsupervised:

a.

the data we have has a lot of features, and we want to
see if there is a structure in the data

there is no explicit label

example: there is a set of cells and we want to see if we
can group them and see if there are new groups which
could indicate new cell types

clustering, semi-supervised learning (proxy supervised
tasks from unlabeled data), density estimation

no label, just data

[0.42.12.20.1]

[8.14 6.1 0.2 0.001]

[11.1 3.02 6.1 0.05]

[3.1 5.6 8.1 0.002]



Types of problems in machine learning: what does
the function f do

1. Supervised: classification and regression
2. Unsupervised
3. Reinforcement learning:

a. dataset is not fixed, the program interacts with
environment

b. used when choosing a sequence of actions: we don’t
know the label - don’t know the optimal sequence of
actions, but we know how good an action is

c. example: discover optimal dosing policy for a medication



Types of problems in machine learning: what does
the function f do

1. Supervised: classification and regression
2. Unsupervised

3. Reinforcement learning



Machine learning as a function approximation task
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Machine learning as a function approximation task

feature vector

(one example)

examples
represented
by features
(data)

[ ERRARA i)

also called model
and hypothesis

function

also called target and
output (notation: Y)

l

label

(

e.g. positive class)

1[0.4 2.1 2.2 (0.1

[8.146.1 0.2 0\3]\

'[11.13.026.1 0.05]

design matrix (notation: X)

feature, but also
called covariate,
input variable,
predictor

class 2
(e.g. negative class)



What do we assume about the data?

A Data generation process produces the data
(data generation process results in a probability distribution p _, )

d  We assume:
A Examples in each dataset are independent of each other

A When we want to use the machine learning model on some new
data to predict a label: these new data come from the same data
generation process (same probability distribution)
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What do we assume about the data?

H

Data generation process produces the data
(data generation process results in a probability distribution p _, )

We assume:

A Examples in each dataset are independent of each other

A When we want to use the machine learning model on some new
data to predict a label: these new data come from the same data

generation process (same probability distribution)

ii.d.
assumption

|

examples are
independent
and identically
distributed



What do we assume about the data?

A Data generation process produces the data
(data generation process results in a probability distribution p _, )

1 We assume:

A Examples in each dataset are independent of each other

A When we want to use the machine learning model on some new
data to predict a label: these new data come from the same data
generation process (same probability distribution)

A With these assumptions satisfied (or approximately
satisfied), we choose the data representation and
estimate the function

ii.d.
assumption

|

examples are
independent
and identically
distributed



Estimating the function (training procedure)

training procedure

CAAAERNTGELFF  + 0.10.3 1
CAAGVENTGELFF 0.405 0
CAAQATNTGELFF  + 0.30.4 1
CAAQDSNTGELFF | 0302 0
CASSADIEQFF - "| 0.809 0
CASSADVEAFF + 0.210.3 1
CASSASYYEQYF + 0.12 0.1 1
machine

raw labeled data encoded data )

learning model
CAAAERNTGELFF  + 0.50.3 1
CAAGVENTGELFF - | 0105 0
CAAQATNTGELFF  + "l 0207 1
raw labeled data encoded data




Estimating the function (training procedure)

training data

!

CAAAERNTGELFF +
CAAGVENTGELFF -
CAAQATNTGELFF +
CAAQDSNTGELFF -
CASSADIEQFF -
CASSADVEAFF +
CASSASYYEQYF

0.10.3
0.40.5
0304
0.30.2
0.80.9
0.210.3
0.120.1

OO e T = I S o R

raw labeled data

encoded data

training procedure

machine

learning model

CAAAERNTGELFF  +
CAAGVENTGELFF -
CAAQATNTGELFF  +

raw labeled data

Y

0.50.3 1
0.10.5 0
0.20.7 1

encoded data




Estimating the function (training procedure)

training data

I

encoded
training data

!

¢ D
CAAAERNTGELFF + 0.10.3 1
CAAGVENTGELFF - 0405 0
CAAQATNTGELFF + 0.30.4 1
CAAQDSNTGELFF - 0.30.2 0
CASSADIEQFF o 0.80.9 0
CASSADVEAFF + 0.210.3 1
CASSASYYEQYF + 0.12 0.1 1

raw labeled data

encoded data

training procedure

machine

learning model

CAAAERNTGELFF  +
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CAAQATNTGELFF  +

0.50.3 1
| 0105 0
"l 0207 1

raw labeled data

encoded data




Estimating the function (training procedure)

training data

!

encoded
training data

!

CAAAERNTGELFF +
CAAGVENTGELFF -
CAAQATNTGELFF +
CAAQDSNTGELFF
CASSADIEQFF
CASSADVEAFF
CASSASYYEQYF

+ 4

0.10.3
0.40.5
0304
0.30.2
0.80.9
0.210.3
0.120.1

OO e T = I S o R

raw labeled data

encoded data

training procedure

machine

learning model

CAAAERNTGELFF  +
CAAGVENTGELFF
CAAQATNTGELFF  +

raw labeled data

T

test data [

0503 1
0.10.5 0
0.20.7 1

encoded data

a small percent (e.g. 30%) of initial
data we set aside to test our model



Estimating the function (training procedure)

training data

!

encoded
training data

!

