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ABSTRACT

Many RNAs function through RNA-RNA interactions.
Fast and reliable RNA structure prediction with con-
sideration of RNA-RNA interaction is useful, how-
ever, existing tools are either too simplistic or too
slow. To address this issue, we present LinearCo-
Fold, which approximates the complete minimum
free energy structure of two strands in linear time,
and LinearCoPartition, which approximates the co-
folding partition function and base pairing probabil-
ities in linear time. LinearCoFold and LinearCoPar-
tition are orders of magnitude faster than RNAco-
fold. For example, on a sequence pair with combined
length of 26,190 nt, LinearCoFold is 86.8x faster
than RNAcofold MFE mode, and LinearCoPartition
is 642.3x faster than RNAcofold partition function
mode. Surprisingly, LinearCoFold and LinearCoPar-
tition’s predictions have higher PPV and sensitivity
of intermolecular base pairs. Furthermore, we ap-
ply LinearCoFold to predict the RNA-RNA interaction
between SARS-CoV-2 genomic RNA (gRNA) and hu-
man U4 small nuclear RNA (snRNA), which has been
experimentally studied, and observe that LinearCo-
Fold’s prediction correlates better with the wet lab
results than RNAcofold’s.
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RNA strands can interact via intermolecular base pairing
and form RNA-RNA complexes. In nature, many RNAs
function through these RNA-RNA interactions (Table 1).
For instance, it is well-known that microRNA (miRNA)
binds with messenger RNA (mRNA) to mediate mRNA
destabilization (1) and cleavage (2). Some longer ncRNAs,
such as small RNA (sRNA), small nuclear RNA (snRNA)
and small nucleolar RNA (snoRNA), involve in RNA-
RNA interactions for splicing regulation (3,4) and chem-
ical modifications (5). A small clade of tmRNAs have a
two-piece form (i.e., split tmRNA) and form complexes
via intermolecular base pairs (see Figure 1). On the other
hand, human designed RNAs that bind specifically to
the target RNAs are used for diagnostics and treatments.
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Figure 1. Two RNA strands can form RNA-RNA complexes through intermolecular base pairs. (A) The secondary structure of the split tmRNA from
D. aromatica; two strands are in green and orange, respectively. The intramolecular base pairs are in red, and intermolecular ones are in blue. (B) The

corresponding circular plot of structure in (A).

Table 1. Interacting RNA molecules are widely distributed in nature, and

are involved in multiple biological processes

RNA-RNA interaction Function

siRNA-mRNA mRNA degradation

miRNA mRNA mRNA cleavage, destabilization and
down-regulation

sRNA-mRNA mRNA silencing

gRNA-mRNA mRNA editing

snRNA-mRNA RNA splicing and regulation

snoRNA-rRNA rRNA modification

split tmRNA rescue of stalled ribosomes;

degradation of defective mRNA

Therapeutic small interfering RNAs (siRNA) trigger RNA
interference (RNAIi) through siRNA-mRNA interaction
(6-8); antisense oligonucleotides (ASOs) bind to target
RNA to suppress unwanted gene expression or to regulate
splicing (9-11); and CRISPR /Cas-13 guide RNAs (gRNA)
induce specific RNA editing by initially binding to the tar-
get region (12-14). Fast and reliable secondary structure
prediction of interacting RNA molecules is desired to fur-
ther understand these biological processes and better design
diagnostic and therapeutic RNA drugs.

Some existing systems are used to predict RNA-RNA in-
teraction and structures. We categorize these systems into
three categories, and summarize them in Figure 2 and Ta-
ble 2. The first category, named ‘intermolecular-only pair-
ing’, scans along the target RNA and predicts both the
binding site and structure of the intermolecular hybridiza-
tion. RNAhybrid (15), BINDIGO (16), RNAplex (17) and
DuplexFold (18) are four examples of this category. These
systems are fast, but they are less informative and less accu-
rate due to only predicting the intermolecular base pairs but
omitting the intramolecular ones (19,20). To address this,
cascaded systems are proposed, and we group them to the
category of ‘separate folding then binding’. As an exam-
ple of these systems, RNAup (21) firstly calculates the ac-
cessibility of windows of interest, then computes the bind-

ing energy reward of each window for a given oligo, and
finally combines the target region’s accessibility and bind-
ing reward together to obtain binding affinity. Similarly,
OligoWalk (22) considers self-structures in the equilibrium
and then predicts the free energy changes of the hybridiza-
tion of two sequences. AccessFold (23) also uses such a two-
step strategy but adopts a pseudo-energy for the cost of
making the target region accessible. The drawback of the
systems in this category is the slowness: the first step of
these cascaded systems employ an O(»’) algorithm to com-
pute the structure of the target sequence ( is the sequence
length), resulting in a substantial slow down compared to
RNAhybrid and RNAplex.

The first two categories discussed above compute the
binding affinity and predict the binding region, but they are
not able to simultaneously fold the competing intra- and in-
termolecular base pairs, nor to predict the complete binding
conformation of two interacting sequences, which, however,
are desired in many cases. Figure | illustrates the secondary
structure in the region of interaction of the split tmRNA
from D. aromatica (23), showing that both intra- and in-
termolecular base pairs exist in the binding region. To pre-
dict the joint structure, the third category of tools, includ-
ing bifold (22), Vienna RNAcofold (24), PairFold (25) and
NUPACK (26,27), were developed. The basic framework of
these tools is to concatenate two input sequences as a single
sequence, and predict the whole secondary structure of the
concatenated sequence based on the classical dynamic pro-
gramming algorithms. Though there are some differences in
the implementations, all of these systems have (at least) O((n
+ m)®) time complexity and O((n + m)?) space complex-
ity (NUPACK predicts pseudoknotted structure in O((n +
m)’) time and O((n + m)*) space), where n and m are the
lengths of the two strands. Due to the cubic or worse time
complexity, such traditional systems are slow or even im-
possible to run on long sequences (20,28-34), for example,
16S (~1500 nt) and 23S (~3000 nf) ribosomal RNA, viral
RNA genomes such as HIV (~10 000 n¢), RSV (~15 000 nr),
Ebola (~18 000 nt) and SARS-CoV-2 (~30 000 nt), and
even longer transcript sequences (35). In addition, the stan-
dard cubic-time algorithms have a quadratic space com-
plexity (memory usage), which prevents many tools from
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Figure 2. Three categories of the systems for predicting the RNA-RNA interaction and structures.

