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Abstract

Generative probabilistic models emerge as a new paradigm in data-driven, evolution-informed design of biomolecular sequences. This paper
introduces a novel approach, called Edge Activation Direct Coupling Analysis (eaDCA), tailored to the characteristics of RNA sequences, with
a strong emphasis on simplicity, efficiency, and interpretability. eaDCA explicitly constructs sparse coevolutionary models for RNA families,
achieving performance levels comparable to more complex methods while utilizing a significantly lower number of parameters. Our approach
demonstrates efficiency in generating artificial RNA sequences that closely resemble their natural counterparts in both statistical analyses and
SHAPE-MaP experiments, and in predicting the effect of mutations. Notably, eaDCA provides a unique feature: estimating the number of potential
functional sequences within a given RNA family. For example, in the case of cyclic di-AMP riboswitches (RF00379), our analysis suggests the
existence of approximately 10%° functional nucleotide sequences. While huge compared to the known <4000 natural sequences, this number
represents only a tiny fraction of the vast pool of nearly 1082 possible nucleotide sequences of the same length (136 nucleotides). These results
underscore the promise of sparse and interpretable generative models, such as eaDCA, in enhancing our understanding of the expansive RNA
sequence space.
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Introduction nucleotide-sequence space, and current databases contain

RNA molecules play a critical role in many biological pro-
cesses, including gene expression and regulation. They carry
a multitude of functions, such as encoding and transfer-
ring genetic information, regulating gene expression and cat-
alyzing chemical reactions (1-3). Functional RNA molecules
are expected to be extremely rare in the exponentially vast

only a tiny fraction of the overall possible, functionally viable
sequence diversity. However, it is worth noting that almost
identical biological functions can be carried out by different
RNA exhibiting substantial sequence variability. Databases
like Rfam (4) gather these in diverse yet functionally consistent
families of homologous RNA sequences. In computational se-
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quence biology, a significant challenge lies in harnessing the
relatively limited pool of existing RNA sequences within a
family, often comprising just a few hundred or thousand ex-
amples. The objective is to decipher the sequence patterns that
underpin the three-dimensional structure and biological func-
tions of these RNA families. This endeavor extends beyond the
known sequences, aiming to explore the vast potential space
of sequences capable of adopting similar structures and func-
tions. Such analyses provide valuable insights into the com-
plex organization of sequence space and, ultimately, unravel
the intricate sequence-to-function relationship. This quest has
gained paramount significance, especially in the era of high-
throughput sequencing, solidifying its status as one of biol-
ogy’s central and most challenging questions.

Generative probabilistic models offer a powerful approach
to tackling these challenges by extrapolating beyond the lim-
ited pool of known RNA molecules and generating previously
unseen functional sequences. When applied to RNA families,
these models build a probability distribution, denoted as P(ay,

., ar) (5=11). This distribution encapsulates the variability
found in the known sequences within the family while en-
compassing all possible sequences of length L (for a more pre-
cise definition, see Material and Methods). To provide an in-
tuitive analogy, think of this probability distribution as defin-
ing a ‘landscape’ across sequence space assigning high prob-
abilities to functional sequences, akin to the peaks in this
landscape. Conversely, non-functional sequences receive low
probabilities.

This probability distribution also enables the prediction
of mutational effects (12,13) since mutations can alter the
sequence probabilities relative to the wildtype. Additionally,
these models allow for generating novel synthetic sequences
(9,14) through a sampling process (as illustrated in Figure 1).
A well-constructed model P should possess the ability to gen-
erate nucleotide sequences that are diverse but statistically in-
distinguishable from the known sequences in the family.

An RNA generative model P(ay, ..., a1.) has to assign prob-
abilities to a huge number of potential sequences (a1, ..., ar)
while learning from a relatively small pool of observed se-
quences. As an example, consider an RNA molecule with an
aligned length of L = 150 residues, i.e. the sequence may con-
tain both nucleotides and gaps. The model must provide up
to 5T >~ 10'% probabilities, even though typical RNA families
consist of only 102—10* known sequences, cf. (4). The lack of
abundant RNA data makes it hard for complex models like
deep-learning architectures to work well, as seen in other tasks
like RNA structure prediction (15). This suggests that simpler,
less complex models may be better suited to tackle RNA. The
currently most successful class of probabilistic sequence mod-
els are covariance models (CM) (10,11); they model conserva-
tion both in nucleotide sequence and of secondary structure
(resulting in covariation of paired nucleotides) across fami-
lies of homologous RNA. Being sensitive and efficient com-
putational tools for RNA homology search and alignment,
they form the methodological basis for the construction of
the Rfam database (4). The Boltzmann Machine Direct Cou-
pling Analysis (bmDCA) (16,17) models covariation also for
nucleotides not paired in the secondary structure.

The core idea behind CM and bmDCA lies in the notion
that RNA residues of significant functional importance ex-
perience evolutionary pressures that deter deleterious muta-
tions. Consequently, these residues tend to remain conserved
across the Multiple Sequence Alignment (MSA) collecting ex-
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Natural Sequences
GCCUUC- UGGUGUAGUGGUUG- -UGCUC

GCCGU - - UAGUUCAGUGGGAGAACGCCA
GGUAGC-UGGCCGAGCGGUAAG-CGCUG
GGCCU-UUAGCUUAUUGGUAGAGCGUCG
GGGGAUGUAGCUCAAAGGUAG-GCGCUC

32

Artificial Sequences
GGCUCG- UAGCUCAACGGAAA - GUAUGG

GCUGAU- -AAUUCAGUGGUAGAAUACUU
AGUUGGAUAGCUUAAUGGUAGA - CAAGG
GCCCCC- -AGCUCAGUGGUAGAGCACCC
CGGGUCG-GGUUUAGUGGUAA - - CAUCG

ERE R

Figure 1. Probabilistic generative models extract a probability distribution
for the RNA family from natural data, which can then be used to generate
artificial sequences. The generated sequences are statistically similar to
the natural ones, yet they differ from any existing variant, thereby
introducing an element of novelty.

tant homologous sequences. Conversely, pairs of nucleotides
that exhibit co-evolutionary patterns over time display corre-
lated mutations. To capture both types of constraints, CM and
bmDCA adjust its probability distribution to mirror the one-
site and two-site frequencies observed in the MSA, which serve
as proxies for conservation and co-evolution. As distinctive
features between the two approaches, CM restrict modeled
coevolution to secondary-structure pairings, but it scores also
insertions and deletions, making it applicable to unaligned se-
quences. bmDCA models coevolution between all nucleotide
pairs, cf. reviews in (18,19), but it requires aligned sequences
as an input. The resulting RNA generative models were ob-
served to be accurate (8), but their fully connected graph-
ical structure limits computational efficiency and biological
interpretability.

