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What is artificial intelligence?

« The term “artificial intelligence” was coined by John McCarthy in 1955.
His aim was to distinguish his research agenda, which emphasized ties
between computation and logic (lambda calculus), to that of Norbert
Wiener’s vision of intelligent systems based on statistics, control theory,
and operations research, as “cybernetics”.

. In atwist of irony, Wiener’s vision is now being realized under
McCarthy’s moniker (Jordan, 2019).

« Jordan argues that we are in the midst of the creation of a new branch of
a human-centric engineering discipline. He suggests that we “broaden
our scope, tone down the hype, and recognize serious challenges
ahead.”
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What are “the tools of Al”?

In the mid-1990s, in the coldest years of the “Al winter”, the state-of-the-
art Al in biology was the hidden Markov model, used for gene discovery

In newly sequenced genomes.

Observed sequence:

TAATATGTCCACGGETATTEAGCATTGTACACGGGEGTATTGAGCATGTAATGAA

Predict genes by running the Viterbi algorithm for an HMM:

TAAT AT6TCCACG6 GTATTGAG CATTGTACACG66 GTATTGAG CATGTAA TGAA
[T T T ]



Making cents of hidden Markov models

' Softberry Run Programs Online ~




How did we arrive at the Al winter?
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Precursors of neural networks

« These papers popularized two key ideas in machine learning (Al):

o Network structure: probability distributions structured according to a graph
whose nodes could be understood as representing “neurons”’

o Learning: procedures for estimating parameters for models based on training
data.

o The primitives of Boltzmann Machines are key to current neural networks
(via the Restricted Boltzmann Machine)



The Boltzmann Machine

« The energy function is given by

wavzh -+ Z b;v; + Z cih;

N

weight bias

. The states for the hidden and visible nodes are from the set {0,1}.
. For an n node Boltzmann Machine, the number of possible states is 2". This
IS the state space.

o Every state configuration in the state space has an “energy”.



A probability distribution for state configurations

. The Boltzmann Machine can be viewed as an approach to defining a
(structured) probability distribution over the state space.

e Thisis accompllshed by defining the probability of ~ ~*~*~ ~~-figuration
to
& —E{v h)

he | partition function, defined to be
Whe % A%

v.,h

Note that P(v,h) is log-linear. It is also known as a Boltzmann distribution
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https://upload.wikimedia.org/wikipedia/commons/a/ad/Boltzmann2.jpg

The point of a Boltzmann Machine

« With a Boltzmann machine (i.e. estimated parameters yielding a
probability distribution of states), we can assess the probability of a

change in hidden sgaetes s%y fromaOtoal:
P(h; =1|v) xe =

P(h; = 0[v) oc e~ F(V:hi=0)

E h) = b ¢ ¢ Wy
The energy function is (v.h) = Z vi ZC&' quw;,

so a difference in states results in
AE = E(v,h; =0) = E(v,hj =1) =¢; + Y _ w;;v;
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The point of a Boltzmann Machine

« Now the probability that a %Qe%lflc hidden state is 1 is

P(h; =1|v) = e_E(v,hj—l} ¥ e—B(v,h;=0)
1 1
P(h'_j' = 1|V) = 1 + E—ﬂ.E = 1 + E—[cj—|—2£ wij*ui} 1- /..f_______._

0.5+

Phj=1v) =0 (cj + Zwﬁm) )
i

1 / e

l1+e=

sigmoid function () =
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https://en.wikipedia.org/wiki/Sigmoid_function

From the original papers

Wictal= Whe™ Whe

=2 _ 4. p(flh)
p(dk) p(elR)

. pleR)l=ple)=p(h)+ plek ;
=In @ = p(ehlp (M -p(e. : ©

Equation 6 is symmetrical in ¢ and A, so in solving the problem of how
to make the ncgation of ¢ have the correct effect on A we have also
solved the sccond problem - the required weights are now
symmetrical, The more complicated weight in Eq. 6 does not alter the
fact that the probability of a hypothesis has the form of the Boltzmann
distribution for a unit with two encrgy states,

1

A n+ “.H.EHTJ @

where T 5 a parameter which scts like temperature (see g
I This parallel algorithm ensures that in thermal
equalibrium the relwive probabiity of two global Rates B
determined solely by their energy difference, and folléws a
Balumann distribution, ' t

o AEamEGNT )
-Pﬁ :

Al'low Lemperatures there i  strong bias 1y Tavor of states
with bow energy, but the lime required w reach equilibriem
may be long. At higher temperatures the bias & nol so
favorable but equilibrium is resched fastee,
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The point of a Boltzmann Machine

Boltzmann machine parameters are learned from training data. That is,
the parameters are identified that maximize the probability of the training
data.The word “learning” is an anthropomorphic way of saying the
phrase “parameter estimation” from statistics.

o The Restricted Boltzmann Machine (RBM), in which the Boltzmann Machine
graph is bipartite with all the visible nodes on one side, and the hidden
nodes on the other, facilitates a fast parameter estimation algorithm.

