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Abstract

Functional non-coding (fnc)RNAs are nucleotide sequences of varied lengths, structures,
and mechanisms that ubiquitously influence gene expression and translation, genome sta-
bility and dynamics, and human health and disease. Here, to shed light on their functional
determinants, we seek to exploit the evolutionary record of variation and divergence read
from sequence comparisons. The approach follows the phylogenetic Evolutionary Trace
(ET) paradigm, first developed and extensively validated on proteins. We assigned a relative
rank of importance to every base in a study of 1070 functional RNAs, including the ribo-
some, and observed evolutionary patterns strikingly similar to those seen in proteins,
namely, (1) the top-ranked bases clustered in secondary and tertiary structures. (2) In turn,
these clusters mapped functional regions for catalysis, binding proteins and drugs, post-
transcriptional modification, and deleterious mutations. (3) Moreover, the quantitative quality
of these clusters correlated with the identification of functional regions. (4) As a result of this
correlation, smoother structural distributions of evolutionary important nucleotides improved
functional site predictions. Thus, in practice, phylogenetic analysis can broadly identify func-
tional determinants in RNA sequences and functional sites in RNA structures, and reveal
details on the basis of RNA molecular functions. As example of application, we report sev-
eral previously undocumented and potentially functional ET nucleotide clusters in the ribo-
some. This work is broadly relevant to studies of structure-function in ribonucleic acids.
Additionally, this generalization of ET shows that evolutionary constraints among sequence,
structure, and function are similar in structured RNA and proteins. RNA ET is currently avail-
able as part of the ET command-line package, and will be available as a web-server.

Author summary

Traditionally, RNA has been delegated to the role of an intermediate between DNA and
proteins. However, we now recognize that RNAs are broadly functional beyond their role
in translation, and that a number of diverse classes exist. Because functional, non-coding
RNAs are prevalent in biology and impact human health, it is important to better
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and improve predictions. These findings are in close agreement with our observations of
Evolutionary Trace in proteins, and suggest that structured functional RNAs and proteins
evolve under similar constraints. In practice, the approach is to be used by RNA
researches seeking insight into their molecule of interest, and the Evolutionary Trace pro-
gram, along with a working example, is available at https://github.com/LichtargeLab/
RNA_ET_ms.

This is a PLOS Computational Biology Methods paper.

Introduction

Functional non-coding (fnc)RNAs are a broad class of functional macromolecules that regu-
late transcription and translation, maintain genome stability [1], and play a role in diseases.
They are found across evolution and include both classical as well as several new forms discov-
ered over the past 30 years. The well-known classical RNAs primarily concern translation: they
are ribosomal (r)RNA, transfer (t)RNA, small nucleolar (sno)RNA, and the tRNA maturation
enzyme RNAse P. The novel RNA classes span self-splicing ribozymes that control viral repli-
cation, riboswitches that regulate small molecule metabolism in bacteria, small regulatory
RNAs (microRNAs) that regulate mRNA translation in eukaryotes, and, most recently, long
non-coding (Inc)RNAs that impact pre- and post-transcriptional gene expression [2]. Thus,
functional non-coding RNAs are diverse and contribute significantly to cell metabolism. Criti-
cally, fncRNAs have been linked to human disease. For example, mutations in mitochondrial
RNAse P are associated with cartilage-hair hypoplasia [3], deletion of promoter that drives
expression of HBII-85 snoRNAs contributes to Prader-Willi syndrome [4], and mutations in
hTR, RNA component of DNA telomerase, promote Dyskeratosis congenita [5]. Furthermore,
small regulatory RNA are perturbed in cancer, in cardiovascular diseases, and neurodegenera-
tive disorders [6], and studies have shown that fncRNA expression is significantly disturbed in
cancer cell lines [7]. Long non-coding RNA MALAT1 has been directly linked to metastasis in
lung and gastric cancer [8, 9]. These and other fncRNAs represent an entirely new class of
druggable targets. Indeed, a number of inhibitors have already been developed to target patho-
genic fncRNA, including riboswitches [10] and the ribosome [11]. Given the growing recogni-
tion of the role of fncRNA in human health [12], it is important to understand the
determinants of function in these molecules.

To understand fncRNA structure and function and target them for therapy, a central ques-
tion is which nucleotides in a given molecule contribute to function? Answers have thus far
relied on structure determination and targeted mutagenesis. First, secondary or tertiary RNA
structures are solved by any number of wet-lab techniques, such as x-ray crystallography,
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NMR, and enzymatic or chemical probing [13], or via in silico algorithms [14-18]. Based on
the structure model, specific nucleotides may then be targeted for mutagenesis, as in [19]. This
classical experimental paradigm is resource intensive and contingent on suitable biochemical
assays, cell lines, and viable mutants.

In protein research, the similar challenge of identifying functionally important amino acid
residues had been effectively addressed by the predictive computational methods, most notably
Evolutionary Trace, which is the single most-validated approach [20]. However, in RNA
research, there are currently no well-validated computational alternatives to the experimental
paradigm (one exception being the protein-centric ConSurf web-tool that recently added the
ability to score conservation of nucleic acid sequences [21]). Because the field is so nascent,
most RNA sequence analysis tools, such as GERP++ and PhastCons [22, 23], are used primar-
ily in genomic context to identify novel exons or ncRNAs, and in practice, they are not applica-
ble to single-nucleotide functional analysis of individual RNA molecules.

