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Medicines based on messenger RNA (mRNA) hold immense potential,

as evidenced by their rapid deployment as COVID-19 vaccines. However,
worldwide distribution of mMRNA molecules has been limited by their
thermostability, which is fundamentally limited by the intrinsic instability of
RNA molecules to achemical degradation reaction called in-line hydrolysis.
Predicting the degradation of an RNA moleculeis a key task in designing
more stable RNA-based therapeutics. Here, we describe a crowdsourced
machine learning competition (‘Stanford OpenVaccine’) on Kaggle,
involving single-nucleotide resolution measurements on 6,043 diverse
102-130-nucleotide RNA constructs that were themselves solicited through
crowdsourcing onthe RNA design platform Eterna. The entire experiment
was completed inless than 6 months, and 41% of nucleotide-level predictions
from the winning model were within experimental error of the ground

truth measurement. Furthermore, these models generalized to blindly
predicting orthogonal degradation data on much longer mRNA molecules
(504-1,588 nucleotides) withimproved accuracy compared with previously
published models. These results indicate that such models can represent
in-line hydrolysis with excellent accuracy, supporting their use for designing
stabilized messenger RNAs. The integration of two crowdsourcing platforms,
one for dataset creation and another for machine learning, may be fruitful for
other urgent problems that demand scientific discovery on rapid timescales.

Therapeutics based on messenger RNA (mRNA) have shownimmense  therapeutics™®®, with RNA hydrolysis specifically setting a limiting

9,10

promise as amodular therapeutic platform, allowing potentially any
protein to be delivered and translated'?, as evidenced by the rapid
deployment of mRNA-based vaccines against severe acute respira-
tory syndrome coronavirus 2 (SARS-CoV-2)*~°. However, the chemical
instability of RNA sets afundamental limit on the stability of RNA-based

factor on stability in lipid nanoparticle (LNP)-based formulations™.
Hydrolysisin LNP formulations degrades the amount of mRNA remain-
ing during shipping and storage, and hydrolysis in vivo after vaccine
injection limits the amount of resulting protein produced over time”’.
Better methods to develop thermostable RNA therapeutics would allow
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forincreasing the equitability of their distribution, reducing their cost
and possibly increasing their potency'*".

Anunderexplored path to more shelf-stable mRNA therapeutics
lies in the prospect of synonymous sequence design. A simple calcu-
lation reveals that there exist 10°** mRNA sequences that all code for
the SARS-CoV-2 spike protein antigen. With an astronomical number
of mRNA sequences available for agiventherapeutictarget, it is likely
that some of these sequences may harbour structural features that
make them more resistant to hydrolysis than first-generation mRNA
vaccine formulations. Indeed, initial results have demonstrated that
more stable mRNAs for model protein systems can be designed by
optimizing candidate RNA sequences, scored with a model for RNA
hydrolysis''*. These initial studies indicate that stabilized mRNAs can
produce equivalent, and for some designs, more protein compared
with non-optimized mRNAs". These design strategies are predicted
to be able to produce mRNAs that do not activate double-stranded
RNA immune sensors'? such as RIG-I'*. These strategies have also
demonstrated compatibility with mRNAs synthesized from modified
nucleotides including pseudouridine', which are used in mRNA vac-
cine formulations®.

However, the potential of any such mRNA design algorithm is
limited by the accuracy of the underlying model in predicting RNA
degradation. Previous models for RNA degradation have assumed
that the probability of any RNA nucleotide linkage being cleaved is
proportional to the probability of the 5’ nucleotide being unpaired™.
Computational studies with this model suggested that at least a two-
fold increase in stability could be achieved through sequence design,
while maintaining awide diversity of sequences and features related to
translatability, immunogenicity and global structure'. However, it is
unlikely that degradation depends only on the probability of anucleo-
tide being unpaired: local sequence- and structure-specific contexts
may vary widely, as evidenced by ribozyme RNAs found in nature,
whose sequences adopt specific structures that undergo self-scission™.