CAAAERNTGELFF +
CAAGVENTGELFF -
CAAQATNTGELFF +
CAAQDSNTGELFF
CASSADIEQFF

CASSADVEAFF

CASSASYYEQYF

+ 4
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0.120.1

OO e T = I S o R

raw labeled data

encoded data

training procedure

machine

learning model
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CAAGVENTGELFF
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0.50.3 1
0.10.5 0
0.20.7 1

raw labeled data

encoded data

T

test data

I

encoded
test data



Estimating the function (training procedure)

o encoded
training data training data

! !

CAAAERNTGELFF + 0.10.3 1
CAAGVENTGELFF = 0.40.5 0
CAAQATNTGELFF + 0304 1
CAAQDSNTGELFF - 0.30.2 0
CASSADIEQFF o 0.80.9 0
CASSADVEAFF + 0.210.3 1
CASSASYYEQYF + 0.120.1 1

raw labeled data encoded data

training procedure

machine

CAAAERNTGELFF  + 0.50.3 1
CAAGVENTGELFF 0.10.5 0
CAAQATNTGELFF  + 0.20.7 1

raw labeled data encoded data

f f

encoded
test data test data

learning model

Task: estimate function f so that f(X) =Y
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o encoded
training data training data

! !

CAAAERNTGELFF + 0.10.3 1
CAAGVENTGELFF = 0.40.5 0
CAAQATNTGELFF + 0304 1
CAAQDSNTGELFF - 0.30.2 0
CASSADIEQFF o 0.80.9 0
CASSADVEAFF + 0.210.3 1
CASSASYYEQYF + 0.120.1 1

raw labeled data encoded data

training procedure

machine

CAAAERNTGELFF  + 0503 1
CAAGVENTGELFF 0.10.5 0
CAAQATNTGELFF  + 0.20.7 1

raw labeled data encoded data

f f

encoded
test data test data

learning model

Task: estimate function f so that f(X) =Y

Training procedure:
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o encoded
training data training data
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CAAAERNTGELFF + 0.10.3 1
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training procedure

machine

CAAAERNTGELFF  + 0503 1
CAAGVENTGELFF 0.10.5 0
CAAQATNTGELFF  + 0.20.7 1

raw labeled data encoded data

f f

encoded
test data test data

learning model

Task: estimate function f so that f(X) =Y
Training procedure:

1. Start with some function f with some
parameters




Estimating the function (training procedure)

encoded
training data training data

CAAAERNTGELFF + 0.10.3 1
CAAGVENTGELFF - 0.4 0.5 0
CAAQATNTGELFF + 0.30.4 1
CAAQDSNTGELFF - 0.30.2 0
CASSADIEQFF - 0.80.9 0
CASSADVEAFF + 0.210.3 1
CASSASYYEQYF + 0.12 0.1 1

raw labeled data

encoded data

training procedure

machine

CAAAERNTGELFF  +
CAAGVENTGELFF
CAAQATNTGELFF  +

0503 1
0.10.5 0
0.20.7 1

raw labeled data

T

test data

encoded data

f

encoded
test data

learning model

Task: estimate function f so that f(X) =Y
Training procedure:

1. Start with some function f with some
parameters
for example, logistic regression:

g(wx+b) = (1 + e @)
1, g(wx+b) =0.5

fx) =
0, glwx+b) < 0.5




Estimating the function (training procedure)

o encoded
training data training data
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training procedure

machine

CAAAERNTGELFF  + 0503 1
CAAGVENTGELFF 0.10.5 0
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raw labeled data encoded data

f f

encoded
test data test data

learning model

Task: estimate function f so that f(X) =Y
Training procedure:

1.  Start with some function f with some
parameters (e.g., logistic regression)
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o encoded
training data training data
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raw labeled data encoded data

training procedure

machine

CAAAERNTGELFF  + 0503 1
CAAGVENTGELFF 0.10.5 0
CAAQATNTGELFF  + 0.20.7 1

raw labeled data encoded data

f f

encoded
test data test data

learning model

Task: estimate function f so that f(X) =Y
Training procedure:

1.  Start with some function f with some
parameters (e.g., logistic regression)

2. While training:




Estimating the function (training procedure)

training data

encoded

training data

CAAAERNTGELFF + 0.10.3 1
CAAGVENTGELFF = 0.40.5 0
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CASSADIEQFF o 0.80.9 0
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raw labeled data

encoded data

training procedure

machine

CAAAERNTGELFF  +
CAAGVENTGELFF
CAAQATNTGELFF  +

0503 1
0.10.5 0
0.20.7 1

raw labeled data

encoded data

T

test data

f

encoded
test data

learning model

Task: estimate function f so that f(X) =Y
Training procedure:

1.  Start with some function f with some
parameters (e.g., logistic regression)

2. |While training

I

max number of iterations was
not reached and predictions
are not good enough




Estimating the function (training procedure)

o encoded
training data training data
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CAAAERNTGELFF + 0.10.3 1
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CASSADIEQFF o 0.80.9 0
CASSADVEAFF + 0.210.3 1
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raw labeled data encoded data

training procedure

machine

CAAAERNTGELFF  + 0503 1
CAAGVENTGELFF 0.10.5 0
CAAQATNTGELFF  + 0.20.7 1

raw labeled data encoded data

f f

encoded
test data test data

learning model

Task: estimate function f so that f(X) =Y
Training procedure:

1.  Start with some function f with some
parameters (e.g., logistic regression)

2. While training:




Estimating the function (training procedure)

training data

encoded

training data

CAAAERNTGELFF + 0.10.3 1
CAAGVENTGELFF = 0.40.5 0
CAAQATNTGELFF + 0304 1
CAAQDSNTGELFF - 0.30.2 0
CASSADIEQFF o 0.80.9 0
CASSADVEAFF + 0.210.3 1
CASSASYYEQYF + 0.120.1 1

raw labeled data

encoded data

training procedure

machine
learning model

CAAAERNTGELFF  +
CAAGVENTGELFF
CAAQATNTGELFF  +

0503 1
0.10.5 0
0.20.7 1

raw labeled data

encoded data

T

test data

f

encoded
test data

Task: estimate function f so that f(X) =Y
Training procedure:

1.  Start with some function f with some
parameters (e.g., logistic regression)

2. While training:

a. Predict the label Y from the encoded
training data X




Estimating the function (training procedure)

training data

encoded

training data

CAAAERNTGELFF + 0.10.3 1
CAAGVENTGELFF = 0.40.5 0
CAAQATNTGELFF + 0304 1
CAAQDSNTGELFF . 0.30.2 0
CASSADIEQFF o 0.80.9 0
CASSADVEAFF + 0.210.3 1
CASSASYYEQYF + 0.120.1 1

raw labeled data

encoded data

training procedure

machine
learning model

CAAAERNTGELFF  +
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CAAQATNTGELFF  +

0503 1
0.10.5 0
0.20.7 1

raw labeled data

encoded data

T

test data

f

encoded
test data

Task: estimate function f so that f(X) =Y
Training procedure:

1.  Start with some function f with some
parameters (e.g., logistic regression)

2. While training:

a. Predict the label Y from the encoded
training data X

b. Compute the cost function: how
much predictions deviate from the
label Y




Estimating the function (training procedure)

encoded
training data training data training procedure
CAAAERNTGELFF + 0.10.3 1
CAAGVENTGELFF - 0.4 0.5 0
CAAQATNTGELFF + 0.30.4 1
CAAQDSNTGELFF - 0.30.2 0
CASSADIEQFF - 0.80.9 0
CASSADVEAFF " 02103 1
CASSASYYEQYF + 0.12 0.1 1

machine

encoded data .
learning model

raw labeled data

CAAAERNTGELFF  + 0503 1
CAAGVENTGELFF 0.10.5 0
CAAQATNTGELFF  + 0.20.7 1

raw labeled data encoded data

f f

encoded
test data test data

Task: estimate function f so that f(X) =Y
Training procedure:

1.  Start with some function f with some
parameters (e.g., logistic regression)

2. While training:

a. Predict the label Y from the encoded
training data X

b. Compute the cost function: how
much predictions deviate from the
label Y

c. Update the parameters of the
function f to reduce the cost function
so that we get better predictions




Estimating the function (training procedure)

training data
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Estimating the function (training procedure)

o encoded estimated
training data training data function
CAAAERNTGELFF + 0.10.3 1 .
CAAGVENTGELFF . 0405 0 gxsag'g'es re?'Y p":d'ctedY
CAAQATNTGELFF + 0.304 1 0'1 0'5 0 0
CAAQDSNTGELFF - 0.30.2 0 0'2 0'7 1 0
CASSADIEQFF - 0.80.9 0 -
CASSADVEAFF + 02103 1| AR |
CASSASYYEQYF + 0.12 0.1 1 Accuracy: % = 67%
machine
raw labeled data encoded data . i
learning model performance estimate
CAAAERNTGELFF + 0.50.3 1
CAAGVENTGELFF - 0.10.5 0
CAAQATNTGELFF  + 0.20.7 1
raw labeled data encoded data
encoded
test data

test data



Estimating the function (training procedure)
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f
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examples real Y predicted Y

050.3 1 1
0.10.5 0 0
0.20.7 1 0

Accuracy: % = 67%

performance estimate

Performance has to be estimated on
data which was not used during training.
Otherwise, the performance estimate
would be overly optimistic.



Performance metrics - classification

A Depends on the problem and the data
A Classification (label values come from a discrete set):

for binary classification, this equality holds:

number of correct predictions 1 TP + TN
accuracy = — =
total number of predictions TP+ | TN|+|FP|+ |FN
| O\
true false false
positives positives negatives
true
Other metrics: balanced accuracy, negatives

precision, recall, sensitivity, specificity,
ROC curve, AUC, cross-entropy



Training the machine learning model

Jd  We want to minimize the cost function

A Forinstance, we can use optimization algorithm called gradient descent:

Repeat until optimal solution / max number of iterations:

initial 1. Find derivative of the cost function w.r.t. each of the
parameters parameters of the model
é . 2. Update each parameter incrementally using the cost
3 O\‘/’:E:' function as a starting point for the update
8

computation

parameter values



Training the machine learning model

cost function

We want to minimize the cost function

For instance, we can use optimization algorithm called gradient descent

Repeat until optimal solution / max number of
initial . .
parameters iterations:

1. Find derivative of the cost function w.r.t. each

optimal of the parameters of the model

value

2. Update each parameter incrementally using
the cost function as a starting point for the

update computation

parameter values



Training the machine learning model

Jd  We want to minimize the cost function

A Forinstance, we can use optimization algorithm called gradient descent

local minimum

initial
parameters

optimal value
(global minimum)

cost function

(a bit more) realistic

arameter values cost function w.r.t. \
P model parameters global minimum




Machine learning workflow

One way to set up a machine learning workflow

Sl CEIREE Important to remember: data used to assess the performance

l cannot be used during training

training dataset test

training dataset

train ML best ML performance
model 1 model estimate
performance
on training

dataset



Machine learning workflow

original dataset

l

training dataset

training dataset

train ML
model 1

l

performance
on training
dataset

1

test

best ML
model

One way to set up a machine learning workflow

Important to remember: data used to assess the performance
cannot be used during training

Performance on the test data (not seen
during training) will typically be worse
than performance on validation

performance
estimate

And we will come back to this later...



Generalization in ML

A Generalization is the ability of an ML model
to perform well on previously unseen data optimal model

A  We use error on the test set as an estimate :
of generalization error

[  Generalization error is the expected error
on new data

cost function (error)

generalization
gap

<~--->

training error

We want a model which will have:

model paramefers / complexity

A Small error on the training set
A Small gap between training set error and
test set error



Remember that we can talk about
generalization like this only if the i.i.d.

General izatiOn in M L assumption at least approximately holds.

A Generalization is the ability of an ML model
to perform well on previously unseen data optimal model

A  We use error on the test set as an estimate :
of generalization error

[  Generalization error is the expected error
on new data

cost function (error)

generalization
gap

<~--->

training error

We want a model which will have:

model paramefers / complexity

A Small error on the training set
A Small gap between training set error and
test set error



Overfitting and underfitting

1 Underfitting: the model was
not able to learn from the
training data - it had high
training error

A Overfitting: the generalization
gap is too large because the
model fit the training data too
well but failed to extract
patterns which would enable
good performance on the new
(test) data

cost function (error)

optimal model

underfitting overfitting

A
| generalization gap

training error |
\J

model parameters / complexity
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Machine learning in computational biology - outline

e Introduction to machine learning:
o  What is machine learning, types of problems, assumptions, workflow, generalization

e Machine learning models and algorithms:
o Discriminative vs generative models, supervised models (logistic and linear regression,
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o Considerations and examples, one-hot encoding, feature engineering, representation learning

e Model comparison and uncertainty:
o Model assessment, model selection, uncertainty, cross-validation
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ML models

H

training procedure

We mentioned logistic
regression before - a
simple model for binary
classification

machine
learning model

Task: estimate function f so that f(X) =Y
Training procedure:

1. Start with some function f with some
parameters
for example, logistic regression:

g(wx +b) = (1 + ¢ @)

1, g(wx+b) =0.5
0, glwx+b) < 0.5

J&x) =




Some terminology regarding ML models and
algorithms

A Learning algorithm: a function that, given a set of examples and their labels,
constructs a model, e.g., logistic regression

A Model: a function which was fit to the data using the learning algorithm, e.g., logistic
regression with specific coefficients

Dietterich 1998

Usually model and learning algorithm are used interchangeably but they mean slightly
different things



Capacity of the model

A A model’'s capacity is its ability to fit a wide variety of functions, for instance:
linear regression:
y= b+ wx
polynomial regression:

S — 2
y=b+wx +w,x



Capacity of the model

A A model’'s capacity is its ability to fit a wide variety of functions, for instance:

linear regression:
y= b+ wx
polynomial regression:

S — 2
y=b+wx +w,x

cost function (error)

optimal model

underfitting overfitting

A
i generalization gap

training error '
v

model capacity



Searching through a hypothesis space using

optimization algorithms

Fitting the parameters of the model is an

optimization problem (there are different

optimization algorithms, but one example
is gradient descent)

We can get stuck in local minima

If the performance is good enough, we
can accept that “suboptimal” model

Performance is measured by cost
function [a lot of engineering can happen
there]

ome of the local minima
could be good enough

- S
local minimum [

(a bit more) realistic
cost function w.r.t. \ N
model parameters global minimum

[ ideal model J



Regularization restricts what models can be learned

Regularization — restricting the values of parameters of the model that can be
learned (e.g., based on our domain knowledge) so that the model performs better

on new data

Typical forms of regularization (also called penalty):

L1 (lasso):

regularization (parameters) = Y | parameter,
i

L2 (ridge):

regularization (parameters) = ) pazmmeteri2
i



Logistic Regression

A Binary classification:

function computing
log-odds for the 4/@(
positive class

-1
+@= (1 + ¢~ @x1D))

linear combination of
model parameter features

(bias or intercept)

model
parameters
(coefficients)

data
(design matrix or
feature vector)
function
making the

class 1 , wx + b = 05
e [fG)|= { 89O
threshold from O, g((Dx + b) < 0.5

log-odds
value

0.8

0.6

0.4

0.2




Single nodes in the neural network do something
similar

Bias (intercept)