Furthermore, the traditional purpose of sequence analysis in RNA has been to model sec-
ondary and tertiary structure via detection of canonical Watson-Crick base pairing. The first
studies of homologue co-variation led to secondary structures of tRNA [24], 55 rRNA [25],
and self-catalytic introns [26]. Structure prediction with aid of RNA sequence analysis further
evolved with context-free grammar algorithms [27], and the recent advances in the field deal
with prediction of non-canonical long-range tertiary contacts in larger molecules [28]. Unlike
ET, these methods are primarily aimed at structure prediction, and do not directly provide
analysis of evolutionary importance on single-nucleotide level.

To address this need, we sought to adapt Evolutionary Trace [29, 30] to predict functional
nucleotides in RNA from their evolutionary history. Evolutionary Trace is a method to identify
functionally important residues in proteins. It correlates sequence variations with evolutionary
divergences in order to rank sequence positions as more (or less) important to function (Fig
1). In so doing, ET makes two assumptions. First, that sequence variations during evolution
and speciation are akin to sampling the sequence-function space via wet lab mutations. Sec-
ond, that the depth of divergence between two sequences is commensurate with their func-
tional difference, that is, this depth is a quantitative assay of functional distance. If so, a
systematic tally of the variations, at any given position of a multiple sequence alignment, that
track mostly with deep (or small) phylogenetic divergence, enable ET to assign a greater (or
lesser) relative rank of evolutionary importance to each sequence position. More recently, it
was recognized that such systematic coupling of variations in sequence space (genotype) with
variations in evolution (fitness space) can be formally recast as a gradient of the evolutionary
mapping of genotypes onto the fitness landscape [31]. Viewing ET as the gradient of the evolu-
tionary landscape, presumably a foundational feature of biology, helps explain that the rela-
tively simple in silico process of tracing phylogenetic trees and alignments of homologous
sequences (see Methods) leads to varied and useful insights into the molecular basis of protein
function. By targeting mutations to top-ranked sequence positions (so-called ET residues),
ET-guided studies identify protein-protein interaction interfaces [32-34], allosteric [35] and
ligand binding sites [36], recode ligand specificity [35], designed functionally-active peptides
[37], and on a structural proteomic scale computationally predict the function of orphan pro-
teins [38, 39].

A natural question is whether similar insights might be gathered for RNA by translating the
ET formalism from amino acids sequences to nucleotide sequences. This is readily testable
since in proteins top-ranked ET residues have well established general properties that under-
pin the method’s successes: (1) ET can rank amino acid sequence positions from most to least
important, such that those in top 30™ percentile are called ET residues. (2) These ET residues
cluster in the three-dimensional structure of the molecule [40] and (3) overlap its functional
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Fig 1. The Evolutionary Trace model. For a set of homologues, ET quantifies correlation between phylogenetic tree divergence and sequence
variation. ET nucleotides, where the correlation is highest, are considered evolutionarily- and functionally-important. They cluster on the
structure and predict functional sites. Furthermore, the quality of structural clustering by ET nucleotides can be measured, and then optimized
to improve functional site prediction.

https://doi.org/10.1371/journal.pcbi.1007583.9001

sites [32]. (4) Critically, the quality of the structural clustering of ET residues informs with
quality of functional site overlap [41]. And finally, (5) the quality of overlap can be improved
via optimized sequence selection that maximizes ET clustering [42] and minimizes rank differ-
ences of neighboring residues (a structural smoothing of ET ranks) [43].

Therefore, to generalize the use of ET to RNA sequences, we sought to test whether ET
nucleotides exhibit these five properties. We applied our tests to a representative set of RNA
molecules from the Rfam database [44] (Fig 2A), and found that ET bases obey the same gen-
eral rules as ET residues. In particular, we focused on a subset of well-characterized RNAs with
known tertiary structures (Fig 2B), which account for 7% of our test set and are also fairly rep-
resentative of overall RNA biology. In practice, the data show that Evolutionary Trace can be
readily applied to multiple sequence alignments of homologous fncRNAs to identify nucleo-
tides of functional importance.

Methods
Measuring nucleotide importance with real-value ET

To measure nucleotide importance of, we use Evolutionary Trace (Fig 1). The first step in the
ET analysis is to construct a representative multiple sequence alignment (MSA) for the query
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Fig 2. Rfam test set represents a broad selection of functional RNAs. Shown in (A) are Rfam families we used in our
test set. In (B) is a subset of Rfam test families that map to high-resolution structures in the Protein Data Bank (PDB),
allowing us to study three-dimensional clustering by ET nucleotides.

https://doi.org/10.1371/journal.pchi.1007583.9002

sequence and its homologues. Here, we use the manually-curated seed alignments from the
Rfam database [44], that each have at least 10 canonical sequences. The alignment is used to
construct a UPGMA phylogenetic tree, and the two are then traced. ET iterates through the
sequence columns and assigns a rank based on how closely the sequence variation within the
column correlated with tree branching (note also that gaps are treated as a nucleotide). The
first-generation ET algorithm [29, 32] expresses the rank as:

0(n) = 0 if invariant within all groups g at level n

ri:1+25(n){ (1)

o(n) = 1 otherwise

where 1; is the rank of the residue at position 7, N is the total number of sequences in the tree,
and N—-1 is the number of nodes. To compute r;, we iterate through every node  staring with
one closest to the root (n = 1), and divide the sequences in the alignment into subgroups g
based on the topology of the tree. Because the tree is binary, at node level #, the tree is divided
into g = n groups. This division of tree into subgroups is shown in S1 Fig. We assign 0 to d(n)
if the residue at position i is invariant within all sequence groups g, and 1 otherwise. Thus, evo-
lutionarily important nucleotides that are fixed within major branches will receive a lower
absolute rank r; than residues that continue to vary as the tree is traversed.