Table 2. An overview of some RNA-RNA interaction prediction tools (all predict intermolecular base pairs)

Fold short Fold long Pseudoknotted MFE or Computational
Category System sequence? sequence? pairs? partition complexity
RNAhybrid (15) MFE O(nm)
Intermolecular-only BINDIGO (16) MFE O(nm)
Pairing RNAplex (17) MFE O(nm)
DuplexFold (18) MFE O(nm)
Separate folding RNAup (21) v v partition O w + nw)
Then binding OligoWalk (22) v v v both o + n? + nm)
(cascaded) AccessFold (23) v v v both o + m? + nm)
Joint folding bifold (22) v v MFE O((n + m)?)
RNAcofold (36) v v both O((n + m)*)
PairFold (25) v v both O((n + m)®)
NUPACK (26,27) v v v both O((n + m)®)
LinearCoFold v v MFE O((n + m)blogb)
LinearCoPartition v v partition O((n + m)b?)

In the computational complexity column, we denote # and m as the lengths of the two input sequences, w as the binding window size, and b as the beam size
in our LinearCoFold and LinearCoPartition. Note that w and b are constants; by default, w is 25 in RNAup, and 4 is 100 in our algorithms. PairFold and
NUPACK are the tools that can do multiple sequence folding, i.e., allowing more than two input sequences. Our LinearCoFold and LinearCoPartition
achieve linear runtime for approximate MFE and partition function with the consideration of both inter- and intramolecular base pairs.

scaling to long sequences (esp. on commodity machines).
These limitations also prevent them from being applied for
genome-wide scanning (19).

To accelerate and scale up the prediction of the joint
structure, we propose LinearCoFold and LinearCoParti-
tion, which follow the ‘concatenation’ strategy to simplify
two-strand cofolding into classical single-strand folding,
and predict both intramolecular and intermolecular inter-
actions. Different from previous cubic runtime algorithms,
LinearCoFold and LinearCoPartition adopt a left-to-right
dynamic programming and further apply beam pruning
heuristics to reduce their runtime to linear-time. Specif-
ically, LinearCoFold predicts the approximate minimum
free energy structure of two strands, while LinearCoParti-
tion computes the approximate partition function and base
pairing probabilities, and can output assembled structures
with downstream algorithms such as maximum expected
accuracy (MEA) (37) and ThreshKnot (38). Unlike other
local cofolding algorithms, LinearCoFold and LinearCo-
Partition are global linear-time algorithms, i.e. they do not
impose any limitations on base pairing distance.

We compare the efficiency and scalability of our algo-
rithms to Vienna RNAcofold, and confirm that the runtime
and memory usage of LinearCoFold and LinearCoParti-
tion scale linearly against the combined sequence length,
while RNAcofold scales cubically in runtime and quadrat-
ically in memory usage. LinearCoFold and LinearCoPar-

tition are orders of magnitude faster than RNAcofold.
On the longest data point in the benchmark dataset that
RNAcofold can run (26 190 nt), LinearCoFold is 86.8x
faster than RNAcofold MFE mode, and LinearCoParti-
tion is 642.3x faster than RNAcofold partition function
mode. Notably, RNAcofold cannot run on any combined
sequences longer than 32 767 nt, but our LinearCoFold and
LinearCoPartition have no limitation of sequence length in-
ternally, and can scale up to sequences of length 100 000 nt
in 2.2 and 6.9 minutes, respectively. With respect to ac-
curacy, LinearCoFold and LinearCoPartition’s predictions
are more accurate in sensitivity (the fraction of known pairs
correctly predicted) and Positive Predictive Value (PPV;
the fraction of predicted pairs that are in the accepted
structure). Compared with RNAcofold (MFE mode), the
overall PPV and sensitivity of LinearCoFold increase by
+4.0% and +11.6%, respectively; compared with RNAco-
fold + MEA, LinearCoPartition + MEA gains improve-
ment of +2.9% on PPV and +5.7% on sensitivity; com-
pared with RNAcofold + TheshKnot, LinearCoPartition
+ TheshKnot increases by +1.5% and +5.2% on PPV and
sensitivity, respectively. Furthermore, we demonstrate that
our predicted interaction correlates better to the wet lab re-
sults of the RNA-RNA interaction between SARS-CoV-
2 gRNA and human U4 snRNA, showing that our algo-
rithms can be used as a fast and reliable tool in genome-wide
studies.
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MATERIALS AND METHODS

Extend single-strand folding to double-strand folding by con-
catenation

Both LinearCoFold and LinearCoPartition take two RNA
sequences as input, and reduce the two-strand cofolding
to the single-strand folding via concatenating two input
RNAs. Formally, we denote the two RNA sequences as
x4 = x¢x4..x¢ and x = x/x...x5, where n and m are the
lengths of x¢ and x”, respectively. Thus, the new concate-
nated sequence of length n + m can be denoted as x =
X1X2... X 00 Xya1Xna2...X00m, Where the nick point ¢ is be-
tween nucleotides x, and x,, + 1.

After this transformation, the classical dynamic pro-
gramming algorithm for single-strand folding (39,40) can
be applied to the concatenated sequence. One thermody-
namic change that needs to be considered for this exten-
sion is that a structure with intermolecular base pairs in-
curs a stability penalty for intermolecular initiation (41).
Formally, in the Nussinov-Jacobson system, we denote the
free energy change of the ‘normal’ base pair (i, j) as &(x, i,
J), which includes both intramolecular base pairs and non-
intermost intermolecular base pairs; we denote the free en-
ergy change of the innermost intermolecular base pair (i, /)

as&(x, 1, j)+ G Duplextnit> where G Duplextnit is the free energy
change of duplex initiation. Besides, the free energy change
of the unpaired base k is denoted as d(x, k). Thus, the free
energy change AG°(x,y) of the concatenated sequence x

and its structure y can be decomposed as:

AG°(X,y) = Z Z d(X,y, 1, J)

keunpaired(y) (i,j)epairs(y)

s(x, k) +

(1)
where
AGBuplexInn, if (i, j) is the
innermost intermole-
oy, 0, ) =EX, 0, j)+ cular base pairiny  (2)
0, otherwise

Note that if no base pair covers the nick point, i.e. the two
strands do not interact with each other, two-strand cofold-
ing is simply single-strand folding of two strands separately.