o Fast parameter estimation is possible via backpropagation, discovered by

Rumelhart in the 1980s, via ideas in control theory from the 1950s and
1960s.
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Backpropagation and the brain

Perspective

Backpropagation and the brain
Timothy P, Lilicrap ™, Adam Santoro, Luke Marris, Colin J, Akerman & Geoffrey Hinton &

Nature Reviews Neuroscience 21, 335-346 (2020) | Cite this article

42k Accesses 288 Caations 514 Alimetnic | Metrics

Abstract

During learning, the brain modifies synapses to improve behaviour. In the cortex, synapses
are embedded within multilayered networks, making it difficult to determine the effect of an
individual synaptic modification on the behaviour of the system. The backpropagation
algorithm solves this problem in deep artificial neural networks, but historically it has been
viewed as biologically problematic. Nonetheless, recent developments in neuroscience and
the successes of artificial neural networks have reinvigorated interest in whether
backpropagation offers insights for understanding learning in the cortex. The
backpropagation algorithm learns quickly by computing synaptic updates using feedback
connections to deliver error signals. Although feedback connections are ubiquitous in the
cortex, itis difficult to see how they could deliver the error signals required by strict
formulations of backpropagation. Here we build on past and recent developments to argue
that feedback connections may instead induce neural activities whose differences can be
used to locally approximate these signals and hence drive effective learning in deep networks
in the brain,
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https://www.nature.com/articles/s41583-020-0277-3

The best understood brain: C. elegans brain
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https://www.nature.com/articles/s41586-021-03778-8

The Al tool of today

We have all experienced large language models based on transformers
(Devlin. 2018) and transfer learnina (Raffel, 2019) via chatGPT:

What is the smallest integer whose square is batween 15 and 207

ﬁ T find the smallest integer whose Square is between 15 and 20, we need to find the integer n

such that:
15 < n' < 20

First, let's check the squares of integers:

The square of 4 is 16, which lies within the range 15 to 20. Therefore, the smallest integer whose

square is batween 15 and 20 is 4.

The possibilities of such Al for navigating the morass of biological data are
not hard to imagine.
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https://arxiv.org/abs/1810.04805
https://www.jmlr.org/papers/v21/20-074.html

What is “biomedical data”?

« Seqguence data is readily available due to vast amounts of publicly
shared sequence reads. The sequence read archive (SRA) contains >30
petabytes of sequence.

« The protein data bank (PDB) contains more than 220,000 protein
structures.

« Imaging data both from biology experiments and medical testing.

« Electronic health records.

« Literature.
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Tremendous opportunity. Enormous challenges.

Whv do transformers work well for natural |

Jamimﬁsl' " Q_'ua;wi-(y
DEVOTED TO RESEARCH STUDIES IN THE PIELD OF MASS COMMUNICATIONS

FALL 1953

"Cloze Procedure": A New Tool
For Measuring Readability

BY WILSON L. TAYLOR™

Here is the first comprehensive statement of a research merhod
and its theory which were introduced briefly during a workshop
at the 1953 AEJ convention. Included are findings from three
pilot stucies and two experiments in which “cloze procedure”
results are compared with those of two readability formulas.

noLiano?

The same principle applies to lan-
guage. Given “Chickens cackle and
quack,” almost anyone can in-
stantly supply “ducks.” If that word
really is the same as the one omitted,
the person scores one cloze unit for

correctly closing the gap in the lan-
guage pattern.

Note that the sentence pattern is a
complex one made up of many sub-
patterns. One must know not only the
meanings (ie., patterns of symbol-
meaning relationships) and forms (pat-
terns of letters) of all the five words,
but also the meanings of piven combi-
nations of them—plus the fact that the
sentence structure seems to demand a
term parallel to “cackle™ but associated
with ducks instead of chickens. In other
words, one must guess what the muti-
lated sentence means as a whole, then
complete its pattern to fit that whole
meaning,
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Consider the SRA

Individual datasets consist of massive numbers of sequence reads from
complex experiments with poorly structured, and frequently missing,

metadata.

The purpose of reads is bean counting. The sequence content is not
necessarily very informative.

Our models of the molecular biology of the cell are nascent, and vastly
under parameterized.

20



The origin of modern genomics: Wold and Myers, 2008

COMMENTARY

Nature Methods 5, 19 - 21 (2008)
Published online: 19 December 2007 | doi:10.1038/nmeth1157

Sequence census methods for functional
genomics

Barbara Wold* & Richard M Myers?

1. Barbara Wold is in the Division of Biclogy, California Institute of Technology,
Pasadena, California 91125, USA. e-mall: bwold@caltech.ecu

2. Richard M. Myers is In the Department of Genetics, Stanford University Schoo! of
Medicine, Stanford, California 94305, USA. e-mall: myers@shqc.stanford.edu

Next-generation sequencing technologies are beginning to
facilitate genome sequencing. But in addition, new applications
and new assay concepts have emerged that are vastly increasing
our ability to understand genome function.