To illustrate the last point, consider two extreme examples. First, a sequence column that is
entirely conserved will earn ET rank r = 1. Because the column is conserved, §(n) is 0 at every
step » in the summation function in Eq (1). Accordingly, the final sum is 0, and the column’s
ET rank is 1, the lowest absolute ET rank (corresponding to the highest level of evolutionary
importance). In contrast, consider a column that continues to vary until it is subdivided into
N-1 subgroups (essentially, every sequence is in its own subgroup). For such a column, at
every step n, 6(n) = 1, and the final rank = N, the lowest possible rank for an alignment of N
sequences.

This approach produces integer ranks, and suffers from treating each node as equally
important, which is not always true. To address this, we developed real-value ET (rvET) [20,
30], an extension of the basic method, that uses information entropy to weight phylogenetic
branches according to their sequence conservation:

20

—1+Z%i{—2ﬁilnﬁi} )

a=1

where f is frequency of an amino (or nucleic) acid a found within the sequence group g that
belongs to node n. Now, as we traverse the tree, we sum up and then average the information
entropy for each of the sub-alignments g observed when we split the tree into n nodes. This
allows us to produce better resolved ranks r; that are more resistant to sequence inconsisten-
cies, while still taking into account the phylogenetic history of the tree.

Of the two ET implementations described here, we use the more advanced real-value (rv)
ET in his work. By applying rvET to an alignment of RNA homologues, we arrive at a relative
ranking of evolutionary importance for every position in the alignment. In practice, we nor-
malize ranks into percentile ranks, or coverage. The coverage of 5% includes the top 5% of the
most highly ranked nucleotides, and so on. As a matter of convention, we refer to nucleotides
ranked between 0% and 35% ET rank cutoff (35% ET coverage) as ET nucleotides. The choice
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of 35% is dictated by our prior experience in proteins, where protein residues ranked approxi-
mately between 20-30% ET rank coverage corresponded to the most critical functional sites of
the protein.

Measuring nucleotide clustering and overlap

To measure structural clustering by ET nucleotides, we developed the concept of Selection
Clustering Weight (SCW), described in detail in [45]. Briefly, for a set of nucleotides S, Selec-
tion Clustering Weight, w, is the number of structural contacts formed by the members of S.
To calculate w, we present the structure in form of adjacency matrix A:

Alj) = { 1if d(i,j) < 44

o (3)
0 if d(i,j) > 4A

where d is the distance between any two nucleotides i and j, and a contact is denoted by A(j, j)
= 1ifdis 4A or less. Using selection function S(x) (which returns 0 if nucleotide x is not found
in S, and 1 otherwise), we iterate over A and calculate w:

w=>"8(i)S(j)A(,j) (4)

i>j

To assess the statistical significance of w, we compare it to the mean expected clustering
weight, (w), by a random set of nucleotides of the same size as S. We express the difference
between clustering weight of nucleotide set S, and random nucleotides, in form of a clustering
z-score z.:

z =—1L (5)

where o is the standard deviation of (w). Both (w) and o can be calculated analytically, as
explained in [39]. Using this procedure, we calculated the statistical significance of clustering
by ET nucleotides.

Similar to clustering z-score, we introduce overlap z-score z, to assess how well ET nucleo-
tides predict functionally-relevant sites. Given a pre-defined set of functional nucleotides of
size M and a set of ET nucleotides of size n in a molecule of length N, we can use hypergeomet-
ric distribution to calculate mean expected overlap between the two:

M
m=n— 6
N ()
where m is the number of functional nucleotides one would expect in a selection of size n, if

selection was random. The standard deviation of m is given by:

_ [nM(N — M)(N — n)
7= N2(N — n)

(7)

If the actual observed number of functional nucleotides in selected set is k, we can compute
the z-score of overlap z, as:

z, = (8)
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Finally, in practice, we calculate both clustering and overlap z-scores over the entire range
of ET ranks. We cumulatively bin nucleotides according to their ET rank so that selection S
corresponds to all nucleotides at a certain ET rank threshold (ET coverage), and then measure
the z-scores in each bin. As we are interested in top-ranked nucleotides, we average the z-
scores in bins between 0 and 35% rank percentile (0 to 35% ET coverage), to get a single mea-

35% 35
¢

sure, 2% or z”. Note also that the maximum possible number of unique ranks and rank bins
is L, the length of the query sequence. However, multiple nucleotides can share the same rank,
which leaves a number of unique rank bins empty (not assigned to any nucleotides). We still
incorporate these bins into the cumulative measure, by implicitly assigning to them the z-score

from the closest valid bin.