Next, we consider the Zuker system based on the
Turner energy model (42-44). More sophisticated than the
Nussinov-Jacobson model, the Zuker/Turner scoring sys-
tem is based on four types of loops: exterior loops, hair-
pin loops, interior loops (including bulge loops) and mul-
tiloops. In Figure 3, we illustrate the relative positions of
the nick point in these four types of loops. For the exter-
nal loop, the nick point can be either covered by a base pair
or not (Figure 3A-B). If an intermolecular base pair (i, j)
covers the nick point, the span [i, j] can be further catego-
rized into three types: nicked hairpin, nicked interior loop
and nicked multiloop, based on the type of loops it enclosed
(Figure 3C). Specifically, the nicked hairpin loop only re-
quires i < n < j, while the nicked interior loop has an inner
loop from position p to ¢, and requires either i < n < p or
q < n < j; see the first row of Figure 3C for an illustration.

PAGE 4 OF 11

The nicked multiloop is more complicated (the second row
of Figure 3C):

e the nick point is at the leftmost unpaired region, i.e., it is
between i and p where p is the 5’ end of the first multi-
branch;

e the nick point is at the rightmost unpaired region, i.e. it
is between ¢ and j where ¢ is the 3’ end of the last multi-
branch;

e the nick point is in the middle, i.e. it is between k and /
which are the 3’ end and the 5’ end of two consecutive
multibranches, respectively.

Such nicked loops are considered to be exterior loops
when calculating their free energy change. Note that the
nick point only affects the innermost loop that directly cov-
ers it; the loops are still normal interior loops and multi-
loops in the case that the nick point is covered by another
base pair (p, g) where i < p < ¢ < j, shown in the third row
of Figure 3C.

The software of LinearCoFold and LinearCoPartition
use the Turner energy model, implemented identically to
RNAcofold. Compared to the single folding energy param-

- o — .
eters, an extra parameter, GDuplexlnit = 4.1 kcal/mol, is used

for the free energy cost of forming dimers.

LinearCoFold algorithm

LinearCoFold aims to predict the minimum free energy
(MFE) structure of double-strand RNAs in linear runtime
without imposing a limit on base pair length. Formally, Lin-
earCoFold finds the MFE structure ¥ among all possible
structures )/(x) under the given energy model w:

y= argminyey(x)AG;(x, y). 3)

Inspired by LinearFold (28), LinearCoFold adopts a left-
to-right dynamic programming (DP), in which we scan and
fold the combined sequence from left to right. Supplemen-
tary Figure S1 presents the pseudocode of LinearCoFold
based on the revised Nussinov-Jacobson energy model. This
new DP algorithm is equivalent to the classical algorithm
in the sense that they both find the MFE structure in cu-
bic time, however, such left-to-right fashion allows apply-
ing beam pruning, which retains the top b states with lower
folding free energy change at each step j. As a result, the
time complexity of LinearCoFold is O((n + m)blogb), where
b is the beam size and the default value is 100. It is clear
in the pseudocode that LinearCoFold does not impose any
constraints on base-pairing distance, which is different from
the local folding approximation. To extend to two-strands

cofolding, LinearCoFold applies the AGDypiextnit free en-

ergy cost for innermost intermolecular pairs as shown in
Equation (2).

Compared to the Nussinov—Jacobson energy model, the
Zuker system based on the Turner energy mode defines
more states to represent different types of loops. Formally,
for single-strand folding, state E(i, j), P(i, j), M'(i, j) and
M?(i, j) retain the MFE structure for the span [i, j], where
P(i, j) requires i paired with j, M' (i, j) has at least one branch
with i as the 5” end of the leftmost branch, and M?(i, j) con-
tains at least two branches with i and j as the 5 end and
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Figure 3. The relative positions of the nick point when concatenating two strands for zuker-style cofolding. (A) The nick point is not covered by a base pair,
i.e., there is no intermolecular base pairs. (B) The nick point is covered by an intermolecular base pair; note that only in this case two stands form a RNA—
RNA complex. (C) The breakdown cases of the interacting span [4, j] in (B). When the nick point is directly covered by the outside intermolecular base
pair (i, j) (the first and second rows in C), they form no more hairpins, interior loops or multiloops, but exterior loops, so we call them the corresponding
‘nicked’ loops. But when the nick point is covered by a nested base pair (p, ¢), they are still normal interior loops and multiloops (the third row in C).

the 3’ end of the leftmost and rightmost branches, respec-
tively (Figure 4 except for dashed boxes). Extending to two-
strand cofolding, LinearCoFold takes into consideration of
the nicked hairpin, nicked interior loop and nicked multi-
loop for state P(i, j), and also adds two states M (i, j) and

M2 (i, j) to model the components of nicked multiloops;
shown in dashed boxes in Figure 4. Note that the base pairs
pointed by the blue arrows in Figure 4 are treated as ex-
ternal base pairs in the free energy calculation, since they
are external base pairs due to the existing of nick point.

. R S
The intermolecular initiation free energy, AGHplextnits

is added to the innermost base pair across the nick
point.

LinearCoPartition algorithm

Beyond the MFE structure, a partition function and base-
pairing probabilities of cofolding two RNA strands, and
their assembled structure from the ensemble (e.g., MEA
structure) are desired in many cases. A partition func-
tion Q(x) sums the equilibrium constants of all possible
secondary structures in the ensemble. Using the revised
Nussinov-Jacobson energy model, the partition function of
two interacting RNAs can be formalized as:

o= Y o

yeV(x)
8(x,k) P(X.y.0,J)
“Y (1 e I e
yeY(x) keunpaired(y) (i, j)epairs(y)

where R is the universal gas constant and 7 is the absolute
temperature, and ¢(X, y, i, j) is defined in Equation (2).

We further extend LinearCoFold to LinearCoPartition
based on the inside-outside algorithm following LinearPar-
tition (29), calculating the local partition function Q; ;in a
left-to-right order. Supplementary Figures S2 and S3 shows
simplified pseudocode based on the Nussinov-Jacobson
model. LinearCoPartition consists of two major steps: par-
tition function (‘inside phase’) and base-pairing probabil-
ity (‘outside phase’) calculations, where the outside phase is
symmetrical to the inside phase but in a ‘right-to-left’ order.
The base-pairing probability p; ; can be derived if position i
can be paired with j.