We wished to understand the maximum predictive power achiev-
able for RNA degradation on ashort timescale for model development.
To do this, we combined two crowdsourcing platforms: Eterna, an
RNA design platform, and Kaggle, a platform for machine learning
competitions. The problem of ‘RNA design’ involves designing RNA
sequences with specific target properties such as a particular overall
structure'®, atarget function such as sensor activity"”, or, in this case,
high chemical stability'®. We used degradation data from short RNA
fragments designed on the Eterna platform, which comprised awide
diversity of sequences and structures, and hypothesized that crowd-
sourcing the problem of obtaining a machine learning architecture
would resultinamodel capable of expressing the resulting complexity
of sequence-and structure-dependent degradation patterns (Fig. 1a).
We hypothesized that this ‘dual crowdsourcing’ would lead to stringent
and independent tests of the models developed, minimizing sharing
of assumptions between the individuals designing the constructs to
test (Eterna participants) and the individuals building the models
(Kaggle participants) and leading to better generalizability on inde-
pendent datasets.

Theresulting models were subjected to two blind prediction chal-
lenges. The first wasin the context of the Kaggle competition, where the
RNA structure probing and degradation data that participants would
be aimingto predict was not acquired until after the competition was
announced. The experimental method used for these data, In-line-seq,
allowed for measuring the degradation rate of individual nucleotide
linkages. However, this method relies on probing short RNA fragments
and is unable to scale to make single-nucleotide degradation meas-
urements of full-length mRNAs for protein targets of interest. Other
experimental methods such as PERSIST-seq" have been developed to
characterize the overall degradation rates per mMRNA molecule, which
isthe primary value of interest to minimize when designing stabilized
RNA-based therapeutics. In principle, the overall degradation rate of

anmRNA molecule of length Nis equivalent to the sum of degradation
rates at each dinucleotide linkage in the backbone™:

RNA _ V1
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where k’;ie is the degradation of nucleotide linkage i. The half-life of
the mRNAis calculated as
In2
typ = TRNA ()
deg

We tested the above model empirically by comparing the summed
degradation rates per nucleotide to the abundance of the entire
construct remaining from sequencing and found high agreement
(Extended Data Fig. 1). Using the above ansatz, the resulting models
were tested in a second blind challenge of predicting the overall deg-
radation of full-length mRNAs encoding a variety of model proteins,
experimentally tested using PERSIST-seq. The models also demon-
strated increased predictive power over existing methods in predicting
these overall degradation rates. These models therefore appearimme-
diately useful for guiding design of low-degradation mRNA molecules.
Analysis of model performance suggests that the task of predicting RNA
degradation patterns is limited by both the amount of data available
aswellastheaccuracy of the structure prediction tools used to create
input features. Further developmentsin experimental dataand second-
ary structure prediction, when combined with network architectures
such as those developed here, will further advance RNA degradation
prediction and therapeutic design.

Results

Dual-crowdsourced competition design and assessment
Theaimofthe OpenVaccine Kaggle competition (Fig.1b) wasto develop
computational models for predicting RNA degradation patterns. We
asked participants on the Eterna platform to submit RNA designs using
aweb-browser design window (Fig. 1c), whichresulted ina diversity of
sequences and structures (Fig. 1d). In total, 150 participants (Supple-
mentary Table 1) submitted sequences. A secondary motivation was
anopportunity for participants to receive feedback on RNA fragments
they may wish to usein mRNA design challenges described by Leppek
etal.” In total, 3,029 RNA designs of length 107 nt were collected in
the first ‘Roll Your Own Structure’ round I (RYOS-I), which opened on
26 March 2020 and closed on 19 June 2020 (Fig. 1e).

We then obtained nucleotide-level degradation profiles for the
first 68 nucleotides of these RNAs using In-line-seq", a method for
characterizing in-line RNA degradation in high throughput for the
purposes of designing stabilized RNA therapeutics. In brief, alibrary
of short RNA fragments was produced from a DNA library via in vitro
transcription, each of which contained a unique barcode at the 3’
terminus. The RNA library was subjected to one of several accelerated
degradation conditions, which included combinations of increases
in Mg?* concentration, basicity and temperature. The resulting frag-
mented RNA was reverse transcribed and the complementary DNA
was sequenced. The base-pairing structures of the constructs were also
characterized viaselective 2’ hydroxyl acylation with primer extension
(SHAPE; termed ‘Reactivity’ below)**?, a technique to characterize
RNAsecondary structure. SHAPE experiments were performed analo-
gously to the In-line-seq experiments described above, but instead of
degradation conditions, the RNA was subjected to achemical modifier
(1-methyl-7-nitroisatoic anhydride, IM7) which acylates the 2’-OH
group. Whenthe RNAisreverse transcribed, such an acylation causes
the reverse transcriptase enzyme to terminate. The resulting cDNA
fragments were used to create a ‘reactivity profile’ for each molecule.