Measuring ET smoothness

In addition to quantifying ET clustering as clustering z-score, we also defined a global measure
of clustering we refer to as ET smoothness, SMT. SMT reflects how smoothly ET ranks are dis-
tributed over the structure by tallying the rank difference of neighboring nucleotides:

SMT = 3 A(i,j)(x, — )’ (9)

where A is the adjacency matrix as described prior, and x is the ET rank of the nucleotides. In
the original work addressing smoothness [43], we established that evolution tends to minimize
difference in evolutionary importance between neighboring residues, because residues exert
selective pressure on each other.

Rfam test set

We traced seed alignments of 1070 families from the Rfam database, each family with a mini-
mum of 10 unique canonical sequences (Fig 2A). Of these, 71 families with available high-reso-
lution structures made up the structured test set that we tested for ET three-dimensional
clustering (Fig 2B). Additionally, for a set of 15 families, we compiled a ‘golden standard’ to
test for overlap with ET nucleotides. These Rfam test sets are listed in S1 Table. Additionally,
the ribosomal ‘golden standard’ is listed on its own in S2 Table.

Code availability

Evolutionary Trace code, compiled as a command-line utility, along with an example is avail-
able at https://github.com/LichtargeLab/RNA_ET_ms.

Results and discussion
Case study #1: Hammerhead ribozyme

A first test of ET was the hammerhead ribozyme, a cis-cleaving structure most commonly
found in plant viruses, which participates in rolling circle replication by cleaving the nascent
transcript [46, 47]. The hammerhead motif is not confined to viruses, and new members of the
family were recently described in bacteria and eukaryotes [46], where they may support tRNA
and siRNA processing, ORF remodeling, and RNAI inhibition. The full-length hammerhead
sequence is 60 nucleotides long, and the structure is defined by three short helices that meet at
ajunction (Fig 3A, PDBID 2QUS [48]). There are two main functional domains, the catalytic
core that straddles the three-way junction and is responsible for cleavage, and a distal region
defined by stem I-stem II tetraloops interactions, which promote efficient folding [49]. Nucle-
otides composing these two domains are labeled in Fig 3A. An evolutionary trace was
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computed on 26 non-redundant aligned sequences of class I and class II hammerhead ribo-
zymes that represented the major branches of the plant viruses. This led to normalized ET
rankings of each base position, from 0% (most evolutionary important) to 100% (least impor-
tant), that were mapped on the structure in Fig 3A. This mapping highlights two clusters of ET
bases defined by ET rank percentile below 35% (hereafter referred to as ET bases or ET nucleo-
tides). The first of these clusters consists of 12 ET nucleotides and overlaps the catalytic

A Distal loops

Stem Il

Catalytic

core
ET rank
Stem Il ocoverage1
|| — ]
high low
U5 ° 5 All sites 5 Core 5 Distal
- 4 = 5
(@) n N 4 4 4
£ 3 T o
PL_’: ) S & 3 3 3
L 5o 2 2 2
= (S
: 0 g o 1 1 1
TN L 0 0 0
0 0.5 1 0 0.5 10 0.5 10 0.5 1
ET coverage ET coverage

Fig 3. ET nucleotides cluster, and predict functional sites in the hammerhead ribozyme. (A) ET ranks mapped onto the structure of the
hammerhead reveal clusters of ET nucleotides that overlap canonical functional sites (labeled nucleotides). (B) Clustering by ET nucleotides is
statistically significant. (C) ET overlap z-score confirms that ET nucleotides inform both of the canonical functional sites. (To calculate site-specific
7% we remove other known sites from consideration).

o

https://doi.org/10.1371/journal.pchi.1007583.g003
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junction. The second cluster consists of 5 ET nucleotides and overlaps the distal tetraloop
region. The functional nucleotides and their respective domains are listed in Fig 3A.

Because clustering by ET residues is a defining feature of aminoacid ET, we assess the clus-
tering of ET nucleotides in the hammerhead. Briefly, to quantify clustering of ET nucleotides,
we calculate the number of pairwise structural contacts (distance of 4A or less) between ET
nucleotides, w, and compare it to the number of contacts formed by same number of nucleo-
tides selected randomly, (w). Using the standard deviation associated with the random selec-
tion, o, we then express the significance of clustering by ET nucleotides as a z-score z, = wa<w> .
Quantitatively, the clustering z-score z, is the number of standard deviations that separates the
observed number of ET base contacts from the number of contacts expected randomly, and z-
scores 2 and above denote statistical significance. See Methods for details.

Using this metric, we calculated clustering of hammerhead nucleotides, binned cumula-
tively according to their ET rank. We calculated z, for every bin between 0 to 35% ET coverage
(rank percentile), and found that ET nucleotides cluster with a mean z-score z*** = 3.9 (Fig
3B). Not surprisingly, the clustering profile in Fig 3B is similar to the behavior of ET residues
in proteins seen in our previous work [41]. We observed a high initial z-score, indicative of ET
bases clustering to, hypothetically, form a major functional site, followed by a decline as we
expand our ET coverage to include lower-ranked nucleotides. These data confirm that ET
nucleotides cluster in the structure, a behavior we would not expect if nucleotide selection was
random.

Next, we assessed the second major property of ET: the overlap between ET nucleotides
and the molecule’s functional sites. To measure statistical significance of overlap in the ham-
merhead, we counted the number of active site bases in each ET bin, k, and compared this to
the number of active site bases one expects to recover if selecting randomly, m. The random
selection was modeled as a hypergeometric distribution, and had an associated standard devia-
tion, which allowed us to convert k into a z-score of overlap z, (see Methods for details).