Weighted sum of

Non-linear activation '
inputs x

function



Neural Networks

A Nodes in neural
networks are
organized into layers

A Number of nodes in
the layer and number
of layers are
hyperparameters (not
optimized during
training, but instead
set manually)

class
probabilities

input data

A Hierarchical structure
makes them very
powerful

Fully connected neural network



Types of layers in neural networks

A Fully connected networks: 1 Attention layers:
can approximate almost any function emphasizes certain parts of the layer before based on its
content

Scaled Dot-Product Attention

XW,—Q, XW,— K, XW, -V

output layer . QKT
A Attention(Q, K, V') = softmax( i W
hidden layer 1 hidden layer 2
https://cs231n.github.io/neural-networks-1/ Vaswani et al 2017
Qd Convolutional neural networks: 4 Recurrent neural networks:
detect position-invariant local patterns can be Turing-complete, often used for long(er)-term
— dependencies in e.g., sequence data
N
. o D @ @ @
- -> - ™~
Global Max-pooling - - T\ I T
— 5 16 convolution kernels A EA; P mﬁ', m P A J:
Convolutions -> l x{ g |
® ® &

Zeng et al 2016 https://colah.qgithub.io/posts/2015-08-Understanding-LSTMs/




Generative models



Generative models

function f /

CAYQEVNTRRYF
CASSCFEVNTGEF
CAYQEVNTYF

CAYQEVNELFF

discriminative model learns the
boundary between classes



Generative models

function f

/

CAYQEVNTRRYF
CASSCFEVNTGEF
CAYQEVNTYF

CAYQEVNELFF

discriminative model learns the
boundary between classes

function f
CAYQEVNTRRYF

CASSCFEVNTGEF
CAYQEVNTYF

CAYQEVNELFF

generative model learns the
probability distribution of the data



Generative models

function f

generative model learns the
probability distribution of the data



Generative models

function f = P(data)



Generative models

Goals:

A Generate new data [e.g., sequences
. with same specificity]

A Density estimation

function f = P(data) [ Imputation of missing values

Probability distribution of
antigen-specific sequences



Generative models

Probability distribution of
antigen-specific sequences

function f = P(data)

Goals:

A Generate new data [e.g., sequences
with same specificity]

A Density estimation

A Imputation of missing values

Examples: variational autoencoders,
generative adversarial networks, diffusion
models, mixture models...



Generative models

Goals:

A Generate new data [e.g., sequences
. with same specificity]

A Density estimation

function f = P(data) [ Imputation of missing values

Probability distribution of
antigen-specific sequences Example: generative adversarial network

GAN:
Adversarial
training

Generator

G(z)

GAN (Goodfellow et al. 2014); image from: Murphy 2023



Unsupervised learning - k-means clustering

d  Given a set of data points, split them into k
clusters so that the distances between points in
the cluster are minimal

3  Algorithm:
A Pick k random points as cluster centers
A Repeat until there are no more changes:

A For each point, compute distances to
each cluster center and assign it to the
nearest cluster

A Recompute cluster centroids as means
of points in the cluster

09 7

0.8 1

0.7 ¥

0.6 1

0.5 T

0.4 1

0.3

0.2

0.1

+
o

Iteration #0
0 01 02 03 04 05 06 07 08 09 1

Chire, CC BY-SA 4.0 <https://creativecommons.org/licenses/by-sa/4.0>,
via Wikimedia Commons



Unsupervised learning - autoencoder

N — 7

] \KQPEY
ST TR O
S g S%7OSKEL g U5

/>
kS XXS! X AKX
RO OSSN @ 5T OISR
vifﬂ)"t"\ [ XS \,‘X‘}‘& /”( X3

— N w =
\\ /)\\\

22 @K

e

Autoencoder is a
neural network
trained to attempt to
copy its input to its
output



Unsupervised learning - autoencoder

Learned (latent) representation 4 Autoencoder is a

neural network trained
to attempt to copy its
input to its output while
passing through a
latent representation




Unsupervised learning - autoencoder

A Autoencoder is a
neural network trained
to attempt to copy its
input to its output while
passing through a
latent representation

A Learned
representation can
have useful properties:
reduced
dimensionality, easy to

N Y, N Y, visualize, but there are

X Y Y X other tasks as well

encoder decoder

Learned (latent) representation
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We are given a set of sequences... but algorithms
only understand numbers!

label: COVID-19
specificity

examples

represented function f (antigen-specific)
%’r‘;euarfgresz CAYQEVNTRRYF negative
receptor CASSCFEVNTGEF (”O‘a?]'tfi‘g'e”n% the
sequences CAYQEVNTYF

CAYQEVNELFF



We can represent sequences by their
physicochemical properties, for instance

also called target and

l

output (notation: Y)

feature vector

label

also called model

(one example)

and hypothesis

function

examples "
represented (e.g. positive class)
E’gaii?t“res 0.4 0.1 0.2 class 2

5[0_14 01 0.2 0.0 (e.g. negative class)