In this context, one-site frequencies, denoted as f;(a), de-
scribe how often a nucleotide a € {A, U, C, G, —} (with °—=’
representing alignment gaps) appears at a specific site 7 € 1,
..., L within the MSA. Meanwhile, two-site frequencies, de-
noted as fji(a, b), provide information about the joint occur-
rence of nucleotide pairs (a, b) at positions (7, j) within the
same sequence. The probability distribution used in bmDCA
takes the form of a fully connected Potts model/Markov Ran-
dom Field, which captures the interplay of these frequencies,

1 L
Play,...,aL) = 7 &P Zhi(ai)+2]ij(aiaa/) . (1)
i—1

i<j

with Z being the partition function that guarantees nor-
malization. The b;(a) (a € {A, U, C, G — }) are the local
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‘fields’ used to fit the one-site statistics. The J;(a, b) matrices
(with (a, b) € {A, U, C, G, —}?) are § x 5 interaction ‘cou-
plings’ used to fit the two-site statistics.

Although DCA has proven itself as a valuable instrument
in investigating proteins, exhibiting achievements in tasks like
generating functional sequences (14), forecasting the effect of
mutations (12,13), deciphering protein evolution (20,21), and
identifying structural interactions (22,23), its application to
RNA remains relatively unexplored (5-8). Furthermore, the
limited availability of RNA data, compared to the wealth of
data for proteins, makes the use of intricate models like large
language models (24) impractical. Consequently, employing
simpler models for RNA is not only suitable but also presents
the benefits of enhanced interpretability, reduced computa-
tional burden, and local trainability.

Nonetheless, conventional bmDCA generates a fully con-
nected coupling network (as seen in Eq. (1)): it models coevo-
lution between all conceivable pairs of residues, even when
there is no actual coevolution occurring. As a consequence,
this approach can yield a substantial number of noisy cou-
plings J;i(a, b) in the network that lack any statistical support.
To mitigate this issue, network sparsification can be applied
to trim down the network by eliminating numerous spurious
couplings. This process aids in identifying the most informa-
tive and functionally significant couplings, rendering the net-
work more accessible for interpretation and analysis. Previ-
ous endeavors in this direction have primarily concentrated
on sparsifying coupling networks within proteins (25).

In our work, we introduce a novel approach called Edge Ac-
tivation Direct Coupling Analysis (eaDCA). Unlike previous
algorithms, eaDCA takes a unique starting point: an empty
coupling network. It then systematically constructs a non-
trivial network from scratch, rather than starting with a fully
connected network like bmDCA and subsequently simplify-
ing it, or using external information like secondary structure
in CM. Our step-by-step process generates a series of models,
gradually increasing in complexity until they achieve a statis-
tical performance comparable to that of bmDCA.

Our method offers some notable advantages: first, it results
in generative Potts models with considerably less parameters
compared to the standard bmDCA, activating couplings only
between nucleotide pairs showing direct coevolution. Second,
the algorithm is substantially more efficient than bmDCA,
greatly reducing the time required for model learning. Third,
at each stage of our approach, we employ analytical likeli-
hood maximization. This allows us to easily track normal-
ized sequence probabilities and estimate entropies throughout
the network-building process. This valuable information en-
hances our ability to interpret and analyze the vast space of
RNA sequences.

The organization of the manuscript is as follows. In ‘Ma-
terials and Methods’, we present the foundational principles
and functionality of the model, describe the data used in the
model training and analysis, and provide specific information
about the SHAPE-MaP experiments conducted to examine ar-
tificial molecules. In ‘Results and Discussion’, we evaluate the
statistical properties of the artificial sequences generated by
eaDCA, interpret the parameters of the sparse architectures,
and examine the model’s predictions regarding mutational ef-
fects on tRNA. Additionally, using eaDCA to access normal-
ized sequence probabilities and model entropies, we conduct
an analysis on how different constraints, such as compati-
bility with secondary structures or family conservation and

coevolution statistics, affect the size of the viable RNA se-
quence space. Lastly, we assess the SHAPE-MaP experimen-
tal results, characterizing the structure of artificially generated
tRNA molecules.

Materials and methods

In this section, we discuss the data and the methodological
basis of our work: all data used for training and evaluating
our models, the new algorithm proposed here, and the exper-
imental protocol to test artificial sequences generated by our
approach.

Data
RNA families

All generative models discussed here are trained for individ-
ual RNA families, i.e. homologous but diverged sequences of
largely conserved structure and function (4). Each family is
represented by a Multiple Sequence Alignment (MSA) D =
(afli=1,...,Lyr=1,..., M), with L indicating the aligned
sequence length, and M the number of distinct sequences. The
entries a/ are either one of the four nucleotides {4, U, C, G},
or the alignment gap ‘-’ reflecting insertions and deletions in
the original unaligned sequences.

Following standards in the literature, phylogenetic effects
are partially compensated by reweighting each sequence by
a factor w, (19), which equals the inverse number of all se-
quences having more than 80% sequence identity to sequence
7, and which is used when estimating the empirical single-site
nucleotide frequencies f;(a) and pair frequencies f;;(a, b) from
the data D, cf. the supplementary information (SI) for details.
The sum of weights Mg = >, w, defines the effective sequence
number as a more accurate reflection of the diversity of the
dataset.

eaDCA is tested on 25 RNA families of known tertiary
structure with L ranging from 50 to 350 and M from 30
to 50000. These families are extracted from the CoCoNet
benchmark dataset (26) by limiting ourselves to datasets with
high M. and sequence length L < 350. The MSA were up-
dated using a more recent Rfam release (May 2022), and
matched to exemplary PDB structures. A comprehensive list
of family names, characteristics, and used PDBs is given in
Supplementary Section S1, Supplementary Table S1.