When Thomas Edison invented the phonograph, playing music was well
down his list of possible uses. Something similar may now be happening
in the genome world.




The human genome project

1953 - Watson & Crick discover the structure of the DNA double helix

1975 - First complete DNA genome sequenced (9X174)

1977 - Maxam, Gilbert and Sanger publish sequencing protocols

1980 - Sanger and Gilbert receive Nobel prize

1987 - First automated sequencing machine (ABI 370)

1990 - Human genome project launched

1995 - Venter and Smith publish the genome of Haemophilus Influenzae
1998 - Celera: intent to sequence human genome by shotgun method

2001 - Draft of human genome(s) published

2003 - Human genome “finished”. Cost of project: $3 billion.

2020 - Nebula Genomics (w/ BGIl) announces $300 human genome.
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http://en.wikipedia.org/wiki/Bacteriophage_%CF%86X174

An unexpected application

* Instead of being applied solely for the purpose of
determining DNA sequence, high throughput sequencers
have come to be utilized as bean counters. Their use
for this purpose is termed “sequence census”, or * Seq,.

* * Seq experiments have become the
predominant application of sequencing.

* The number of * Seq assays is how in the thousands.

* Main applications are trisomy 21 detection and RNA-Seq,
an experiment for measuring gene expression.

Thomas Edison
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Measuring by sequencing (seguence census)
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A contrast with protein sequence and structure database
that enabled successful use of Al for protein folding (AlphaFold)

Il

ag §3538313323883

- “, Jumper et al., 2021
+ Recyciing ftheos times) ] )
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https://www.nature.com/articles/s41586-021-03819-2

Beyond genomics

import gget
gget.setup(Yalphafold”)
gget.alphafold (% <sequence > ”)
https://github.com/pachterlab/gget
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Titushin et al., 2011
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https://academic.oup.com/proteincell/article/2/12/957/6842688
https://github.com/pachterlab/gget

To conclude: a vision for Al in biology




Viruses by the numbers

Stars in the known universe

1022- 1024




Viruses by the numbers




Viruses by the numbers




Viruses by the numbers
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Imagining an early detection program for viruses

NEOWISE

Metagenomic Identif

by 2} Ashleigh F. Porter
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Translated search with kallisto

C § User-generated

Omma' ree data (fastq)
Code

Amino acids Nucleotides

Laura Luebbert Delaney Sullivan

.

Virus count matrix

Virus taxonomies
1 1 | . |

[

Luebbert et al., bioRxiv 2023. Efficient and accurate
detection of viral sequences at single-cell resolution
reveals novel viruses perturbing host gene expression.
2023,12,11.571168

Cell barcodes

[
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Command line

200

# 1. Install kb-python (opt
pip install kb-python gget

# 2. Create reference index
1 I .’1{12" "::r!’ “' ‘..‘ ’.':"—' ‘
# Without D
kb ref \
--aa \
--d-1ist $(gget ref --ftp -w dna homo_sapiens) \
-1 index.idx --workflow custom \
palmdb_rdrp_seqgs.fa
# 3. Align sequencing reads and generate count matrix
# Single-thread runtime: 1.5 muin per 1 LLion sequen
kb count \
--aa \
-1 index.idx -g palmdb_clustered_t2g.txt \
--parity single \
-x default \
user_data.fastq.gz

Laura Luebbert, Lior Pachter, Bioinformatics 2023. Efficient querying of genomic reference databases with gget. 10.1 ioinformati t




The microbiome of macaques infected with Zaire ebolavirus

Infection with Zaire
ebolavirus (ZEBOV) _...

' ;, Timepoint 0
«

Blood
samples

Baseline

n=19 [jd-) .[E—. @] Seq-Well §* S P
(®) ]| ®] . " N - D
~— — ~ single-cell RNA sequencing
(® @ MDCK

Kotliar et al., Cell 2020. Single-Cell Profiling of Ebola Virus Disease In Vivo Reveals Viral and Host Dynamics. 10.1016/j.cell.2020.10.002
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etecting contaminants

Contamination of laboratory reagents,
cell-free RNA contamination,

widespread latent infections
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Zaire ebola virus presence in time and cell type

Over time Per host cell type
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Prediction
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Combining image analysis and sequence analysis for studying cancer

Healthy lymph node

Metastatic lymph node

Primary tumour

2000

8000
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2000 4000 6000 8000 10000 12000 14000 16000

moooo 2500 5000 7500 10000 12500 15000 17500 12000
0o 2000 4000 6000 8000 10000 12000
e Tumor e Plasma_lgG Meutrophils « Epithelial
Tumor Keratin Pearl e CAF s Endothelial & 100111
- - Schott et al., 2024

» Proliferating CAM Macrophages
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https://www.cell.com/cell/fulltext/S0092-8674(24)00636-6?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867424006366%3Fshowall%3Dtrue

Contributors to the ideas and slides in this talk
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