[0.110.020.6 0.05]
0.1 0.6 0.8 0.02]:

feature, but also
called covariate,
input variable,
predictor

design matrix (notation: X)



Some examples of data representation (encoding)

A One-hot encoding

1 K-mer frequencies

Data representation heavily depends on data, so in different domains, there will be different
representations:

When classifying images with classical approaches: number of edges, objects
When predicting the length of the trip: number of traffic lights, time of day

When predicting if an email is a spam or not: certain words, presence/absence of
personal name



Some examples of data representation (encoding)

A One-hot encoding

We have to be careful how we choose features - we

i must not introduce information that should not be there!
1 K-mer frequencies

Data representation heavily depends on data, so in different domains, there will be different
representations:

When classifying images with classical approaches: number of edges, objects
When predicting the length of the trip: number of traffic lights, time of day

When predicting if an email is a spam or not: certain words, presence/absence of
personal name



One-hot encoding

A A common way to represent

H

categorical data where only one value
can be chosen: rows represent the
possible values

Also called dummy variables in
statistics

nucleotide sequence: AATGC

is it A
isitC
isitG
isitT

l

A A T G C
1 1 0 0 O
O 0 0 0 1
O 0 0 1 O
O 0 1 0 O

one-hot encoding




K-mer frequency

3

3

Often used for sequence
representation

k-mers are (optionally
overlapping) subsequences
of length k

AATGC

, _ __ AAT
nucleotide sequence: AATGC ATG

TGC

present 3-mers: AAT, ATG, TGC

all possible 3-mers: AAA, AAC, AAG, AAT,ACA, ..., TTT

(43=64 combinations)

AAA .. [AAT\ .. /ATG\ .. /TGC, ..TTT
0 000.330...00.330...00.330...0

k-mer frequency encoding (k=3)



ML algorithm performance heavily depends on data

representation

J
3

Data representation refers to choosing and constructing features

We don’t always know it advance which features are the best for the problem:
we have to know the domain:

CAYQEVNTRRYF
CASSCFEVNTGEF
CAYQEVNTYF

CAYQEVNELFF

represent sequence as
1 if it contains Y
(tyrosine) and O if not:

[1,1,0,1,1,0, 1,11

represent the sequence
by k-mer frequency:

[0, .., 0.02, 0.03, .., 0]

raw data

data representation:
option 1

Which one is better?

data representation:
option 2



Feature engineering & feature selection

A Feature engineering: together with domain experts, ML researchers would discuss and
derive features which they believe could be useful for the model

Example: for biological sequences, there are a few popular alternatives like k-mer
frequencies and physicochemical properties

A This way a lot of features could be constructed and the best ones would be selected as
a part of fitting the model (feature selection)



Representation learning

A Most often in context of neural networks: the many layers of the network learn

a hierarchical, alternative representation of the (raw) data that was provided
as input — usually much better than manually derived features

A Inductive biases

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 35, NO.8, AUGUST 2013

Representation Learning:
A Review and New Perspectives

Yoshua Bengio, Aaron Courville, and Pascal Vincent

Abstract—The success of machine learning algorithms generally depends on data representation, and we hypothesize that this is

because different representations can entangle and hide more or less the different explanatory factors of variation behind the data.
Although specific domain knowledge can be used to help design representations, learning with generic priors can also be used, and the
quest for Al is motivating the design of more powerful representation-learning algorithms implementing such priors. This paper reviews
recent work in the area of unsupervised feature learning and deep learning, covering advances in probabilistic models, autoencoders,
manifold learning, and deep networks. This motivates longer term unanswered questions about the appropriate objectives for learning

good representations, for computing representations (i.e., inference), and the geometrical connections between representation
learning, density estimation, and manifold learning.



Representation learning - hidden layers in neural
networks can be seen as different representations

“A good representation is the one that
makes the learning task easier.”

Goodfellow et al. 2016

Deep neural network



Representation learning - hidden layers in neural
networks can be seen as different representations

Deep neural network



Representation learning - hidden layers in neural
networks can be seen as different representations

New data representation

Deep neural network



Representation learning with autoencoders

Learned representation A  Also used for

dimensionality
reduction and
visualization

A Different types of
autoencoders:
denoising, sparse

encoder decoder



Representation learning: protein sequence example

Article | Open access | Published: 08 April 2022

Learning meaningful representations of protein
sequences

Nicki Skafte Detlefsen, Sgren Hauberg & Wouter Boomsma &

Nature Communications 13, Article number: 1914 (2022) | Cite this article
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Model selection and model assessment

In a typical workflow, we perform two tasks:

Model selection: estimating the performance of different models in order to
choose the best one

Model assessment: having chosen the final model, estimating its prediction
error (generalization error) on new data

Definitions from: Hastie et al. 2009



Model selection and model assessment

In a typical workflow, we perform two tasks:

Model selection: estimating the performance of |different models|in order to
choose the best one \

different learning algorithms or same
learning algorithms, but different
hyperparameters (e.g., different number of
layers in a neural network)

Model assessment: having chosen the final model, estimating its prediction
error (generalization error) on new data