The main text concentrates on two families: the tRNA fam-
ily (RF00005) was selected due to the existence of mutational
datasets, and our own experiments were performed on this
family. Due to its unusually large size, the MSA was randomly
downsampled to M = 30 000 sequences. The cyclic di-AMP
riboswitches (RF00379) were chosen due to their interesting
and non-trivial statistical properties. The robustness of all re-
sults is illustrated in the SI, where the other 23 families are
exhaustively analyzed.

Mutational fitness dataset

To evaluate our ability to predict mutational effects in RNA
molecules, we utilized the data published in (27). This dataset
provides iz vivo fitness measurements for 23,283 variants of
the yeast tRNA§LU at temperatures of 23, 30 and 37°C, with
up to 10 mutations compared to wildtype. These mutations
may result in non-functional sequence variants, in difference
to the natural sequences in the RNA families. We focus on the

results at 37°C because, at higher temperature, the tRNAfingU
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Figure 2. Schematic representation of the recursive eaDCA algorithm.

becomes increasingly important for the survival of the
organism. Fitness values in (27) are organized such that 0.5
represents a mutant yeast strain incapable of reproduction,
while 1.0 is the wildtype fitness. The details of the datasets,
the fitness definition of (27), and our results for 23 and 30°C
are provided in the SI

SHAPE reference dataset

In order to empirically validate our generative models, we con-
ducted Selective 2’-Hydroxyl Acylation analyzed by Primer
Extension with Mutational Profiling (SHAPE-MaP) experi-
ments on artificially generated tRNA molecules, cf. below. To
ensure the robustness of our analysis and to facilitate a mean-
ingful comparison, we utilized an external published dataset
comprising SHAPE reactivity profiles for 20 RNA sequences
with known secondary structure. This dataset, which we will
refer to as the ‘SHAPE Reference Dataset’, was obtained from

(28) .

Edge activation direct coupling analysis (eaDCA)
Algorithm principle

The proposed algorithm belongs to the family of DCA algo-
rithms, i.e. it learns a Potts model in the form of Eq. (1) from
an MSA D. However, instead of introducing couplings Jji(a,
b) for all pairs of nucleotide positions 0 <7 <j < L, we aim
at a parsimonious model and activate couplings only between
those pairs, which are really coevolving and thus essential for
the accurate statistical description of the sequence family. All
other pairs, which do not have clear signatures of direct co-
evolution, shall not be included into the set of coevolutionary
couplings, to avoid noise overfitting (25) .

Since the empirical pair frequencies f;i(a, b) are shaped both
by direct coupling and indirect correlation, the set of cou-
pled pairs, £ = {(if) | Ji; is non-zero}, cannot be fixed in a sin-
gle step, but has to be constructed recursively, as is shown
schematically in Figure 2 and detailed below: starting from
a profile model of independent nucleotides, & = @, we con-
struct a series of edge sets &, by activating or updating edges
one by one. In this setting, ‘activating’ an edge signifies to in-
troduce a non-zero coupling for a previously uncoupled pair
(¢7), while ‘updating’ indicates a change of the coupling value
on an already activated edge. As a consequence, at any algo-
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rithmic step ¢, the model can be written as

1
Piay,...,aL) = fexp{_Et(aL cooar))
t
L
Efar,....a0) ==Y hila)— Y Jijlana;),  (2)
i=1 (ij)e&

with E; being called ‘statistical energy’. The log-likelihood of
the model given the reweighted data D reads

M
Ly =Y wlogP(a).....a}). (3)
r=1
Initialization

As already mentioned, the model is initialized without cou-
plings, & = @, and reads

L
1
Po(al,...,aL)zzoexp[;hi(a,-)]. (4)
The log-likelihood L is easily maximized by setting
hi(a) = log fi(a) (5)

foralli=1,..,Land a € {A, U, C, G, —}, i.e. the model re-
produces the empirical single-residue statistics. The resulting
partition function is Zy = 1. This simple model is known un-
der the name of profile model (or independent-site model) and
widely used in bioinformatic sequence analysis.

Recursion

The algorithmic step from ¢ to ¢ + 1 is characterized by a mod-
ification of a single 5 x 5 coupling matrix J; on a single po-
sition pair (kl),

Eip1(ar, ...,ar) = Elay, ..., ar) — Al (a, ap),

& = & U{(RD)} (6)

If (kl) was not yet active in &, this corresponds to an edge
activation, otherwise to an edge update.

The edge (kl) and the coupling change AJ};(ax, a;) are cho-
sen to maximize the log-likelihood L;11. As is proven in
Supplementary Section S2.1, this is realized by (1) choosing
the ‘least accurate’ position pair

(kl) = argmax Dir.( fonlPy,,,), (7)
1<m<n<L

which maximizes, over all possible position pairs (mn), the
Kullback-Leibler divergence,

mn ’ b
DKL (fmn”P;im) =men(d’b)log f (d )
ab

Bo@b) )

between the empirical target distribution f,,, and the current
model’s marginal two-site distribution P’ defined as

P (a,b)= Y P(a1,....ar)804,8a, 9)
a ar,

and by (2) activating/updating the coupling on the chosen po-
sition pair via

frila, b)

Afyla, b) = log P (a.b)’

(10)

To avoid excessively high values for rare nucleotide combi-
nations, this coupling term is regularized using pseudocounts
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for both the empirical frequencies and the model probabilities,
cf. Supplementary Section S2.2 for details.

Note that the selection goes over all position pairs (1),
independently on their activation status in &. Note also that
the exact determination of the marginal distributions P’ (a, b)
in Eq. (9) is infeasible since it would require to sum over all
ST possible sequences of aligned length L. We therefore use
Markov chain Monte Carlo (MCMC) sampling; the exact
procedure based on persistent contrastive divergence is de-
tailed in Supplementary Section S2.3.

