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Outline

 (Goal: aptamer design
 Experimental procedure: Directed Evolution (SELEX)

* Proposition: complement with mathematical model

* Challenges: modeling, computation, noise
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Aptamer:
* Synthetic RNA/DNA strand (~100 bp)

 Used to bind a target (protein, virus, ...)

Goal: TARGET
* (@Given target molecule, find good binder

 Multiple targets, different conditions, ...

Applications:

 Therapeutics, diagnhostics, separation of compounds, ...
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Directed Evolution Experiments (SELEX)
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ATGGAACCCCGACATCAACGAGCGGTTAACAGACATTTGATGTCG 202988
ATGGAACCCCGACATCTTCGTGCGGTGAACAGACATCTGATGTCG 13281
ATGGAACCCCGACATCAACGAGCGTAGAACAGACATCTAATGTCG 12629
ATGGAACCCCGACATCAACGTCCGGGGAACATACATCTGATGTCG 12618

TARGET UNBOUND APTAMERS ATGGAACCCCGACATCAACGCGCGGTGAACATAAATCTGCTGTCG 12248

ATGGAACCCCGACATCAACGAGCGGTTAACAGATATCTGATGTCG 12180

READ COUNTS
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Limitations:

* Only explores a subset of the combinatorially large sequence space

* No insight about binding mechanism

 Hard for multiple targets

ATGGAACCCCGACATCAACGAGCGGTTAACAGACATTTGATGTCG
ATGGAACCCCGACATCTTCGTGCGGTGAACAGACATCTGATGTCG
ATGGAACCCCGACATCAACGAGCGTAGAACAGACATCTAATGTCG
ATGGAACCCCGACATCAACGTCCGGGGAACATACATCTGATGTCG
ATGGAACCCCGACATCAACGCGCGGTGAACATAAATCTGCTGTCG
ATGGAACCCCGACATCAACGAGCGGTTAACAGATATCTGATGTCG

READ COUNTS

202988
13281
12629
12618
12248
12180
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Mathematical modeling

R: read counts (data)
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N: abundances (unobserved)

Mathematical modeling

R: read counts (data)

Work at the level of sequences: Qﬁ% « s e A C, G, U}L

Nm‘und r—1 pbind Nm‘und ! Rrozind !
1 WASHING, PCR,
INCUBATION AMPLIFICATION SEQUENCING
g — - .7
A T om T o™
¥ % ¥ ¥
TARGET
P ( Nmund t‘ Nround t—l, pbind> P ( Rmund tl Nround t) Nmund 0 (S) D bind(s)
Biology-informed Learned from data
E.g. Poisson, Negative Binomial E.g. Independent-sites, Pairwise interactions,

Neural Network

Otwinowski, Molecular biology and evolution 35.10 (2018)
Fernandez-de-Cossio-Diaz et al, PLoS Computational Biology 20.10 (2024)
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. If multiple targets: pg

Pick | (Nmund t ‘ Nmund t—l,pbind), [ (Rmund t ‘ Nmund t)

Parametrize: N q’f”‘”d O(s), pg ind( ¢

ind,round t( S)

Likelihood £: probability of data given parameters

Maximize: N794 O(s), p2ind(s) = max & [ N2 O(s), pomd(s)
¢ 0 b0 ¢ 0

Look for sequences s for which pgj;”d(s) is large I\
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Challenges

Modeling choices

Parametrization of initial library and selection: accuracy vs robustness.

. Selection mechanism P (Nm””d H| Nround 1=1 b’”d): concentration around mean?

» P

Rmund t ‘ Nrouna’ t

« Noise on read counts [P ( ): PCR amplification, nucleotide -> amino-acid

translation. Poisson vs Negative Binomial.

* Noise from various sub-sampling stages: between preparation and initial library, before sequencing.

Computation

* Unsupervised learning of an energy-based model: needs MCMC for intractable partition functions.
Misc

 Hard to evaluate model goodness, Multiple targets, localized datasets, spurious selection for plastic
support
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To parametrize or not to parametrize

Initial library

/\

Non-parametrized

Nmund O(S) =3 Seq

e Most flexible

e #seq ~ 107 parameters

* Prone to overfitting

Parametrized
L
d () —
Nyound Osy = | | fics)
i=1

e Strong assumption
e 4] parameters

e |f correct, more
robust to noise



Initial library distribution

Checking model assumptions: fit and re-sample

Histogram of read counts - initial library
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Diaz et al. PLoS Computational Biology 20.10 (2024)



Initial library distribution

Checking model assumptions: fit and re-sample

Independent-sites
Nyownd O(s) = Hf(s)

L: sequence length
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Data from from phage display experiments, Fernandez-de-Cossio-
Diaz et al. PLoS Computational Biology 20.10 (2024)



Initial library distribution

Checking model assumptions: fit and re-sample

Independent-sites

Histogram of read counts - initial library
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Data from from phage display experiments, Fernandez-de-Cossio-
Diaz et al. PLoS Computational Biology 20.10 (2024)
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* Directed Evolution experimentally finds good aptamers for given target
 Mathematical model to generate novel ligands
 Good model needs good assumptions

 Parametric vs non-parametric, initial library distribution
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