Definitions from: Hastie et al. 2009



Evaluation of an ML algorithm

A To do model selection (and model assessment) we need to know how to do model
evaluation

A A suitable cost function has to be chosen



Evaluation of a ML algorithm

A Two ML algorithms are different if and only if their percentage of correct
classifications would be different on average when trained on a training set of a
given fixed size and tested on all data points in the population

Dietterich 1998

Of course we cannot test on the entire population, but we should be aware that the
difference we see in one particular result might not be the true difference between
algorithms



Evaluation of an ML algorithm: random holdout test
set

A The simplest scenario: split the dataset to train/test dataset

original dataset

Test dataset is typically 25-30% of the original
dataset, but in different applications, these
numbers vary from 10 to 50%

training dataset test dataset

A Estimate performance of the algorithm on the test set



Evaluation of a ML algorithm: random holdout test
sets

A A bit more robust scenario: split the dataset randomly into multiple train/test
datasets

original dataset

l

Test dataset is typically 25-30% of the original dataset.

training dataset test dataset

1 Estimate performance of the algorithm as the average of the performances on
test sets



Evaluation of a ML algorithm: random holdout test
sets

A A bit more robust scenario: split the dataset randomly into multiple train/test
datasets

original dataset

l

Test dataset is typically 25-30% of the original dataset.

training dataset test dataset

1 Estimate performance of the algorithm as the average of the performances on

test sets
A The same examples could be in multiple test sets: biased estimate of the

performance!



K-fold cross validation

A K-fold cross validation (CV) refers to splitting the data into k training and test
set pairs so that each example is once a part of the test set

original dataset |

l

The model is trained and
evaluated on each train/test set

pair
split 1 Ctest d  The estimated performance is the
split 2 - obtained as average over all test

set performances

split 3 -

a
split 4 -

M|
split 5 -

Typical values of k: 5, 10

Leave-one-out CV



How to do model selection

Split the original dataset
to train/test dataset per
one of the previous
strategies (e.g., 5-fold
CV)

original dataset ML model 1 ML model 2

For each model compute
the performance as the
average of performances
on test sets (as
described in the previous
slide)

Select the model with average average
performance 1 performance 2
best average

performance
selected model:

ML model 1



How to do model selection

1. Split the original dataset
to train/test dataset per
one of the previous
strategies (e.g., 5-fold
CV)

original dataset ML model 1 ML model 2

2. For each model compute
the performance as the
average of performances
on test sets (as
described in the previous
slide)

3. Select the model with | L derse  averese
best average The performance we got here is not

the generalization performance!
performance

selected model:

ML model 1



Model assessment uses a separate test set not used
during model selection

original dataset Data used to assess the performance cannot be used during
l training or when selecting between ML approaches
training dataset validation test
| |
________________________________ {_______________________________-I
| training dataset model selection and I
S S training :
¥ ! ! |
1 train ML train ML | i
¥ model 1 model 2 i
i . choose the best ! best ML performance
L / \ — model based on | — .
b [ | model estimate
i performance :
"1 performance 1 performance 2 l |
t ) ! performance 2

_________________________________________________________________



Model assessment with multiple test sets: a more
robust estimate

A We can employ all the same techniques (e.g., CV) to split the data, do model selection
as described before and use separate test sets to estimate generalization performance

original dataset

l

training dataset validation test

|||| '

..... r average

T |—

P N — % performance
[ T 11 B — .
model selection and ~ ————— best ML model £—————  performance estimate

training L (split 1) estimate 1



Recommendations for ML in biology

DOME: recommendations for supervised machine
learning validation in biology

lan Walsh, Dmytro Fishman, Dario Garcia-Gasulla, Tiina Titma, Gianluca Pollastri, ELIXIR Machine

Learning Focus Group, Jennifer Harrow Fotis E. Psomopoulos & & Silvio C. E. Tosatto

Nature Methods 18, 1122-1127 (2021) \ Cite this article

Table 1| Supervised ML in biology: concerns, the consequences they impart and recommendations

Broad topic Be on the lookout for Consequences Recommendation(s)
Data © Inadequate data size & quality  Data not representative of domain e Use independent optimization (training) and
 Inappropriate partitioning, dependence application evaluation (testing) sets. This is especially
between train and test data ® Unreliable or biased performance important for meta algorithms, where independence
o Class imbalance evaluation of multiple training sets must be shown to be
o No access to data o Cannot check data credibility independent of the evaluation (testing) sets.
o Release data, preferably using appropriate
long-term repositories, and include exact splits.
 Offer sufficient evidence of data size & distribution
being representative of the domain.
Optimization e Overfitting, underfitting and illegal ® Reported performance is too o Clarify that evaluation sets were not used for
parameter tuning optimistic or too pessimistic feature selection, prepr steps or
o Imprecise parameters and protocols given e The model models noise or misses  tuning.
relevant relationships o Report indicators on training and testing data that
® Results are not reproducible can aid in assessing the possibility of under- or
overfitting; for example, train vs. test error.
o Release definitions of all algorithmic
hyperparameters, regularization protocols,
and optimization p |
o For neural networks, release definitions of training
and learning curves.
o Include explicit model validation techniques, such as
N-fold cross-validation.
Model ® Unclear if black box or interpretable model e An interpretable model showsno e Describe the choice of black box or interpretable
® No access to resulting source code, trained  explainable behavior model. If interpretable, show examples of
models & data e Cannot cross compare methods interpretable output.
® Execution time impractical & reproducibility, or check data ® Release documented source code + models +
credibility executable + user interface/webserver + software
© Model takes too much time to containers.
produce results ® Report execution time averaged across many
repeats. If computationally tough, compare to similar
methods.
Evaluation ® Performance measures inadequate  Biased performance measures e Compare with public methods & simple models

o No comparisons to baselines or other
methods
© Highly variable performance

reported

o The method is falsely claimed as
state-of-the-art

e Unpredictable performance in
production

(baselines).