Termination

As the process continues, the resulting models become increas-
ingly accurate and complex. It can be observed from Eq. (10)
that a fixed point is attained when all the two-point probabil-
ities are equal to their respective empirical frequencies (and in
consequence also all single-site frequencies). This corresponds
exactly to the fixed-point condition imposed in bmDCA. Be-
cause this condition is impossible to achieve in practice due to
MCMC sampling noise, we set an ad hoc stopping criterion
by looking at how well the empirical two-site covariances

cijla, b) = fij(a, b) — fi(a) f;(b) (11)
are reproduced by the connected correlations in the model,
cija, b) = P;(a, b) — P (a)P}(D). (12)

The algorithm terminates at step ¢, when the Pearson correla-
tion p between these two quantities, evaluated over all posi-
tions (ij) (including those not in &) and all nucleotides a, b (in-
cluding gaps), reaches 0.95. This value is commonly reached
in bmDCA as well. The reason for computing the score based
on the c¢;i(a, b) instead of the f;;(a, b) is that the former isolates
coevolution statistics from the conservation ones.

The entire procedure is summarized as a pseudocode in Al-
gorithm 1, and represented graphically in Figure 2.

Algorithm 1 (eaDCA)
Initialization:
e Profile model: Py(ay,...,ar) ZHiL:1fi(ai)
e Iteration counter: t <0
Recursion:
While p(cfj,cij) <0.95 do
 Estimate two-point probabilities Pzt] (a,b) for all 4,7
and all a,b via MCMC sampling
* Identify the worst represented edge (kl) according to
Eq. (7)
e Update the interaction on the identified edge using
Eq. (10) to get the new model P;1(a1,...,ar)
* Add the identified edge (kl) to & to get Ery1
 Increment iteration counter: ¢t <—¢+1
Termination at ¢ y =17 :
* Output P4, (a1,...,ar) with 95% reproduced pair
correlations

A typical run of the training process is described in
Supplementary Section S2.4 and Supplementary Figure S1.
The reduction of the running time over bmDCA is exempli-
fied in Section S2.5, Table S2.

Note that the eaDCA algorithm has similar objectives as
the adaptive cluster expansion (ACE) proposed before to learn
sparse Potts models from data (29,30). However, ACE requires

an exact calculation of cluster partition functions, which lim-
its practical applicability to relatively small clusters of se-
quence positions. On the contrary, eaDCA is based on sam-
pling which, even if introducing some level of stochasticity,
allows for treating arbitrary interaction graphs ranging from
very sparse to fully connected ones, in function of what is
needed to capture the data statistics.

Normalized sequence probabilities and model entropy

Probabilistic generative models, including bmDCA, typically
do not provide normalized sequence probabilities but only rel-
ative sequence weights. This limitation arises because obtain-
ing normalized probabilities would necessitate summing over
the entire S* sequence space to get the partition function Z
given by Eq. (1),

L
Z= Z exp Zbi(ﬂz)-l- Z Jijlai,a;) ¢, (13)
L i=1 (

ap,....a ij)e€

which is infeasible for any biologically relevant value of L.
Relative weights are sufficient for MCMC sampling of artifi-
cial sequences, but they are meaningful just within the context
of a specific model, and cannot be compared across distinct
models.

The advantage of eaDCA is that the recursion preserves
model’s partition function Z, as is shown in Supplementary
Section S2.6. Since Py is trivially normalized, we have

Zo=1land Z; 1 = Z,, (14)
i.e. the models remain trivially normalized under recursion:
Pi(ay,....aL) =exp{—E;(ai,...,ar)}. (15)

A nice consequence of this property is that we have easy access
to the model’s entropy S,

St = —(10gPt((l1, . ..,LI],))pr
= (Ei(ar,....aL))p, (16)

via the average statistical energy, which can be accurately es-
timated from an MCMC sample. From the entropy S; we can
deduce the size of the viable sequence space,

Qt:eXp {St}a (17)

which can be thought of as the effective number of different
sequences that we can sample from P;(ay, ..., ar).

In practice, because we depend on stochastic MCMC tech-
niques for estimating the two-site probabilities Pj(a, b) in
eaDCA iterations, the Z is only approximately conserved.
However, it is straightforward to accurately monitor and ac-
count for these errors, see the Supplementary Section S2.6 and
Supplementary Table S3 for details.

SHAPE-MaP probing of artificial tRNA molecules

To conduct an empirical evaluation of our eaDCA-derived
model, we performed a SHAPE-MaP analysis on a set of 76
artificially generated tRNA molecules (RFO0005 family). Here
we summarize the experimental protocols, full details are pro-
vided in the SI.

RNA production

We designed a total of 76 tRNAs. Each RNA was synthesized
with the T7 promoter positioned at its 5’ end and the last
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16 nucleotides were kept constant for all constructs matching
those of the yeast tRNA(asp). The DNA templates (gBlock
or oligoPools from Integrated DNA Technologies) were am-
plified by PCR using the Phusion Hot Start Flex polymerase
(New England Biolab). After purification, the DNAs were
transcribed via in vitro transcription using the HiScribe T7
High Yield RNA Synthesis Kit (NEB). The resulting RNAs
were purified by denaturing gel electrophoresis.

RNA modification

The SHAPE reactivity is not only a reflection of RNA struc-
ture but also depends on experimental conditions, necessitat-
ing careful consideration in comparative analysis of SHAPE-
MaP reactivity profiles (31) . Consequently, we chose to probe
our artificial tRNA with the same folding buffer (50 mM
HEPES pH 8.0, 200 mM potassium acetate pH 8.0, and
3 mM MgCl,) than the yeast tRNA(asp) Reference SHAPE
Dataset (28) . For RNA modification, three conditions were
performed: positive (with the probe), negative (only the probe
solvent) and denaturing (denatured RNA with the probe). For
the positive and negative conditions, the RNAs were allowed
to refold and the modifying agent (1M7 in DMSO for pos-
itive) or the solvent (neat DMSO for negative) were quickly
mixed to the RNAs and incubated 5 min at 37°C. For the
denaturing condition, the RNAs were first denatured by ad-
dition of formamide followed by a heat treatment and the
RNAs were modified similarly (1M7 probe). After incubation,
all modified RNAs were purified via ethanol precipitation
and quantified by the Qubit RNA High Sensitivity assay kit
(ThermoFisher).