The Kaggle competition was designed to create models that
would have predictive power for three of these data types, given RNA
sequence and secondary structure as input (Fig. 1f). In addition to
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Fig.1|Dual-crowdsourcing setup for creating predictive models of RNA
degradation. a, nRNA molecules fold into secondary structures containing
unpaired regions prone to hydrolysis and limiting to therapeutic stability. b,
Screenshot of the OpenVaccine Kaggle competition public leaderboard. c,
Screenshot of an example construct designed by an Eterna participantin the

‘Roll Your Own Structure’ challenge (‘rainbow tetraloops 7’ by Omei). d, tSNE*®
projection of training sequences of ‘Roll Your Own Structure’ Round I, marker
style and colours indicating 150 Eterna participants. Lines indicate example short

68 nt RNA fragments. e, Timelines of dual-crowdsourced challenges. Eterna
participants designed datasets that were used for training and blind test data for
Kaggle machine learning competition to predict RNA chemical mapping signal
and degradation. f, Kaggle participants were given RNA sequence and structure
information and asked to predict RNA degradation profiles and SHAPE reactivity.
In-structure encoding features, S = stem, H = hairpin, E = end, etc. from bpRNA*.
Data are presented as mean + standard deviation estimated from Poisson
counting error in sequencing reads (n = 1biologically independent sample).

scoring two types of degradation data, we also scored predictions
for SHAPE data, hypothesizing that models would be more accurate
if able to learn shared underlying features between degradation data
and SHAPE data as a form of multi-task training. Nucleotides that are
more reactive to the SHAPE reagent would be predicted to also have
dinucleotide linkages with higher degradation rates.

Intotal, eachindependent construct of length Nrequired predict-
ing 3 x Nvalues for thethree datatypes.Inadditiontothese experimen-
tal data, Kaggle participants were also provided with features related
to RNA secondary structure computed from available biophysical
modelstouseiftheywished. These featuresincluded N x N base-pairing
probability matrices from EternaFold*, a recently developed pack-
age with state-of-the-art performance on RNA structural ensembles;
dot-parenthesis notated minimum free energy (MFE) RNA secondary
structure from the ViennaRNA package®; and asix-character featuriza-
tion of the MFE structure calculated using bpRNA?.

We developed training and ‘public test’ datasets from the RYOS-I
dataset (Fig. 2). The public test dataset was used to rank submissions
during the competition. The 3,029 constructs were filtered for those
with mean signal-to-noise values greater than 1, resulting in 2,218
constructs (Fig. 2, dark blue track, Methods). These constructs were
segmented into splits of 1,179 in the public training dataset, 400 con-
structs in the public test set and 639 for the ‘private test’ dataset, the
set which would be used in the final evaluation. The sequences that
did not pass the signal-to-noise filter were also provided to Kaggle
participants with the according description. The RYOS-I data con-
tained some ‘clusters’ of sequences where Eterna players included
many small variations on asingle sequence (clusters visible in Fig. 1d).
To mitigate the possibility of sequence motifsin these clusters biasing
evaluation, we segmented the RYOS-1datainto apublic training, public
test and private test sets by clustering the sequences and including
only sequences that were singly, doubly or triply clustered in the
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Fig. 2| Signal-to-noise filtering and hierarchical clustering was used to filter the constructs designed by Eterna participants to create a test set of constructs
that were maximally distant from other test constructs. Heatmaps of data type ‘Deg_Mg_pH10’ (10 mM Mg?, pH 10, 1day, 24°C).

private test set (Methods). This strategy was described to Kaggle
participants during the competition.