o Adopt community-validated measures and
benct k d for evaluati

e Compare related methods and alternatives on the
same dataset.

o Evaluate performance on a final independent held-out
set.

e Use confidence intervals/error intervals and
statistical tests to gauge prediction robustness.

Key recommendations are bolded.



Model assessment and selection for unsupervised
learning

A Not as straightforward: if there are no labels - how to assess the quality of the
models?

A One example for clustering validation: there is still a need for having
validation/test data

Discovery data Validation data
Received: 1 March 2021 Revised: 16 November 2021 Accepted: 27 November 2021
DOL: 10.1002/widm.1444 o ¥ %
) WIREs / m W /A
ADVANCED REVIEW © o ; WILEY n | A
= Fd A A
Validation of cluster analysis results on validation data: N 2 A A a
A systematic framework . i R
\ [ A 4
Theresa Ullmann' © | Christian Hennig?©® | Anne-Laure Boulesteix" ™ / e P

Compare the clusterings
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Transparency & interpretability are crucial for ML

A “Transparency refers to how easily a stakeholder can examine the model
and understand, or explain, how the model operates when combining the
inputs to produce output, regardless how accurate the model is”.

Wainberg et al. 2018

A Transparency would enable experts to check the model prediction and use it
or check it more

1 Interpretability: “understanding the patterns in the data may be just as
important as fitting the data”

Ching et al. 2018



Interpretability of neural networks

d  Some techniques:

Visualizing filters in (the first layers of) CNNs
Clustering high contribution regions to derive motifs
Backpropagating w.r.t. input data (saliency maps)
Visualizing class activation maps
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Interpretable ML for computational biology

Perspective ‘ Published: 09 August 2024

Applying interpretable machine learningin
computational biology—pitfalls, recommendations
and opportunities for new developments

Valerie Chen, Muyu Yang, Wenbo Cui, Joon Sik Kim, Ameet Talwalkar & & Jian Ma &

Common pitfalls:
Nature Methods 21, 1454-1461 (2024) | Cite this article

More desirable

Undesirable
Data
: Pitfall 1: IML -SHAP
ApproaCheS Only coési‘!ering one method
IML method

Post hoc workflow By-design workflow ot m I

Data

| SHAP ‘ [ DeepLIFT |

] ]

Design network architecture

. l del IML output
Train a general mode Biologically Attention- bitfall 2
H itfall 2:
fnigmmed based IML output disconnected ?
from biological interpretation

Apply explanation method 1 Known mechanism

IML output

!

Post-processing

Known mechanism

Train the custom model

Gradient- Perturbation-

based based 1
Pitfall 3:
. Cherry-picked presentation -
Interpret the design of results Identified

important mechanism
features

important

Identified

Pt mechanism




Reproducibility in ML

Reproducibility: “the provision of enough detail about
study procedures and data so the same procedures Reproducibility standards for machine learning

could be exactly repeated” in the life sciences

Benjamin J. Heil, Michael M. Hoffman, Florian Markowetz, Su-In Lee, Casey S. Greene ™ &

Goodman et al. 2016 Stephanie C. Hicks &

Achieving reproducibility:

Nature Methods 18, 1132-1135 (2021) | Cite this article

A Keep track how each result is produced
4 Record all intermediate results [in standardized

Bronze Silver Gold

Data published and downloadable X X X

formats] ,
) Models published and downloadable X X X
= Store raw data behlnd a” pIOtS Source code published and downloadable X X X
d Provide pu blic access to SCFiptS, runs and Dependencies set up in a single command X X
resu |tS Key analysis details recorded X X
O  Archive the exact versions of all external Analyslscomponsnteeet 1o dotaministic x|
Entire analysis reproducible with a single command X

programs used
(A Use version control
Sandve et al. 2013



Reproducibility in ML

A The code and models
should be publicly available
(GitHub, Zenodo, or other
services)

1 Possible to inspect, validate,
(re)use, and improve models

TheKipoi repository accelerates community exchange
and reuse of predictive models for genomics

Ziga Avsec &, Roman Kreuzhuber, Johnny Israeli, Nancy Xu, Jun Cheng, Avanti Shrikumar, Abhimanyu

Gagneur

Nature Biotechnology 37, 592-600 (2019) | Cite this article

Trained model Repository Usage

Train Python, R, command line

e h

Predict

° =- (- =

Numpy Bedtools
Pandas Gffutils

Score variants
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DeepSEA

Extract feature importance
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