Library preparation

The modified RNAs were pooled in equimolar proportion
based on their conditions (positive, negative, denaturing) and
reverse-transcribed using the SuperScript II reverse transcrip-
tase (ThermoFisher) with a buffer allowing the misincorpo-
ration of nucleotides at the chemically modified positions.
We also used a Template Switching Oligo (TSO) in order
to incorporate the Rd1 Illumina adapter during the reverse-
transcription, and brought the Rd2 Illumina adapter by the
reverse-transcription primer. After cDNA purification, PCR
enrichment was conducted to amplify the DNA libraries and
incorporate the P5/P7 Illumina adaptors. The samples were
purified by AMPure XP beads (Beckman Coulter), quanti-
fied by quantitative PCR (KAPA Library Quantification Kit,
Roche), and sequenced on a MiSeq-V3 flow cell (Illumina)
at the NGS platform of Institut Curie (Paris, France). For in
depth details about the procedure and the primers used refer
to SL.

SHAPE reactivity mapping

We employed the ShapeMapper2 (32) software to process the
sequencing data, obtaining SHAPE reactivity values for each
artificial tRNA molecule, which partition sites into the reac-
tivity classes ‘low’, ‘medium’ and ‘high’ (31,33). ShapeMap-
per2 was run with default settings, except for the depth-per-
site quality threshold that was lowered from 5000 to 3000.
This allowed us to gather reactivity data covering more than
50% or the residues for at least 30 of the molecules under
investigation.
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Results and discussion

eaDCA models reproduce the natural sequence
statistics

The initial evaluation of the performance of any generative
model involves assessing its ability to accurately replicate the
statistical properties of natural data. To this aim, we conduct
an analysis across 25 RNA families, and compare the statisti-
cal properties of the natural sequences from the family’s MSA
with those of a large number of artificial sequences, which are
independently sampled from the eaDCA model P(ay, ..., ar).
For comparison, we also sample from a simpler, secondary-
structure based model (SSBM), where only nucleotide pairs
involved in the secondary structure (S2D) are connected by
couplings. The SSBM is also a Potts model, with all maximum-
likelihood parameters derived exactly from the empirical one-
and two-nucleotide statistics,

L
Psspm(ar, ..., ar) = exp Zhi(ﬂi) + Z Kij(ai, aj)
i1 (ij)es2D

fijai. a;)

. hila;) =log fi(a;).
Fafia;) (a;) = log fi(a;)

Kjj(aj, a;) = log

(18)

We use SSBM as a performance benchmark because the infor-
mation about RNA secondary structure is readily available
for all Rfam families, and because base-pair complementar-
ity in RNA secondary structure causes a strong pairwise co-
evolution. Note that these models bare similarities to, but are
different from the CM used in Infernal (10,11), since they do
not model insertions and deletions, and thus require already
aligned input sequences.

Figure 3 displays statistical analyses for the RFO0005 and
RF00379 families. Additional results for 23 other RNA fam-
ilies can be found Supplementary Figure S2. Figures 3D and
3H display the comparison between the connected two-point
correlations of the natural data with estimates from a sample
of an eaDCA obtained model and the SSBM. The results indi-
cate a strong correlation of eaDCA with the natural data for
all residue pairs, including those not connected by activated
edges, while the SSBM reproduces the pair correlations only
on the secondary structure, and totally fails on all other pairs
of positions.

A second test of the eaDCA model’s generative properties
is demonstrated in Figures 3A-C, and E~G, which present
the natural, eaDCA, and SSBM generated sequences projected
onto the first two principal components (PCs) of the natural
MSA (14,34). The sequences sampled from the eaDCA model
effectively reproduce the visible clustered structure of the nat-
ural sequences, while SSBM are unable to do so, with projec-
tions on the PCs being concentrated around the origin.

The observations in Figure 3 indicate the inability of SSBM
to serve as accurate generative models, while sequences sam-
pled from eaDCA are coherent with the natural data on the
tested observables. This suggests that the Potts model re-
quires more than just the secondary-structure based interac-
tion couplings to function properly and that an overly aggres-
sive reduction in parameters compromises the model’s perfor-
mance. Sequences directly emitted from CM (cmemit com-
mand of Infernal) are analyzed in Supplementary Figure S3:
CM slightly outperform the simpler SSBM, but remain less
accurate than eaDCA.
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Figure 3. (A) RFO005: principal component analysis of natural sequences
(M = 28770). (B) RFO05: eaDCA generated sequences mapped to the
first two principal components of the natural sequences (M = 12000). (C)
RF005: SSBM generated sequences mapped to the first two principal
components of the natural sequences (N = 12 000). (D) RFO0005: scatter
plot of the connected two-site correlations of the natural sequences vs.
eaDCA generated sequences (blue) or SSBM generated sequences (red -
insert) (N =12 000). (E) RFO0379: Principal component analysis of natural
sequences (N = 3808). (F) RF00379: eaDCA generated sequences
mapped to the first two principal components of the natural sequences
(N = 12000). (G) RFO0379: SSBM generated sequences mapped to the
first two principal components of the natural sequences (N = 12 000). (H)
RF00379: scatter plot of the connected two-site correlations of the
natural sequences vs. eaDCA generated sequences (blue) or SSBM
generated sequences (red: insert) (N = 12 000).

From Table 1, we conclude that eaDCA delivers gen-
erative models able to reproduce the natural RNA statis-
tics with only a fraction of the number of parameters
of a standard bmDCA implementation (parameter reduc-
tion of 84.85% for RF00005 and 87.83% for RF00379).
A complete table for all the 25 families is included in
Supplementary Table S1 and confirms this observation across
families.

Parameter interpretation

A key benefit of employing a parsimonious generative model
is the potential for obtaining a more insightful interpretation
of its parameters. In the context of RNA, the eaDCA method
is producing good generative models with a small percent-
age of the parameters of fully connected models (bmDCA),
which in turn enables easier biological interpretation. Since
the edge activation procedure starts from the profile model,
all single-site frequencies f;(a) are accurately reproduced from
the beginning. Due to its iterative nature, eaDCA produces ad-
ditionally an ordered list of edges carrying non-zero couplings.
These added edges can be used to explain the connected two-
point statistics to high accuracy, and they are thus carrying the
full information about residue coevolution in the MSA of the
RNA family under consideration.

For this study, we classified the first L added edges into four
categories: ‘secondary structure base pairs’ (S2D), ‘neighbors’
(if the pair is less than four positions apart along the primary
sequence), ‘tertiary structure contacts’ (if the distance between
the involved residues is less than 8A, but the pair is neither
S2D nor neighboring), and ‘other’ (not fitting into any of the
prior categories). We present here the analyses for two RNA
families (RFO005 and RF00379) but the results of all 25 fam-
ilies can be found in Supplementary Figure S4.