To ensure that the majority of the data used for the private test
set were fully blind, we initiated a second ‘Roll Your Own Structure’
challenge that was launched for Eterna design collection on 18 August
2020. Given that useful models for degradation should be agnostic to
RNA length, we designed the constructsin RYOS-IIto be 34 nucleotides
longer (102 versus 68 nt) than the constructs in RYOS-I to discour-
age modelling methods that would overfit to constructs of length
68. Design collection was closed on 7 September, 3 days before the
launch of the Kaggle challenge on 10 September. The RYOS-II wet-lab
experiments were conducted concurrently with the Kaggle challenge,
enabling a completely blind test for the models developed on Kaggle.
TheKaggle competition was closed on 6 October. The RYOS-II was simi-
larly clustered and filtered to ensure that the test set used for scoring
consisted primarily of singly and doubly clustered constructs. Three
datatypeswere used toscore models: SHAPE; 10 mM Mg?, pH 10, 1 day,
24 °C;and 10 mM Mg?', pH 7.2, 1day, 50 °C. Models were scored using
the mean column RMSE (MCRMSE) across three data types, defined as

MCRMSE = L 3™
TN, &j=

t

@)

1 n o \2
Ezizl (ylj_ylj) >

where N,is the number of scored data types, nis the number of nucle-
otides in the dataset, y;is the measured data value, and yj is the pre-
dicted data value for nucleotide i in sequence,. Two additional data
types were included in the training data corresponding to RNAs
degraded for 7 days without Mg?* rather than 1 day with Mg?": (pH 10,
7 days, 24 °C;and pH 7.2, 7 days, 50 °C). However, these data were not
collected for the second round to accelerate competition turnaround.

Kaggle team performance and common attributes of top models
Duringthe 3 week competition period, 1,636 teams submitted 35,806
solutions. The overall performance of teams compared to baseline
models for RNA degradation is depicted in Fig. 3a. Kaggle entries sig-
nificantly outperformed the ‘DegScore’ linear regression model for
RNA degradation® by 37% in MCRMSE for the public test set and 25%
forthe private test set (Fig. 3a). We found that for predictions from the
top 100 teams (Extended Data Fig. 2) as well as amongst predictions
between individual constructs (Extended Data Fig. 3), performance
between data types was highly correlated in the public dataset and
less strongly correlated in the private dataset. Overall, the weakest
correlation was between SHAPE and degradation data types.

An additional benchmark model that used the DegScore win-
dowed featurization (see Methods) with improved XGBoost* training,
termed the DegScore-XGB model, resulted in moderate improvement
(public MCRMSE 0.35854, private MCRMSE 0.43850 compared to

public MCRMSE 0.39219, private MCRMSE 0.47197 for the original
DegScore). Kaggle participants developed feature encodings beyond
whatwas provided. One of the most widely used community-developed
featurizations was a graph-based distance embedding depicted in
Fig. 3b. Several teams, including the top three teams, used a publicly
shared autoencoder/GNN/GRU kernel (https://www.kaggle.com/code/
mrkmakr/covid-ae-pretrain-gnn-attn-cnn/), which alone achieved a
MCRMSE 0f 0.24860 on the public and 0.36106 on the private test set
(Fig. 3a). This notebook was the most forked (forked 936 times as of
March 2022) and upvoted (upvoted 386 times). The architecture of
the winning ‘Nullrecurrent’ model (Fig. 3¢) depicts the architecture
of this shared kernel, which feeds 1D and 2D features, including adja-
cency matrices based on the secondary structure of the RNA inputs,
into a multi-head attention network, the output of which is then fed
into convolutional neural net layers. Many teams additionally cited
pseudo-labelling and generating additional mock data as being integral
totheir solutions. The architecture of the second-placed team (Fig. 3d)
demonstrates an example implementation of using pseudo-labelling.
The practice of pseudo-labelling, whichis similar to the student-teacher
learning paradigm,” involves using predictions from one model as
‘mock ground truth’labels for another model. To generate additional
mock data, participants generated random RNAs and structure featuri-
zations from five different secondary structure prediction algorithms
using the package Arnie (https://github.com/DasLab/arnie) and used
these RNAsintraining as well (see Supplementary Information for more
detailed descriptions of solutions from Kaggle teams).