Distinguishability and order of concatenation

Dirks et al. discussed the distinguishability issue of multi-
strand folding, i.e. some of the permutations of strands are
indistinguishable due to physical symmetries (27), which
need to be ruled out. In the case of two-strand folding, how-
ever, there are only two indistinguishable permutations: 4B
or BA, where A and B are the two RNA strands. There-
fore, in standard two-strand folding systems such as RNA-
cofold, only one of the two permutations needs to be con-
sidered, i.e., the predictions are the same when switching
the two input sequences. But in LinearCoFold and Lin-
earCoPartition, the beam pruning heuristic may prune out
different states when switching the input sequences, result-
ing in different predictions. We notice that LinearCoFold
and LinearCoPartition have higher accuracy on benchmark
dataset when using an oligo-first order (i.e. shorter sequence
as the first input sequence and the longer one as the second).
Therefore, we place the shorter strand in front of the longer
one by default, and provide the options for users to run in
a customized order.
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Figure 4. Deductive system of LinearCoFold and LinearCoPartition based on the Zuker system. For single-strand folding (ignoring dashed boxes), four
states E(i, ), P(i, j), M1(i, j) and M?(i, j) are defined to retain the MFE structure for the span [i, j], where P(i, j) requires i paired with j, M (i, j) and M?(i,
j) are the components of multiloops. To extend to two-strands cofolding (adding dashed), first, LinearCoFold takes into consideration the nicked hairpin,
nicked interior loop and nicked multiloop for state P(i, ;). Besides, LinearCoFold adds two states ML, (i, /) and M2 (i, j) to model the components of
nicked multiloops. More importantly, the innermost base pairs enclosing the nick point to form P(i, j) (first dashed box), as well as the closing base pairs
of branches of P(i, j) when forming M'X(i, j)and sz (i, j) (second and third dashed boxes) are treated as external base pairs since the nick point makes
the loop exterior. The blue arrows indicate external base pairs due to the existing of nick point. Note that LinearCoFold only picks up the MFE structure,

while LinearCoPartition sums up all possible structures for each state.

It is worth mentioning that Dirks et al. also discussed the
distinguishability issue for identical input sequences, which
results in algorithmic overcounting in partition function
even when ruling out indistinguishable permutations. In our
case, we assume the input sequences are different.

RESULTS
Datasets

We compared the performance of LinearCoFold and Lin-
earCoPartition to RNAcofold on two datasets. The first
dataset, collected by Lai and Meyer (19), contains 109 pairs
of bacterial SRNA-mRNA sequences and 52 pairs of fungal
snoRNA-rRNA sequences with annotated ground truth of
intermolecular base pairs. The SRNA-mRNA interactions
are originally from CopraRNA (45), among which 18 con-
served enterobacterial SRNAs and 82 verified mRNA tar-
gets are curated by Lai and Meyer; the interactions are ex-
perimentally validated by the introduction of compensatory
mutations in SRNA and target. The snoRNA-rRNA inter-
actions are originally from the Methylation Guide snoRNA
Database (46) and the UMASS Ambherst Yeast snoRNA
Database (47), which include 43 snoRNAs and 2 rRNAs.
The combined sequence length in this dataset ranges from

546 nt to 3651 nt. We refer to this dataset as the Meyer
dataset, and use it for the efficiency and accuracy bench-
marks. The second dataset contains 16 miRNA-mRNA
pairs from the TargetScan database (48). We first sampled
16 mRNA sequences ranging from 2411 to 100 275 nt, and
sampled 16 miRNA sequences ranging from 15 nz to 28 nt,
and then randomly assemble them into 16 miRNA-mRNA
pairs with combined sequence length (i.e. n + m) ranging
from 2432 to 100 297 nt. We refer this dataset as the Tar-
getScan dataset in the paper, and use it for the efficiency
benchmark only. For benchmarks, we used a Linux machine
(CentOS 7.9.2009) with 2.40 GHz Intel Xeon E5-2630 v3
CPU and 16 GB memory, and gcc 4.8.5. We used the de-
fault setting of RNAcofold; the beam size b of LinearCo-
Fold and LinearCoPartition is set to 100 (default value) for
all experiments. Note that the default value of b is inherited
from LinearFold (28), which shows that the performance of
b =100 is robust across different families.

Efficiency and scalability

We first investigated the efficiency of LinearCoFold and
LinearCoPartition by plotting the runtime against the com-
bined sequence length, and compared them to Vienna
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Figure 5. Runtime and Memory usage comparisons between RNAcofold and our algorithms. (A, B) Runtime against sequence length on the Meyer dataset;
RNAcofold (MFE mode) and LinearCoFold are compared in (A), while RNAcofold-p (partition function mode) and LinearCoPartition are compared in
(B). (C) runtime against sequence length on the TargetScan dataset. (D) memory usage against sequence length on the TargetScan dataset. Note that (C)
and (D) are plotting in the log-log scale. (E) the performance comparisons on two selected examples from the two dataset. The example from the Meyer
dataset is one of the sequences that have the longest combined length, and the example from the TargetScan dataset is the longest one that RNAcofold
can run. The experiments were run on a Linux machine (CentOS 7.9.2009, 2.40 GHz Intel Xeon E5-2630 v3 CPU and 16 GB memory); the compiler is

gcc 4.8.5.

RNAcofold on the Meyer dataset, whose sequences are rel-
atively shorter than the TargetScan dataset. Figure SA and
B clearly shows that our LinearCoFold and LinearCoPar-
tition both achieve linear runtime with the combined se-
quence length; in contrast, RNAcofold runs in nearly cu-
bic time (MFE mode, Figure 5A) or exactly cubic time
(partition-function mode, Figure 5B) in practice. Our algo-
rithms are substantially faster than RNAcofold on long se-
quences (n + m > 1500 nt). For one of the longest combined
sequences with length of 3651 (255+3396) nt, LinearCoFold
is 3.7 x faster than RNAcofold MFE mode (4.7 s versus 17.2
s), and LinearCoPartition is 12.7x faster than RNAcofold
partition-function mode (14.9 s versus 189.1 s).

Figure 5C presents the efficiency and scalability com-
parisons on the TargetScan dataset in log-log scale. The
two blue lines illustrate that RNAcofold’s runtime scales
(close to) cubically on the long sequences, and the two red
lines confirm that the runtime of LinearCoFold and Lin-
earCoPartition are indeed linear. We also observed that Lin-
earCoFold and LinearCoPartition can scale to sequences
of length 100 000 nt¢ in 2.2 and 6.9 min, respectively, while
RNACcofold cannot process any sequences with combined
sequence length longer than 32 767 nt.