We calculated overlap z-score for the hammerhead as a function of ET coverage, and it is
shown in Fig 3C, with underlying data summarized in S3 Table. The first point on the curve
(zo = 3.6 at 23% ET coverage) corresponds to ET overlap with the catalytic core of the mole-
cule. This is followed by two strong spikes, first corresponding to recovery of the most impor-
tant nucleotides in the second functional site (z, = 4.5 at ET coverage 32%), and then the
recovery of remaining nucleotides in the catalytic core (z, = 4.6 at 41% ET coverage). Thereaf-
ter, each additional spike corresponds to recovery of a functional nucleotide by a lower ET

threshold. These data show that that ET nucleotides (0-35% range) strongly overlap hammer-

35%
o

head’s two active sites (mean z-score z°* = 3.6). In addition to overlap z-score, we also mea-
sured quality of ET prediction in a more conventional manner using receiver-operator-
characteristic (ROC) curves, and ET ranking recovers hammerhead active sites with

AUC = 0.82 (S2A Fig).

Next, we examined the ET clusters in greater detail. The core 12-nucleotide ET cluster over-
laps the 16-nucleotide catalytic site of the hammerhead [19] with a site-specific mean z-score
22" = 4.5 and AUC of 0.87 (Fig 3B center, and S2B Fig). Notably, the ET cluster contains the
key catalytic nucleotides G12 and G8 (both with ET rank percentile of 23%), which are the
general base and acid in the cleavage reaction. The ET cluster is also enriched with thermody-
namically costly unpaired nucleotides (A6, G5, U4), and nucleotides paired in the non-canoni-
cal Hoogsten fashion (C3 forms a Hoogsten pair with U7 and G8, C17 with A13 and Ul6.1).
The highly ranked bases presumably fulfill a critical functional role maintained during evolu-

tion, leading to their top ET rankings. Critically, mutations in 11 of the 12 nucleotides in this
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ET cluster completely abolished cleavage activity [19]. These data confirm that the ET cluster
directly overlaps the main functional site of the hammerhead.

Of note, four bases in the catalytic core (U16.1, C17, U7, and G1.1) are not part of the
12-nucleotide ET cluster, because their ET rankings of 36%, 52%, 77%, and 96% fall below the
35% threshold we used to define the ET cluster. While U16.1 straddles the 35% threshold and
in practice would be considered part of the ET cluster, the three other bases bear closer exami-
nation. Their significantly lower ranks suggest that these positions may be under lesser func-
tional pressure, or possibly that there is inherent functional resilience to mutations. To test this
hypothesis, we examined carefully the catalytic mechanism of the hammerhead, and the func-
tional role of these three nucleotides.

Although the two nucleotides G1.1 and C17 (ET rank percentile = 96% and 52%) directly
participate in the reaction (C17 is the nucleophile and its activated 2’-hydroxy group attacks
the phosphate group of sessile G1.1 [48]), the critical electron transfer path is along the sugar-
phosphate backbone and not their nitrogenous base. As a result, neither the G1.1 nor the C17
nucleotide is under heavy selective pressure. Indeed, direct mutational studies showed that
position 1.1 accommodate all four bases, and C17 could also accommodate guanine and ade-
nine (20% reduction in activity [19]). Nevertheless, C17 forms a non-canonical Hoogsten pair
with core nucleotide A13, and, perhaps as a result, cannot accommodate uracil (500-fold
reduction in activity [19]). In keeping with this greater selective pressure, C17 has a substan-
tially better ET rank (of 52%) than the sessile G1.1 (96%).

The other notable exception in the catalytic core is U7 (ET rank percentile = 77%). This
base is nested among the 12 ET nucleotides, incongruent with its apparent mutational free-
dom. Yet, the exhaustive mutagenesis studies confirmed that U7 tolerates substitution [19].
While substituting any of the 12 ET nucleotides in the catalytic core reduces activity from 10-
to 1000-fold, U7 mutations have no impact on the reaction rate. Thus U7 base identity is not
structurally or functionally critical, in keeping with lower ET rank.

In contrast to these data, there is evidence that the last exception, U16.1 which straddles the
ET threshold (ET rank = 36%), is critically functional. This base is positioned closely to core
nucleotides G12 and C17 (general base and nucleophile in the cleavage reaction), and a recent
study suggested that U16.1 could be responsible for coordinating Mg** in a binding pocket
formed by the three bases [50]. The predicted role of the ion is to lower the pK, of G12 to
make it more reactive toward C17. Therefore, unlike the three low-ranked exceptions, U16.1 is
probably functional, as reflected by its near-threshold rank. Together these data show that the
ET ranks of the core catalytic nucleotides are remarkably consistent with the mutational and
biochemical interpretation of their functional role.

Next, we examined the apical cluster, formed by the five ET nucleotides (U19, G20, G22,
U44, and A46) in the stem I and II loops. This ET cluster overlaps hammerhead’s11-base tetra-
loop-tetraloop domain (labeled as Distal region in Fig 3A), which is important for the efficient
folding of the hammerhead core [49]. Within the domain, ET nucleotides form the structurally
critical links between the two stems: U19 of stem I forms a pair with A46 of Stem II, while G20
and G22 bond with G45. Notably, these interactions are the energetically unfavorable Watson-
Crick/Hoogsteen pairs, suggesting that hammerhead maintains them through evolution
because they are functional. The last ET nucleotide in this cluster, U44, does not form cross-
stem interactions, suggesting it serves a different structural role. Of the remaining six (non-
ET) bases in the domain, only two form non-canonical interactions, and one of them (U21) is
ranked just under the ET threshold (ET rank percentile = 39%). These data show that ET dis-
criminates between the more and less important nucleotides in this domain. Overall, ET bases
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overlap with the distal domain with a mean z-score z*** = 2.0, and ET predicts this domain
with AUC of 0.76 (Fig 3C right, and S2C Fig).