We explored whether increased accuracy in modelling could be
achieved by ensembling models, that is, combining predictions from
multiple models; acommon feature of Kaggle competitionsis that win-
ningsolutions are dissimilar enough that ensembled models frequently
improve predictive ability. We found that ensembling resulted in only
modest improvements (Methods), suggesting the majority of signal
had been captured by the top two models.

Top models are capable of deep representation of RNA motif's
We analysed predictions from the first-placed model (‘Nullrecurrent’) in
greater depthto better understand its performance. Across all nucleo-
tides in the private test set, 41% of nucleotide-level predictions for
SHAPE reactivity agreed with experimental measurements withanerror
margin that was lower than experimental uncertainty; for comparison,
if experimental errors are distributed as normal distributions, a perfect
predictor would agree with experimental values over 68% of data points.
For Deg_Mg_pH10 and Deg_Mg_50C, 28% and 42% of predictions were
within error, respectively.

The nucleotides with the highest RMSE in the Deg_Mg_pH10
data type were any nucleotide type in bulges, and U’s in any unpaired
context. Figure 4a depicts representative constructs with the lowest
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Fig.3|Deep learning strategies used in competition. a, Public test versus
private test performance of all teams in the Kaggle challenge. Black star:
experimental error. Red star: DegScore baseline model®. Orange star: DegScore-
XGB model using DegScore featurization with XGBoost. Purple star: baseline
kernel used by many top-performing teams. b, Distance embedding used to
represent nucleotide proximity to other nucleotides in secondary structure.

¢, Schematic of the single neural net (NN) architecture used by the first-

placed solution. This solution combined two sets of features into asingle NN

noise

architecture, which combined elements of classic recurrent neural networks and
convolutional neural networks. d, Schematic of the full solution pipeline for the
second-placed solution. This solution combined single-model neural networks,
similar to the ones used for the first-placed solution, with more complex
second- and third-level stacking using XGBoost* as the higher level learner.
Abbreviations in schematics: CNN: convolutional neural network, GRU: gated
recurrent unit, GNN: graph neural network, LSTM: long short-term memory
neural network, SN: signal-noise, XGB: XGBoost.

RMSE for the Deg_Mg_pH10 data type out of the private test data,
demonstrating that diverse structures and structure motifs were
capable of being predicted correctly. Aggregating predictions from
the Nullrecurrent model over secondary structure motifs (Fig. 4b)
demonstrates that the Nullrecurrent model captured patterns previ-
ously observed in the experimental signal™. The most reactive RNA
structure motifs were triloops, a previously unknown biological find-
ing. Another unexpected finding from these data was that symmetric
internal loops were more stable against degradation than internal
loops withasymmetriclengths. The fact that the Nullrecurrent model
was able to capture this trend indicates that using such models within
a design algorithm would allow for an automated way to model such
biochemical attributes within a designed mRNA. Constructs with the
highest RMSE highlight instances in which the provided structure
features were incorrect. Figure 4c depicts two constructs with the
highest RMSE for the SHAPE modification prediction. The SHAPE
data for the first construct, 2204Sept042020’, has high reactivity in
predicted stemareas, indicating that the stems were unfolded in solu-
tion. By contrast, construct ‘Triple UUUU Tetraloops” has low reactivity
in the exterior loop, suggesting that those nucleotides were paired
rather than unpaired. These examples notwithstanding, we found no
correlationbetween the EternaScore, ametric indicating how closely
the experimental reactivity signal matches the predicted structure”,
and RMSE summed per construct, suggesting that, in general, quality
of the input structure features was not a limitation in model training
(Extended DataFig.4).