For the longest sequence pair (combined sequence length
26 190 nt) in the dataset that RNAcofold can run, Lin-
earCoFold is 86.8 x faster than RNAcofold MFE mode (0.6
min versus 52.1 min), and surprisingly, LinearCoPartition

is 642.3x faster than RNAcofold partition-function mode
(1.8 min versus 1156.2 min).

The memory usage on the TargetScan dataset is shown in
Figure 5D. From the plots in log—log scale, we can see that
the memory required by our LinearCoFold and LinearCo-
Partition increases linearly with the sequence length, while
it scales quadratically for RNAcofold. For the longest one
within the scope of RNAcofold, LinearCoFold takes 28.2%
of memory compared to RNAcofold MFE mode (1.1 GB
versus 3.9 GB), and LinearCoPartition takes only 11.9% of
memory compared to RNAcofold partition-function mode
(1.8 GB versus 15.1 GB).

Accuracy

We compared the accuracy of LinearCoFold and LinearCo-
Partition to RNAcofold on the Meyer dataset. Due to the
absence of the annotation of intramolecular base pairs in
the Meyer dataset, the accuracy evaluation is limited to in-
termolecular pairs. More specifically, we removed all in-
tramolecular base pairs from the prediction, and calculated
Positive Predictive Value (PPV, the fraction of predicted
pairs in the annotated base pairs) and sensitivity (the frac-
tion of annotated pairs predicted) to measure the accuracy
only for intermolecular base pairs across the two families in
the Meyer dataset, and got the overall accuracy averaged on
the two families.
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Figure 6. Prediction accuracy comparison between Vienna RNAcofold and our algorithms on the Meyer dataset. (A) PPV against sensitivity of the MFE
structures (RNAcofold m versus LinearCoFold m, the MEA structures with varying y of 1, 1.5, 2 and 4 (RNAcofold @ versus LinearCoPartition @), and
the ThreshKnot structures with varying 6 of 0.2, 0.25, 0.3 and 0.35 (RNAcofold A vs. LinearCoPartition /). (B) and (C) per family and overall PPV and
sensitivity comparisons between the six systems; we choose y = 1 for MEA and 6 = 0.3 for ThreshKnot since they are the default values. Note that all
the experiments are performed in the default order, i.e., short sequence first; we also present the results of the reverse order in Supplementary Figure S5.
(D-K) circular plots of the MFE structure, the base pair probabilities, the MEA structure (y = 1) and the ThreshKnot structure (6 = 0.3) generated from
RNACcofold (D-G) and ours (H-K) on a bacterial SRNA-mRNA sequence pair (MG1655 and NC_000913.3), respectively; each arc represents a base pair
(the darkness of the arc represents the pairing probability in E and I). The cyan arcs are the ground truth intermolecular base pairs; the blue arcs are the
correct predictions and the red arcs are the incorrect predictions. The intramolecular base pairs are colored in gray.

Figure 6A shows the overall PPV and sensitivity on the
Meyer dataset. Compared to RNAcofold MFE mode, the
overall PPV and sensitivity of LinearCoFold increase 4.0%
and 11.6%, respectively. For the MEA structure predic-
tion, we plotted a curve with varying y (a parameter bal-
ances PPV and sensitivity in the MEA algorithm) from 1
to 4; compared to RNAcofold MEA, LinearCoFold MEA
shifts to the top-right corner, which means that it has
higher PPV and sensitivity. For y = 1, the overall PPV and
sensitivity of LinearCoPartition MEA increase 2.9% and
5.7%, respectively. In addition, for the ThreshKnot struc-
tures (38), we plotted a curve with varying 6 (a parame-
ter balances PPV and sensitivity in the ThreshKnot algo-
rithm) from 0.2 to 0.35; compared to RNAcofold Thresh-
Knot, LinearCoFold ThreshKnot also shifts to the top-
right corner. For 6 = 0.3, the overall PPV and Sensitiv-
ity of LinearCoPartition ThreshKnot increase 1.5% and

5.2%, respectively. Figure 6B, C and Supplementary Fig-
ure S4 show the PPV, sensitivity and Matthews Correla-
tion Coefficient (MCC) (49,50) comparisons on each fam-
ily, respectively, confirming that LinearCoFold and Lin-
earCoPartition are more accurate than RNAcofold on both
bacterial SRNA-mRNA and fungal snoRNA-rRNA fam-
ilies. We observed that both RNAcofold’s and our pre-
dictions have higher PPV but lower sensitivity on sRNA-
mRNA, and no substantial differences in MCC between the
two types. Notably, MCC of LinearCoFold is lower than
LinearCoPartition on sSRNA-mRNA family, but higher
on snoRNA-rRNA family. This is likely due to the fact
that mRNA sequences normally have multiple confor-
mations, and LinearCoPartition, as a partition function-
based system which considers competing alternative struc-
tures (29), is more principled for mRNA-related structure
prediction.
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Figure 7. LinearCoFold’s prediction of the interaction between SARS-CoV-2 gRNA and human U4 snRNA better correlates with the wet lab experiments.
(A) the structure of SARS-CoV-2 gRNA and human snRNA U4 interacting region detected by the wet lab experiment. (B) RNAcofold’s prediction of
the interacting structure. (C) LinearCoFold’s prediction of the interacting structure. The blue rectangles highlight the region that LinearCoFold correlates

with the wet lab experiment.

On a bacterial SRNA-mRNA sequence pair (OmrA
sRNA, 88 nt; csgD mRNA, 951 nt), we illustrated the MFE
structures, the base-pairing probabilities, the MEA struc-
tures (y = 1) and the ThreshKnot structures (6 = 0.3) gen-
erated from RNAcofold MFE mode, partition-function (-
p) mode, as well as LinearCoFold and LinearCoPartition
(Figure 6D-K). Each arc in the circular plots represents a
base pair. The darkness of the arc represents its probabil-
ity in the base-pairing matrix (Figure 6E and I). The in-
tramolecular base pairs are in gray, while the intermolec-
ular base pairs are marked using different colors to repre-
sent the correctly predicted pairs (blue), the ground-truth
pairs but missing in the prediction (cyan), and the incor-
rectly predicted pairs (red). We observed that all of our pre-
dictions correctly detect the intermolecular base pairs be-
tween 5’-end of the first strand and around 230 n¢ of the sec-
ond strand (blue arcs in Figure 6H-K), while all of RNAco-
fold structures do not have these interactions (cyan arcs in
Figure 6D-G), also incorrectly predict interactions between
5” end of the first strand and 3’ end of the second strand
(red arcs in Figure 6D-QG). It is worth mentioning that the
higher sensitivity and PPV of LinearCoFold and LinearCo-
Partition are inherited from LinearFold and LinearParti-
tion, which rule out structures with low probabilities that
are less likely to be the ground truth structures (28,29).