Notably, the two ET clusters are in accordance with the accepted two-step model for ham-
merhead folding. In the model, stem I and II of the distal region fold first, thereby promoting
efficient folding of the catalytic core [51]. The catalytic core is universally conserved, and
indeed ET performs very similar to sequence conservation when identifying it, as shown in
S3A Fig (z-score of overlap) and S3B Fig (ROC curve).

The distal region, however, lacks obvious sequence conservation. As a result its discovery
was delayed by several years because researchers focused exclusively on the conserved catalytic
core. Ultimately, kinetic and chimeric studies in the full-length hammerhead [49, 51] revealed
that tetraloops are a functionally important domain. Ranking bases according to sequence con-
servation fails to detect the tetraloop domain, and ET outperforms conservation both in the z-
score measure (S3C Fig, mean overlap z-score z** = 2.0 vs 0.41), and the ROC AUC (S3D
Fig, AUC = 0.76 vs AUC = 0.63). ET detects the distal tetraloops, because while they are fairly
variable across the entire tree, they are conserved within their respective class I and class II
branches. ET detects this pattern of base variation, resulting in greater predictive power.
Conservation-based ranking, mapped on to the structure in S4 Fig, highlights this difference
between ET and sequence conservation.

In summary, these data show that ET detects clusters of evolutionary-important bases that
define functional domains of the hammerhead. The equatorial ET cluster overlaps the catalytic
core of the hammerhead, and the apical ET cluster overlaps the most important bases in the
tetraloop domain. Notably, ET outperforms conservation when scoring bases in the tetraloop
domain, because it takes into account the evolutionary history of the molecule. Furthermore,
where biochemical evidence is available for individual nucleotides, it is remarkably coherent
with the nucleotide ranks assigned by ET.

Case study #2: Bacterial ribosome

The second RNA model system to test ET was the bacterial ribosome. Ribosome is the univer-
sally-conserved ribonucleic complex that synthesizes polypeptides from mRNA templates.
Mature bacterial ribosomes are comprised of two RNA molecules, the 16S and 23S ribosomal
(r)RNA, as well as over 50 ribosomal proteins that bind the rRNA during assembly. The RNA
component of the ribosome was originally thought to play a primarily structural role, but
high-resolution crystal structures revealed that rRNAs are, in fact, responsible for the catalytic
activity of the ribosome. The 16S rRNA decodes the mRNA message by selectively binding
acylated tRNAs [52], while the 23S rRNA catalyzes peptide bond formation [53] (Fig 4A, PDBs
2WDK and 2WDL [54]). Not surprisingly, the ribosome is an important drug target, with over
50 bacterial antibiotics developed to date [10].

Traces for the 16S and 23S RNA were computed using curated alignments of bacterial
rRNA provided as part of [55]. ET ranks, mapped onto the three-dimensional structure of the
RNAs (Fig 4A), revealed that ET nucleotides clustered in the structure (mean ET clustering z-
score z* = 24.3 in the 168, and 32.8 in the 23S, Fig 5). Furthermore, ET nucleotides broadly
overlapped major functional sites in the ribosome-the peptidyl-transferase center in 23S, and
the decoding center in 16S (relevant nucleotides marked in Fig 4B and 4C). Quantification of
overlap for these and other major functional sites is summarized in Fig 6 (see S5 Fig for corre-
sponding ROC curves, S2 Table for nucleotide definitions of each active site, and S4 Table for
raw count of functional nucleotides recovered at ET threshold of 35%). In detail, in the 16S
rRNA, ET bases overlapped the decoding center (mean z¥* = 3.9, AUC = 0.91), the tRNA E-,
A-, and P- sites (mean z* = 3.4, AUC = 0.88), as well as the mRNA channel (mean ET
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Fig 4. ET mapping reveals clusters that overlap active sites in the ribosome. ET ranks are mapped onto the structure in (A). Note the continuous ET
cluster that spans both subunits and houses the peptidyl-transferase center (PTC) and the decoding center. Both are shown in detail in (B) and (C), where
known catalytic nucleotides are labeled.

https://doi.org/10.1371/journal.pcbi.1007583.9004

overlap z-score z¥* = 6.7, AUC = 0.98). In the 23S rRNA, the ET cluster overlapped the pepti-
dyl-transferase center (mean z2** = 8.5, AUC = 0.94), the tRNA binding sites (mean
22 = 7.4,and AUC = 0.86), as well as the GTPase-associated center (mean z*** = 2.9,
AUC = 0.72) and the sarcin-ricin loop (mean z** = 5.1, AUC = 0.85). These data show that
ET detects the critically-important active sites in the ribosome.