Kaggle modelsimprove prediction of mRNA degradation

As an independent test, we assessed the ability of the top two Kag-
gle models to predict the overall degradation rates for a dataset of
full-length mRNAs that were not publicly available at the time of
the Kaggle competition. Because the throughput of the In-line-seq
experimental method is limited to RNA lengths easily accessible by
Illumina sequencers (500 nt), these mRNAs could not be probed at
aper-nucleotide level akin to the datasets used in the Kaggle experi-
ments. However, their overall degradation rates (related to the
per-nucleotide degradation rate via equation (1)), were characterized
using PERSIST-seq". In brief, the PERSIST-seq technique measured
the overall degradation rate of a mRNA by monitoring the mRNA’s
abundance usingreverse transcription followed by polymerase chain
reaction amplification (RT-PCR) at varying timepoints after degrada-
tionwasinitiated. Thelengths of these mRNAs ranged from 504 t01,588
with a median length of 928 (Fig. 5a), nearly tenfold longer than the
longest RNA fragments used in the OpenVaccine Kaggle challenge (full
mRNA dataset, attributes and calculations in Supplementary Table 2).
The experimentally determined structures of two example mRNAs
designed by Eterna participants® are depicted in Fig. 5b. Both code
for Nanoluciferase but have a 2.5-fold difference in hydrolysis lifetime.
‘Yellowstone’ was designed by an Eterna participant using codons
that mimic nucleotide frequencies from organisms in Yellowstone
hot springs?; ‘LinearDesign-1’ was designed by an Eterna participant
using aninitial sequence fromthe LinearDesign mRNA structure opti-
mization server’,
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Fig. 4 | Deep-learning models can represent RNA-structure-based
observables. a, Representative structures from the best-predicted constructs
from SHAPE modification (top row) and degradation at 10 mM Mg, pH 10,1 day,
24 °C (Deg_Mg_pH10, bottom row). b, Nullrecurrent model predictions and

experimental signal, averaged over secondary structure motifs. ¢, One failure
mode for prediction came from constructs whose input secondary structure
features were possibly incorrectly predicted.

To comparethe Kaggle predictors tothe single overall degradation
rate from PERSIST-seq, we made predictions for all nucleotides in the
fullmRNA constructs and summed the predictions from the region that
was captured by RT-PCRin PERSIST-seq which, in most cases, included
the mRNA’s 5" untranslated region (UTR) and coding sequence (CDS)
(Fig. 5c). Carrying out predictions on the full RNA sequence and then
summing over the probed window accounts for interactions between
the untranslated regions and CDS, as can be seen for two example
constructsinFig.5b-nucleotidesinthe 5 and 3’ UTRs are predicted to
pair with the CDS. We made predictions for 188 mRNAs in four classes of
protein targets: ashort multi-epitope vaccine (MEV), the model protein
nanoluciferase, with one class consisting of varied UTRs and asecond
consisting of varied CDSs, and enhanced green fluorescent protein
(eGFP). We found that the Kaggle second-placed ‘Kazuki2’ model exhib-
ited the highest correlationto experimentally determined degradation
rates, followed by the Kaggle first-placed ‘Nullrecurrent’model (Fig. 5c),
with Spearman correlation coefficients of 0.48 (p=3.3 x10™"?) and
0.43 (p=9.5x107°), respectively. Both Kaggle models outperformed
unpaired probability values from ViennaRNA RNAfold v. 2.4.14*
(R=0.25,p=5.4x10"*),the DegScorelinear regression model (R = 0.36,

p=2.9x107)and the DegScore-XGBoost model (R=0.42,p =18 x10°).
Anensemble of the Nullrecurrent and Kazuki2 models did not outper-
formthe Kazuki2 model (R =0.47,p =1.4 x10™"), again suggesting that
the models themselves had reached their predictive potential. To esti-
mate an upper limit for correlation considering experimental error, we
resampled the measured degradation rates from within experimental
error and calculated the correlation to the mean degradationrate. This
resultedina Spearman correlation of 0.88 (Table 1).

Discussion
The OpenVaccine competition uniquely leveraged resources from two
complementary crowdsourcing platforms: Kaggle and Eterna. The
participants in the Kaggle competition were tasked with predicting
stability measurements of individual RNA nucleotides. The urgency of
timely development of a stable COVID-19 mRNA vaccine necessitated
that the competition be run on a relatively short timeframe of three
weeks, as opposed to three months, which is more common with Kag-
gle competitions.

The models presented here are immediately useful for mRNA
design in that they could be called within a stochastic mRNA design
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