The prediction of host-virus RNA—RNA interaction

SARS-CoV-2 virus is likely to be a long-time threat to
global health, and great effort was made to better under-
stand the virus, including studies that modeled its structure
(51-54).

On the other hand, it is known that viral genomes interact
with the host RNAs and form duplex structure, and pre-
dicting such host-virus RNA-RNA interaction is of great
interest. A previous study (54) found that the SARS-CoV-2
genomic RNA (gRNA) binds with human U4 small nuclear
RNAs (snRNAs), and illustrated their interacting struc-
tures, which are visualized in Figure 7A. We can see that
the [65, 82] region of human U4 snRNA forms helices with
the [16181, 16201] region of SARS-CoV-2 gRNA, and a 3-
nucleotide bulge loop locates in the [16192, 16194] region.
Figure 7B shows that the predicted structure from RNAco-
fold does not match the wet lab experiment results, in which
the [70, 82] region of human U4 snRNA pairs with the
downstream region of SARS-CoV-2 gRNA. By contrast,
LinearCoFold’s prediction, shown in Figure 7C, has inter-
molecular base pairs between the [73, 82] region of human

U4 snRNA and the [16181, 16191] region of SARS-CoV-
2 gRNA, which overlaps with the experimental results and
correctly predicts 11 out of 18 intermolecular base pairs.

DISCUSSION
Summary

We present LinearCoFold and LinearCoPartition for the
secondary structure prediction of two interacting RNA
molecules. Our two algorithms follow the strategy used in
RNAstructure bifold and Vienna RNAcofold, which con-
catenates two RNA sequences and distinguishes ‘normal
loops’ from loops that contains nick point, to simplify
two-strand folding into the classical single-strand folding,
and predict both intramolecular and intermolecular inter-
actions. Based on this, LinearCoFold and LinearCoParti-
tion further apply beam pruning heuristics to reduce the
cubic runtime in the classical RNA folding algorithms, re-
sulting in a linear-time prediction of minimum free energy
structure (LinearCoFold) and a linear-time computation
of partition function and base pairing probabilities (Lin-
earCoPartition). Unlike other /ocal cofolding algorithms,
LinearCoFold and LinearCoPartition are global linear-time
algorithms, which means that they do not have any limi-
tations of base pairing distance, allowing the prediction of
global structures involving long distance interactions. We
confirm that:

(1) LinearCoFold and LinearCoPartition both run in lin-
ear time and space, and are orders of magnitude faster
than Vienna RNAcofold. On a sequence pair with com-
bined length of 26190 nt, LinearCoFold is 86.8 x faster
than RNAcofold MFE mode, and LinearCoPartition
is 642.3x faster than RNAcofold partition function
mode. See Figure 5.

(2) Evaluated on the Meyer dataset with annotated inter-
molecular base pairs, LinearCoFold and LinearCoPar-
tition’s predictions have higher PPV and sensitivity. The
overall PPV and Sensitivity of LinearCoFold increase
+4.0% and +11.6% over RNAcofold MFE, respec-
tively; LinearCoPartition MEA increases +2.9% on
PPV and +5.7% on sensitivity over RNAcofold MEA,
and LinearCoPartition TheshKnot increases +1.5% on
PPV and +5.2% on sensitivity over RNAcofold Thesh-
Knot. See Figure 6A-C. A case study on a bacterial
sRNA-mRNA sequence pair is provided to show the
difference of predicted structures. See Figure 6D-K.
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(3) LinearCoFold can predicts interaction between viral
genomes and host RNAs. For the SARS-CoV-2 gRNA
interacting with human U4 snRNA confirmed by a
previous wet lab study, LinearCoFold correctly predicts
11 out of 18 intermolecular base pairs, while RNAco-
fold predicts 0 out of 18. See Figure 7.

Extensions

Our algorithm has several potential extensions.

(1) Multiple RNAs can form into complex conformations,
but current algorithms and tools are built on the clas-
sical O(n®) folding algorithms, and are slow for long
sequences (27). Our LinearCoFold and LinearCoParti-
tion are extendable from two-strand cofolding to multi-
strand folding.

(2) Following LinearSampling (31), a linear-time stochas-
tic sampling algorithm for single strand, our LinearCo-
Partition is extendable to LinearCoSampling for the
sampling of the cofolding structures.

DATA AVAILABILITY

The data (used as efficiency and accuracy benchmarks) and
code have been deposited at https://doi.org/10.5281/zenodo.
8153422.

SUPPLEMENTARY DATA
Supplementary Data are available at NAR Online.

FUNDING

National Institutes of Health [R35 GM 145283 to D.H.M.,
in part]; National Science Foundation [IIS-2009071 to
L.H.]. Funding for open access charge: Oregon State
University.

Conflict of interest statement. None declared.

REFERENCES

1. Tat,T.T., Maroney,P.A., Chamnongpol,S., Coller,J. and Nilsen, T.W.
(2016) Cotranslational microRNA mediated messenger RNA
destabilization. eLife, 5, ¢12880.

2. Xu,K., Lin,J., Zandi,R., Roth,J.A. and Ji,L. (2016)
MicroRNA-mediated target mRNA cleavage and 3’-uridylation in
human cells. Sci. Rep., 6, 30242.

3. Rogers,J. and Wall,R. (1980) A mechanism for RNA splicing. Proc.
Natl. Acad. Sci. U.S.A., 77, 1877-1879.

4. McKeown,M. (1993) The role of small nuclear RNAs in RNA
splicing. Curr. Opin. Cell Biol., 5, 448-454.

5. Kiss,T. (2002) Small nucleolar RNAs: an abundant group of
noncoding RNAs with diverse cellular functions. Cell, 109, 145-148.