Next, we tested whether ET bases also overlap protein binding sites (refer to panels in Fig
6A and 6B). First, we examined the binding sites of bacterial translation factors (including IF1,
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EF-Tu, EF-G, RF1, and RF3 for which high-resolution structures are available). They tran-
siently bind the ribosome and are required for timely initiation, elongation and termination of
translation. We defined binding sites as all rRNA bases within 44 of the protein, and found
that ET bases overlap TF binding sites with mean ET z-score z2** = 4.8 in the 16S rRNA and
9.2 in the 23S (AUC = 0.84 and 0.94 respectively). Next, we tested the binding sites of struc-
tural ribosomal proteins, which serve as scaffolding and are enfolded by the rRNA during
assembly [56]. ET bases overlap these contact sites with mean ET z-score z2° = 0.96 and 4.6 in
16S and 23S respectively (AUC = 0.62 and 0.63). As expected, overlap between ET bases and
translation factor binding sites is markedly higher than the ET overlap with structural protein
contact sites. This is in line with the expectation that structural proteins are not as critical to
function. Unexpected is the discrepancy between ET overlap for r-protein sites in 16S and 23S
rRNA (2" of 0.96 vs 4.6). Interestingly, r-proteins in the 16S occupy 42% of all nucleotides,
compared to only 29% in the 23S rRNA. This implies higher specificity of binding in the 23S
subunit, resulting in better overlap with ET nucleotides. These data reflect ET’s sensitivity to
the evolutionary pressure exerted across the ribosome. ET clearly separates more important
sites, such as the catalytic core and TF binding sites, from the r-protein sites. In summary, ET
ranks of the nucleotides correlate strongly with their functional impact.

Next, we also tested the critical structural bridges [57] that connect the two subunits for
overlap with ET nucleotides. We found that ET bases overlap the bridges in the 23S (mean
25" = 4.6 and AUC = 0.82), but not the 16S subunit (mean z** = 1.2, AUC = 0.66). To
explain this difference, we examined the molecular basis of the bridge contacts, and found that
22 out of 48 contacts on the 168 side are formed by the nucleotide phosphate backbone, com-
pared to only 7 out of 30 on the 23S (the difference is significant with hypergeometric p-value
of 0.03). Because phosphate contacts are non-specific (not depended on the identity of the
base), the nucleotides in 16S bridges are not evolutionary constrained and are ranked lower by
ET. These data show that while ET is able to detect critical structural elements, the underlying
molecular determinants can produce exceptions to the ET model, similar to the earlier exam-
ple of the catalytic mechanism in the hammerhead.

Because ET bases broadly overlap functional sites, we next asked: do known ribosomal anti-
biotics also target ET bases? To determine if ET recovers known antibiotic binding sites, we
compiled a list of binding sites for 32 different antibiotics [11]. We quantified recovery of
these sites by ET, and found that ET bases overlap antibiotic binding sites with mean ET z-
score 227 = 0.25 in 23S and 4.3 in the 16S (AUC = 0.62 and 0.80). While the data confirm
that ET bases overlap strongly with antibiotic binding sites in the 16S rRNA, we asked why
there was a lack of overlap in the 23S subunit. We examined the molecular basis for antibiotic
action in 16S and 23S rRNA. We found that the 23S antibiotics mainly target the exit channel,
which is a tunnel that traverses the subunit, and it is used to extrude the nascent polypeptide
from the ribosome. Because the channel does not serve as a site for catalysis or binding, it is
lined with nucleotides that are not under heavy selective pressure. As a result, 23S antibiotic
binding sites have a modest overlap with ET bases. In contrast, we found that in the 16S RNA,
antibiotic families primarily target the mRNA binding channel and the decoding center,
which, as we already showed, are primarily composed of high-ranked ET bases. Thus, the
molecular mechanism of antibiotic action is in line with ET nucleotide ranking.

Next, we tested ET’s ability to detect bases that do not necessarily belong to an established
active site or binding interface, but are nevertheless hypothesized to be important: modified
bases and those with known deleterious mutations We first examined modified bases; nascent
rRNAs can be post-transcriptionally modified, and at least 34 nucleotides in the ribosome
carry modifications [58]. While the exact role of modified bases is unclear, ribosomes
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assembled from unmodified rRNA are less active than wild type [59]. ET overlaps modified
bases with mean ET z-score z** = 4.0 in 16S and 5.7 in the 23S (AUC = 0.93 and 0.87), sug-
gesting that these bases evolved to perform a function in the large subunit. In addition to the
modified bases, we examined nucleotides with known deleterious mutations. We compiled a
list of mutations available on the Comparative RNA Website database [60], and sorted them
into unambiguously deleterious or benign. Applying ET, we see that while both cohorts over-
lap with ET bases, there is clear separation between the two categories of mutations (56 Fig).
In the 168, ET bases overlap with deleterious mutations more frequently than with benign
mutations (mean z-score z2°* = 4.5 and AUC = 0.92 for deleterious mutations, and z** = 1.9
and AUC = 0.69 for benign). In the 23S subunit, the difference is also present (mean z-score
22 = 6.1 and AUC = 0.94 for deleterious mutations, and z** = 2.9 and AUC = 0.81 for
benign). Nucleotides with benign mutations rank consistently lower than nucleotides with
lethal mutations. These data further point at a clear connection between evolutionary impor-
tance, as measured by ET, and functional impact.