In Figure 4, the analysis revealed a relationship between
contacts and added edges, with almost all $2D pairs being sys-
tematically taken in the early iterations. This trend is consis-
tent with their strong coevolutionary relationship, and shows
that SSBM and CM models capture many of the strongest, but
by far not all such relationships. Tertiary contacts are included
later (and many never activated even at termination of the al-
gorithm); we therefore conclude that they typically induce a
much lower coevolutionary signal than secondary-structure
contacts. The presence of activated edges between neighbor-
ing residues may in part be attributable to phylogenetic re-
lationships, but also to the insertion or deletion of multiple
nucleotides, i.e. to the presence of gap stretches in the MSA.

A relatively small fraction of activated edges do not offer an
interpretation (class ‘other’), it remains unclear if these edges
reflect the limited statistics in the natural MSAs, or coevolu-
tion beyond structural contacts. eaDCA considers them im-
portant for reproducing the natural sequence statistics. In this
context, it is important to note that the complete list of edges
generated by eaDCA before meeting the termination condi-
tion significantly exceeds the sequence length L, consequently
leading to a large quantity of ‘other’ entries.

These observations may suggest to use eaDCA for RNA
structure prediction. Since, however, the focus of our work
are generative probabilistic models rather than structure pre-
diction, our restrict this Section to interpretative analysis.
Actually, the natural MSA are constructed using the cm-
build and cmalign commands from Infernal (11), which
actively incorporate a given secondary structure, and there-
fore may bias applications to structure prediction. However,
to achieve a more comprehensive picture, we have included in
Supplementary Figure S5 and Supplementary Table S4 a com-
parison of the contact retrieval capability of eaDCA against
Evolutionary Couplings (5,6) and R-scape (35) (trained on the
same alignments).

Prediction of mutational effects

Potts models (including profile, SSBM and DCA models) are
energy-based statistical model, cf. Eq. (1). The maximum-
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Table 1. eaDCA and SSBM results for RFO0005 (tRNA) and RF00379 (cyclic di-AMP riboswitch) at termination t = t;. PR% indicates the percentage of
parameter reduction, S the eaDCA model entropy, and 2 the corresponding effectoive size of viable sequence space

Rfam Id L M Mg SSBM c;; corr eaDCA c;; corr PR %* S Q
RF00005 71 28770 2267 0.66 0.95 84.85% 51.34 1.98 x 10%*
RF00379 136 3808 1428 0.25 0.95 87.83% 89.56 1.05 x 10%°
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Figure 4. (A) RFO005: first L activated edges colored according to their v 10
classification. (B) RFO005: contact map (upperleft) and activated edges © wildtype
(lowerright). Secondary-structure contacts are evidenced in green, -
0.6 0.8 1.0 1.2 1.4 1.6

non-contacting activated edges in black. (C) RFO0379: first L activated
edges colored according to their classification. (D) RF00379: contact map
(upperleft) and activated edges (lowerright). Secondary-structure
contacts are evidenced in green, non-contacting activated edges in black.

likelihood strategy used in their training assumes that
nicely functional sequences have high probability, or equiv-
alently low energy. Conversely, low-probability/high-energy
sequences do not obey the evolutionary constraints learned
by the model, and are expected to be non-functional.

This property can be used to predict mutational effects
(12,13) by comparing the energies of the mutated and the
wildtype sequences. In this way, a mutant sequence can be
characterized by the energy difference

AE = E(mutant) — E(wildtype).

A positive AE implies a reduction in the model probability for
the mutant, suggesting that the mutation is likely to be dele-
terious. On the contrary, a negative AE signals a potentially
beneficial mutation.

To test the quality of these predictions, we use the tRNA
fitness dataset (27) (for details cf. Materials and Meth-
ods,Supplementary Section S5 and Supplementary Figure S6).
We perform the following steps:

¢ For all mutant sequences in this dataset, we determine
the energy differences to wildtype using both the eaDCA
model, AE,,pca, and the SSBM model, AEgsgar, as well

Fitness Value

Figure 5. (A) Correlation of Hamming distance, eaDCA model energy and
CM energy with tRNA fitness (37°C) at different values of minimum
fitness threshold 7o . (B) Relation between eaDCA model energy and
tRNA fitness for the 8101 double mutants. For results at 23°C, 30°C cf.
Supplementary Figure S7.

as the Hamming distances (i.e. the number of mutations
from wildtype).

e We select all mutant sequences having experimental fit-
ness values f > fo above an arbitrary fitness threshold
fo. This threshold is varied in our analyses to focus on
diverse strengths of mutational effects.

e We calculate the Spearman rank correlation between the
three predictors (eaDCA, SSBM, Hamming) and the fit-
ness values f over the selected mutants, as functions of

the fitness threshold fq.

As is shown in Figure SA, when all mutants are included
(fo = 0.5), all three predictors show similarly good correla-
tion values between 0.6 and 0.7. This results from the fact
that most higher-order mutants, i.e. those of higher Hamming
distance, have very low fitness, while mutants with one or
two mutations frequently show more moderate fitness values.
However, when increasing the fitness threshold £y, i.e. when
including only mutations of more moderate fitness effects,
AE,.;pca correlations remain much more robust while the
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other two rapidly decay with fy. This shows that the eaDCA
energies are informative over variable ranges of fitness effects.

To corroborate this finding, Figure 5B shows a heatmap of
the 8101 two-point mutant sequences (at fixed Hamming dis-
tance of 2), comparing AE,,pca predictions and fitness values
f. We observe a robust correlation even in this case, where the
Hamming distance is constant and thus does not provide any
information about the fitness measures.

Size estimation and constraint analysis of RNA
sequence space

The entire space of sequences of given length is enormous. To
illustrate this, the number of all ungapped sequences of length
L =150is4"° ~2 x 10%, if we include gaps like in our MSA,
the number even rises to 510 ~ 7 x 10'%4, and this exceeds
by 10-24 orders of magnitude the estimated number ~108°
of atoms in the universe. However, the viable sequence space
related to a specific RNA family, i.e. to all sequences taking
similar structure and performing similar function, is expected
to be much smaller: sequences have to meet constraints im-
posed by residue conservation and coevolution, and possibly
by other evolutionary constraints.