6. Elbashir,S.M., Harborth,J., Lendeckel,W., Yalcin,A., Weber,K. and
Tuschl, T. (2001) Duplexes of 21-nucleotide RNAs mediate RNA
interference in cultured mammalian cells. Nature, 411, 494-498.

7. Yuan-Yu,H. (2019) Approval of the first-ever RNAI therapeutics and
its technological development history. Prog. Biochem. Biophys., 46,
313-322.

8. Hu,B., Zhong,L., Weng,Y., Peng,L., Huang,Y., Zhao,Y. and
Liang,X.-J. (2020) Therapeutic siRNA: state of the Art. Signal
Transduct. Targeted Ther., 5, 101.

9. Stephenson,M.L. and Zamecnik,P.C. (1978) Inhibition of rous
sarcoma viral RNA translation by a specific
oligodeoxyribonucleotide. Proc. Natl. Acad. Sci. U.S.A., 75, 285-288.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

PAGE 10 OF 11

. Dias,N. and Stein,C. (2002) Antisense oligonucleotides: basic

concepts and mechanisms. Mol. Cancer Ther., 1, 347-355.

. Rinaldi,C. and Wood,M.J. (2018) Antisense oligonucleotides: the

next frontier for treatment of neurological disorders. Nat. Rev.
Neurol., 14, 9-21.

. Wiedenheft,B., Sternberg,S.H. and Doudna,J.A. (2012) RNA-guided

genetic silencing systems in bacteria and archaea. Nature, 482,
331-338.

. Zhang,C., Konermann,S., Brideau,N.J., Lotfy,P., Wu,X., Novick,S.J.,

Strutzenberg, T., Griffin,P.R., Hsu,P.D. and Lyumkis,D. (2018)
Structural basis for the RNA-guided ribonuclease activity of
CRISPR-Casl3d. Cell, 175, 212-223.

. Bandaru,S., Tsuji,M.H., Shimizu,Y., Usami,K., Lee,S., Takei,N.K.,

Yoshitome,K., Nishimura,Y., Otsuki,T. and Ito,T. (2020)
Structure-based design of gRNA for Casl3. Sci. Rep., 10, 11610.

. Rehmsmeier,M., Steffen,P., Hochsmann,M. and Giegerich,R. (2004)

Fast and effective prediction of microRNA /target Duplexes. RNA,
10, 1507-1517.

. Hodas,N.O. and Aalberts,D.P. (2004) Efficient computation of

optimal oligo-RNA binding. Nucleic Acids Res., 32, 6636-6642.

. Tafer,H. and Hofacker,I.L. (2008) RNAplex: a fast tool for

RNA-RNA interaction search. Bioinformatics, 24, 2657-2663.

. Piekna-Przybylska,D., DiChiacchio,L., Mathews,D.H. and

Bambara,R.A. (2009) A sequence similar to tRNA3lys gene is
embedded in HIV-1 u3/r and promotes minus strand transfer. Nat.
Struct. Mol. Biol., 17, 83-89.

. Lai,D. and Meyer,I.M. (2016) A comprehensive comparison of

general RNA-RNA interaction prediction methods. Nucleic Acids
Res., 44, e61.

Umu,S.U. and Gardner,P.P. (2017) A comprehensive benchmark of
RNA-RNA interaction prediction tools for all domains of life.
Bioinformatics, 33, 988-996.

Miickstein,U., Tafer,H., Hackermiiller,J., Bernhart,S.H., Stadler,P.F.
and Hofacker,I.L. (2006) Thermodynamics of RNA-RNA binding.
Bioinformatics, 22, 1177-1182.

Mathews,D.H., Burkard,M.E., Freier,S.M., Wyatt,J.R. and
Turner,D.H. (1999) Predicting oligonucleotide affinity to nucleic acid
targets. RNA, 5, 1458-1469.

DiChiacchio,L., Sloma,M.F. and Mathews,D.H. (2016) Accessfold:
predicting RNA-RNA interactions with consideration for competing
self-structure. Bioinformatics, 32, 1033-1039.

Lorenz,R., Bernhart,S.H., Honer zu Siederdissen,C., Tafer,H.,
Flamm,C., Stadler,P.F. and Hofacker,I.L. (2011) ViennaRNA
Package 2.0. Algorithms Mol. Biol., 6, 26.

Andronescu,M., Zhang,Z.C. and Condon,A. (2005) Secondary
structure prediction of interacting RNA molecules. J. Mol. Biol., 345,
987-1001.

Dirks,R.M. and Pierce,N.A. (2003) A partition function algorithm
for nucleic acid secondary structure including pseudoknots. J.
Comput. Chem., 24, 1664-1677.

Dirks,R.M., Bois,J.S., Schaeffer,J. M., Winfree,E. and Pierce,N.A.
(2007) Thermodynamic analysis of interacting nucleic acid strands.
SIAM Rev., 49, 65-88.

Huang,L., Zhang,H., Deng,D., Zhao,K., Liu,K., Hendrix,D.A. and
Mathews,D.H. (2019) LinearFold: linear-time approximate RNA
folding by 5’-to-3’ dynamic programming and beam search.
Bioinformatics, 35, 1295-1304.

Zhang,H., Zhang,L., Mathews,D.H. and Huang,L. (2020)
LinearPartition: linear-time approximation of RNA folding partition
function and base-pairing probabilities. Bioinformatics, 36, 1258-1267.
Li,S., Zhang, H., Zhang,L., Liu,K., Liu,B., Mathews,D.H. and
Huang,L. (2021) LinearTurboFold: linear-time global prediction of
conserved structures for RNA homologs with applications to
SARS-CoV-2. Proc. Natl. Acad. Sci. U.S.A., 118, e2116269118.
Zhang,H., Li,S., Zhang,L., Mathews,D.H. and Huang,L. (2023)
LazySampling and LinearSampling: fast stochastic sampling of RNA
secondary structure with applications to SARS-CoV-2. Nucleic Acids
Res., 51, €7.

Bernhart,S.H., Hofacker,I.L. and Stadler,P.F. (2006) Local RNA base
pairing probabilities in large sequences. Bioinformatics, 22, 614-615.
Kiryu,H., Kin,T. and Asai,K. (2008) Rfold: an exact algorithm for
computing local base pairing probabilities. Bioinformatics, 24,
367-373.