Our models allow for analyzing the impact of the different
constraints on the entropy S and the size Q = ¢° of the se-
quence space, using the approach discussed in Materials and
Methods. More specifically, the influence of conservation is
measured via the entropy Sy of the initial profile model, while
the combined influence of conservation and coevolution is
measured via the entropy S, of the final model at termina-
tion (36). These results are corroborated by an independent
estimation using a code published in (37), which estimates the
size of the sequences space compatible with a given secondary
structure, by efficiently sampling the neutral network related
to a given RNA secondary structure.

The results are shown in Figure 6A for our selected RNA
families. All three constraints enforce an exponential relation-
ship between the size of the sequence space 2 and the sequence
length L, i.e. the per-site reduction of the sequence space due
to any individual type of constraint is roughly constant across
the tested RNA families. Interestingly, conservation and sec-
ondary structure constrain the sequence space similarly, while
the constraints imposed by both conservation and coevolu-
tion are, in line with expectations, the most stringent ones.
As is illustrated in Figure 6B, out of the initially S* possibly
gapped sequences of aligned length L about (2.98 4 0.10)" are
compatible with the empirical conservation statistics, (2.66 +
0.09)L with the consensus secondary structure of the RNA
families, and finally (1.74 4 0.09)" with both conservation
and coevolution. To go back to our initial example L = 150,
the final eaDCA sequence space would contain about 103¢
distinct sequences: this number, while remaining enormous as
compared to the observed extant sequences found in sequence
databases like Rfam, comprises only a tiny fraction of 10768
of the entire sequence space of this length, illustrating the fun-
damental importance of such constraints in the natural evolu-
tion of RNA families.

Note that these numbers also have an interesting interpre-
tation in terms of the effective number of nucleotides, which
are, on average, acceptable in a typical position of a functional
RNA molecule. Out of the 5 theoretical possibilities (4 nu-
cleotides or a gap), close to three are compatible with fam-
ilywide conservation, or 2.66 with the consensus secondary
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Figure 6. (A) Relations between RNA family length and the size of the
sequence space under coevolution, conservation and secondary
structure constraints. Dots are results for the different RNA families
studied in this work, and lines are exponential fits. (B) Effective number x
of nucleotides per site for each constraint. The size of the compatible
sequence space is Q = xt.

structure. However, both constraints are insufficient for gen-
erative modeling as shown before. Our generative modeling
indicates a much stronger reduction of the effective number
of acceptable nucleotides per site to only 1.74 on average.

Structural characterization of artificial tRNA
molecules by SHAPE-MaP probing

The definite test for the generative capacity of a statistical
model of biomolecular sequences would involve expensive
functional probing experiments on artificially sampled se-
quences. While this goes far beyond the scopes of our pre-
dominantly algorithmic paper, we have performed simpler and
more cost efficient SHAPE-MaP experiments. SHAPE-MaP
does not asses the functionality of the sequences, but pro-
vides non-trivial structural information: chemical probing re-
veals different reactivities for nucleotide positions, which are
paired vs. unpaired in the secondary structure of the tested
RNA molecule (31). SHAPE-MaP therefore allows us to check
if our artificially generated sequences are compatible with the
consensus secondary structure of the modeled RNA family,
thereby corroborating the statistical tests described above.
The structural information obtained by such experi-
ments is statistical: in the Reference dataset of published
SHAPE experiments (cf. Materials and Methods), out of the
paired sites typically >80% have low, less than 10% high
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Figure 7. (A) Reactivity distribution for non paired residues, the bars
refers to the indicated set average ('Reference SHAPE Dataset’ N = 21,
'Generated tRNA' N = 34, 'Generated tRNA Criteria Me)' N = 14 ).(B)
Reactivity distribution for paired residues. (C) Example of
reactivity-structure projection for the 1A molecule of the 14 ‘Generated
tRNA (Criteria Met)". (D) Example of reactivity-structure projection for
'Reference SHAPE Data’ tRNA(asp) Yeast

reactivity, while in the unpaired sites <50% have low and
around 40% have high reactivity, cf. Figure 7. Determining
the specific pairing status of individual pairs is non-trivial due
to a number of confounding factors: first, the correlation be-
tween SHAPE reactivity and base pairing is nonlinear. Second,
SHAPE data may not mirror a single structure, but an aver-
age reactivity across a structural ensemble. Third, SHAPE re-
activity can also be influenced by factors beyond secondary
structure, such as base stacking and tertiary contacts (31).
Nevertheless, SHAPE-MaP experiments are a valuable instru-
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ment for assessing whether the SHAPE profile of a tested RNA
molecule—natural or artificial—is statistically coherent with
its expected secondary structures.

We used the tRNA family (RF0005) discussed above for
generating 76 artificial tRNA sequences. We probed the
SHAPE reactivities at each site of these sequences (for in
depth details about the experiment refer to Supplementary
Section S6 and Supplementary Table S5). We categorized the
reactivities into three classes: low, medium, and high (as is
common practice (31,33)) and we assessed the distribution of
these classes among paired and unpaired residues for each se-
quence. Due to experimental reasons we did not sample the
76 sequences freely from P(ay, ..., ar ), but we introduced two
types of constraints:

¢ Due to experimental constraints, the last 16 nucleotides
were kept constant, cf. Materials and Methods and
Supplementary Section S6. Only the first 55 positions
were generated by the model conditioned to the last
16, i.e. they were sampled from P(ay, ..., asslase, ...,
a71). This reduces the effective sequence space Q = &5
from ~10%2 sequences (cf. Table 1) to ~10'* | which is
still a huge number beyond the possibility of exhaustive
testing.

o Inspired by works about proteins (14,38) and aiming
at increasing the success rate in a limited number of
experiments, only sequences of low energy (E < 44)
and good secondary-structure score (F > 0.53, mea-
sured as the F-score between the RNAfold (October
2022) (39) predicted structure and the tRNA consen-
sus one) were included in the test, cf. the details given
in the Supplementary Section 6.1. These filters come
at relatively low cost: while the energy-based filter is
met by about 50% of all sampled sequences, the dou-
ble filter still preserves about 20% of the sequences
(Supplementary Figure S8), inducing thus a very mod-
erate decrease of the size of the sequence space.

For a more detailed overview of the dataset used in the
test, please refer to the Supplementary Section S$6.2 and
Supplementary Figures S8, S9, S10. Finally after probing, 34
of the 76 tRNAs satisfied the experimental standard of pos-
sessing reactivity data for more than 50% of the sequence po-
sitions and were included in our further analyses.

In Figure 7, we observe that the reference dataset and the
generated tRNA behave similarly, with clearly visible differ-
ences between paired and unpaired sites. We employed Permu-
tational Multivariate Analysis of Variance (PERMANOVA) to
test for statistical differences between the reactivity distribu-
tions of the reference dataset and of the generated tRNA, and
between paired and unpaired sites. While we do not see indi-
cations for statistically significant differences between the ref-
erence dataset and the generated sequences (P-values of 0.993
for paired sites, 0.420 for unpaired sites), the paired and un-
paired sites in the generated sequences are significantly distinct
(P-value 1.9 x 1077).

Moreover, observing that the statistics for paired residues
are more rigorous, especially on the two ‘Reference SHAPE
dataset” tRNA, we decided to implement an additional filter-
ing criterion. We deem artificial molecules as ‘Criteria Met” if
over 85% of their paired residues fell into the low reactivity
class. 14 out of 34 generated tRNA are classified as ‘Criteria
Met’. Those are also the sequences that better pass the qualita-
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tive visual criterion (Figure 7C, Supplementary Section S6.3.4
and Supplementary Figure S11).

These results, albeit rather qualitative, indicate that the
SHAPE reactivities of our artificially generated tRNAs are as
consistent with the desired tRNA secondary structure, as the
sequences in the reference dataset are with their published sec-
ondary structures. While these results generally support the
eaDCA model as a valid generative model, a more comprehen-
sive experimental evaluation might include (i) control groups
generated by simpler models (e.g. profile, SSBM, CM) to as-
sess if eaDCA is necessary to generate structurally coherent se-
quences, (ii) a filter-free generation directly using the statistical
models, to test the model in an unbiased way and (iii) func-
tional rather than structural tests to fully assess the model’s
generative capacities.

Conclusion and outlook

As in many disciplines and thanks to the strong increase in
data availability, generative models gain growing importance
also in the modeling of biomolecular sequences. A first prac-
tical reason is quite obvious: generative models are of high
biotechnological interest in biomolecular optimization and de
novo design, directly or in combination with screening or se-
lection assays when suggesting functionally enriched sequence
libraries.

A second reason is less obvious, but has the potential to be
at the basis of a paradigmatic shift in computational molecu-
lar biology. Traditionally, sequence bioinformatics was dom-
inated by simpler statistical models, like the profile or co-
variance models discussed also in this paper, and which are
of great success in analyzing extant biomolecular sequences,
detecting homology, annotating sequences functionally, estab-
lishing RNA or protein families, reconstructing their phyloge-
nies or aligning sequences. Generative models have the poten-
tial to go substantially beyond this, and to directly contribute
to our future understanding of biological molecules in their
full complexity as high-dimensional, disordered and interact-
ing systems. When a model is capable to generate diversified
but viable artificial sequences, it necessarily incorporates es-
sential constraints, which are functionally or structurally im-
posed on the sequences in the course of evolution. Even in
this case, there is no guarantee that only such essential con-
straints are present in the model, and that these are encoded in
a biologically interpretable way. In our work, we are therefore
searching for parsimonious models, which contain as few as
possible useless constraints (by using an information-theoretic
criterion for including constraints, or the corresponding pa-
rameters, into the modeling), and which in turn should be
maximally interpretable.

However, generative modeling is not trivial. The total se-
quence space is enormous, while the example sequences in
RNA or protein family databases are quite limited. Very differ-
ent models may be generative. In a parallel effort, (9) proposed
and experimentally validated restricted Boltzmann machines
(RBM) as generative models. In the case of protein families, it
was shown before that RBM, which are shallow latent-space
models, are able to detect extended functional sequence mo-
tifs (40,41), but at the same time they have difficulties in rep-
resenting pairwise structural constraints like residue contacts.
On the contrary, eaDCA was found to easily detect contacts,
but the patterns responsible for the clustered structure of fam-
ilies into subfamilies, easily visible by dimensional-reduction

"

techniques like principal component analysis, remain hidden
in the coupling network. It remains a challenge for the future
to combine such different approaches to further improve in-
terpretability of generative models.

Another problem is that, by definition, generative models
reproduce statistical features of the training data, but there is
no guarantee that statistical similarity implies biological func-
tionality - this dilemma is well known from text or image gen-
eration with generative models, which do not always produce
correct text contents or possible images, and extensive experi-
mental testing is needed to fully prove the validity of the mod-
els.

Finally, an intrinsic limitation of data-driven sequence mod-
els is that, even if introducing substantial novelty into gener-
ated data when compared to training data, they are unable to
extrapolate to regions of sequence space that are are a priori
viable, but not reached by natural evolution, or not present in
sequence databases. To explore such regions, it may be neces-
sary to go beyond single Rfam families to unveil generic evo-
lutionary constraints acting across families, or to include non-
data-driven constraints (e.g. biophysical folding models) into
the generative models.

Despite such limitations, generative modeling will naturally
benefit from the current evolution of more and more quantita-
tive high-throughput experimental approaches in biology. On
one hand, these can be used naturally to test model predic-
tions (e.g. mutational effects) and sequences generated by the
models, going far beyond the low-throughput experiments we
presented in this predominantly computational work. On the
other hand, these techniques substantially change the data sit-
uation in biology in several aspects (cf. e.g. (14,27)): while cur-
rent dataset, i.e. MSA of homologous RNA or protein families,
consist of positive but experimentally non annotated data, ex-
periments provide (i) quantitative functional annotations for
thousands of sequences and (ii) negative examples for artifi-
cial non-functional sequences generated by imperfect methods
like random mutagenesis or sampling from imperfect models
learned from finite data. This change in data will trigger future
methodological work to develop integrative methods using all
biologically relevant available information within the model-
ing process.

Data availability

The data and the version of the code used at the time of this
study are available at DOI: 10.5281/zenodo.10688226.

For any subsequent updates refer to this Github repository:
https://github.com/FrancescoCalvanese/FCSeqTools.jl.

Supplementary data
Supplementary Data are available at NAR Online.
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