€202 Jaquieoaq 0 Uo 1senb Aq 068952./769/81/1S/80IE/IEU/WO0"dNODILISPEOE//:SA]IY WOJ) PaPEOjUMOQ


https://doi.org/10.5281/zenodo.8153422
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkad664#supplementary-data

PAGE 11 OF 11

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Chen,X., Li,Y., Umarov,R., Gao,X. and Song,L. (2020) RNA
secondary structure prediction by learning unrolled algorithms. In:
International conference on learning representations.

Zhao,Y., Li,H., Fang,S., Kang,Y., wu,W., Hao,Y,, Li,Z., Bu,D.,
Sun,N., Zhang,M.Q. et al. (2016) Noncode 2016: an informative and
valuable data source of long non-coding RNAs. Nucleic Acids Res.,
44, D203-D208.

Bernhart,S.H., Tafer,H., Muckstein,U., Flamm,C., Stadler,P.F. and
Hofacker,I.L. (2006) Partition function and base pairing probabilities
of RNA heterodimers. Algorithm. Mol. Biol., 1, 3.

Do,C., Woods,D. and Batzoglou,S. (2006) CONTRAfold: RNA
secondary structure prediction without physics-based models.
Bioinformatics, 22, €90—¢98.

Zhang,L., Zhang,H., Mathews,D.H. and Huang,L. (2019)
ThreshKnot: thresholded probknot for improved RNA secondary
structure prediction. arXiv doi: https://arxiv.org/abs/1912.12796, 30
December 2019, preprint: not peer reviewed.

Nussinov,R. and Jacobson,A.B. (1980) Fast algorithm for predicting
the secondary structure of single-stranded RNA. Proc. Natl. Acad.
Sci., 77, 6309-6313.

Zuker,M. and Stiegler,P. (1981) Optimal computer folding of large
RNA sequences using thermodynamics and auxiliary information.
Nucleic Acids Res., 9, 133-148.

Xia,T., SantaLucia,J., Burkard,M.E., Kierzek,R., Schroeder,S.J.,
Jiao,X., Cox,C. and Turner,D.H. (1998) Thermodynamic parameters
for an expanded nearest-neighbor model for formation of RNA
duplexes with watson-crick base pairs. Biochemistry, 37,
14719-14735.

Zuker,M. and Sankoff,D. (1984) RNA secondary structures and their
prediction. Bull. Math. Biol., 46, 591-621.

Mathews,D.H., Sabina,J., Zuker,M. and Turner,D.H. (1999)
Expanded sequence dependence of thermodynamic parameters
improves prediction of RNA secondary structure. J. Mol. Biol., 288,
911-940.

Mathews,D.H., Disney,M.D., Childs,J.L., Schroeder,S.J., Zuker,M.
and Turner,D.H. (2004) Incorporating chemical modification
constraints into a dynamic programming algorithm for prediction of

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

Nucleic Acids Research, 2023, Vol. 51, No. 18 94

RNA secondary structure. Proc. Natl. Acad. Sci. U.S.A., 101,
7287-7292.

Wright,PR., Richter,A.S., Papenfort,K., Mann,M., Vogel,J.,
Hess,W.R., Backofen,R. and Georg,J. (2013) Comparative genomics
boosts target prediction for bacterial small RNAs. Proc. Natl. Acad.
Sci. U.S. A., 110, E3487-E3496.

Lowe, T.M. and Eddy,S.R. (1999) A Computational screen for
methylation guide snoRNAs in yeast. Science, 283, 1168-1171.
Piekna-Przybylska,D., Decatur, W.A. and Fournier,M.J. (2007) New
bioinformatic tools for analysis of nucleotide modifications in
eukaryotic rRNA. RNA, 13, 305-312.

Agarwal,V., Bell,G.W., Nam,J.-W. and Bartel,D.P. (2015) Predicting
effective microRNA target sites in mammalian mRNAs. eLife, 4,
€05005.

Matthews,B.W. (1975) Comparison of the predicted and observed
secondary structure of T4 phage lysozyme. Biochim. Biophys. Acta
(BBA )-Protein Struct., 405, 442-451.

Gorodkin,J., Stricklin,S.L. and Stormo,G.D. (2001) Discovering
common stem-loop motifs in unaligned RNA sequences. Nucleic
Acids Res., 29, 2135-2144.

Gumna,J., Antczak,M., Adamiak,R.W., Bujnicki,J.M., Chen,S.-J.,
Ding,F., Ghosh,P., Li,J., Mukherjee,S., Nithin,C. ef al. (2022)
Computational pipeline for reference-free comparative analysis of
RNA 3D structures applied to SARS-CoV-2 UTR models. Int. J.
Mol. Sci., 23, 9630.

Huston,N.C., Wan,H., Strine,M.S., Tavares,R. d. C.A., Wilen,C.B.
and Pyle,A.M. (2021) Comprehensive in vivo secondary structure of
the SARS-CoV-2 genome reveals novel regulatory motifs and
mechanisms. Mol. Cell, 81, 584-598.

Manfredonia,l., Nithin,C., Ponce-Salvatierra,A., Ghosh,P.,
Wirecki, T.K., Marinus,T., Ogando,N.S., Snijder,E.J., van
Hemert,M.J., Bujnicki,J.M. et al. (2020) Genome-wide mapping of
SARS-CoV-2 RNA structures identifies therapeutically-relevant
elements. Nucleic Acids Res., 48, 1243612452,

Ziv,0., Price,J., Shalamova,L., Kamenova,T., Goodfellow,I.,
Weber,F. and Miska,E.A. (2020) The Short- and long-range
RNA-RNA interactome of SARS-CoV-2. Mol. Cell, 80, 1067-1077.

© The Author(s) 2023. Published by Oxford University Press on behalf of Nucleic Acids Research.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which
permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

€202 Joquiaoaq +0 Uo 1sanb Aq 068952 ./769/81/1G/aI0NE/IBU/WOD dNO"DIWSPESE//:SARY WO PSPEOjUMOQ


https://arxiv.org/abs/1912.12796

	ABSTRACT
	GRAPHICAL ABSTRACT
	INTRODUCTION
	MATERIALS AND METHODS
	RESULTS
	DISCUSSION
	DATA AVAILABILITY
	SUPPLEMENTARY DATA
	FUNDING
	Conflict of interest statement
	REFERENCES