Finally, we examined ET clusters that do not overlap with a known functional site. From
the ribosomal structure, we excluded all nucleotides composing known sites, as well as all
nucleotides within 10A of a r-protein. This exclusion analysis produced 4 clusters of high-
ranked ET nucleotides on the surface of the ribosome, three in the 23S and one in the 16S (Fig
7). The ET nucleotides in these clusters (listed for each cluster in S5 Table) are undocumented
in the literature and carry no obvious functional significance. We propose that clusters in the
23S could serve as sites for binding of regulatory proteins and chaperones, or as sites of ribo-
somal processing during maturation and assembly. Meanwhile, the ET cluster in 16S is located
adjacent to helix h5, which acts as a binding site for several translation factors [61, 62]. It is
therefore possible that nucleotides in this cluster are involved in allosteric regulation of transla-
tion. These data show that ET-guided structural analysis can suggest sites of interest even in
the well-studied systems such as the ribosome.

In summary, we discovered that ET nucleotides cluster on the structure of the ribosome,
and that the core ET cluster clearly defines the major functional sites of the molecule. Addi-
tionally, ET ranking also suggests protein and antibiotic binding sites. We also show that
higher-ranked ET nucleotides are enriched for inactivating mutations and post-transcription-
ally modified bases. In detecting these sites, ET is more accurate than conservation (S7 Fig).
Finally, because these data indicate that the ET model applies to the ribosome, we suggest sev-
eral potentially novel sites.

Generalizing the model

The hammerhead and ribosome case studies are consistent with two fundamental ET proper-
ties: that top-ranked bases cluster structurally, thereby revealing functional sites. To assess the
generality of these features, ET was next tested on RNA families in the Rfam database. We
selected 1070 RNA families that had at least 10 canonical sequences in their Rfam seed align-
ment. This set of RNAs included a broad selection of classes, including riboswitches, tRNAs,
RNAzymes, viral particles, small regulatory RNA, and IncRNA (Fig 2A). Additionally, among
these are 71 families that can be paired with at least one high resolution structure. Each align-
ment was traced, and the trace was evaluated for clustering among ET bases as a function of
ET coverage.

We first evaluated the high-resolution structured set, and found that on average ET nucleo-
tides recovered 24% of all tertiary structure contacts, compared to 13% that would be recov-
ered by a random selection (see S6A Table). In 64 out of 71 RNAs, this corresponded to a
35%

mean clustering z-score z>** greater than 2, indicating that ET is detecting clusters of
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Fig 7. ET clusters of unknown functional significance. Clusters (A-C) in the 23S rRNA could serve as binding sites
for regulatory proteins, while cluster (D) in the 16S is close to a translation factor binding site, and therefore could play
a role in translation. Nucleotides in white are either known functional sites, or within 10A of a r-protein, and therefore
excluded from analysis.

https://doi.org/10.1371/journal.pcbi.1007583.9007

evolutionarily important nucleotides (Fig 8A, white). This set consisted of well-ordered full
length structures including riboswitches, RNAse P, catalytic introns, ribozymes, and rRNAs
(Fig 2B). Notably, ribosomal and splicesomal RNA displayed larger z-scores compared to the
rest of the set (14 or more), suggesting large and evolutionary-important core functions. We
then examined the 7 Rfam families that did not show structural clustering by ET nucleotides.
Three of those families were small viral structures (approximately 30 nucleotides in length)
found in the Human Immunodeficiency Virus (HIV) RNA. Their sequence alignments con-
sisted of highly similar sequences (mean sequence identity 91%), and their narrow phyloge-
netic scope precluded meaningful ET analysis. By contrast, the average mean sequence
identity in successful examples was 64%. Finally, in each of the remaining 4 families that per-
formed poorly, clustering could not be fully assessed, because their best matched structures
were a fragment of the whole length molecule. Overall, however, these data show that the
model is in keeping with observations in 90%of the fncRNAs we were able to test. Failures
rarely but consistently associated with missing structural context, or a deficit of evolutionary
information due to a lack of sufficiently divergent sequences.

Next, in order to test ET for RNAs without known three-dimensional structures, which is
93% of our test set, ET base clustering was assessed in the primary sequence (1-dimension),
and in the secondary structure models provided by Rfam (2-dimensions). 83% of secondary
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structures (Fig 8A, gray) displayed ET clustering with z*” above 2 (in line with our observa-
tion in the tertiary set, ET nucleotides recovered an average of 27% of the secondary structure
contacts, with 17% expected by random chance, see S6B Table). The few outliers with large z-
scores, once again, were rRNA and spliceosome subunits. ET clustering could also be detected
in the majority of primary sequences, with 62% reaching z* of 2 (Fig 8A, black). These data
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show that while secondary and primary structures lack the nuanced three-dimensional con-
text, they nonetheless reveal clusters of ET nucleotides. One possible application of this prop-
erty is to use ET clustering in predicted secondary structures to distinguish between poor and
robust models.

Finally, of the 71 RNA families tested for three-dimensional ET clustering, we selected
15 for functional site analysis. These included the hammerhead ribozyme, the two ribosomal
subunits, tRNA, RNAse P, group I self-splicing introns, and 9 riboswitches. For each of these
molecules, we searched the literature for the canonical functional sites (see S1 Table), and
then computed their overlap with ET bases (Fig 8B). In 12 of 15 cases, functional site overlap
z-score z2°” was above 2.0. In two cases, the THF riboswitch and the PreQ1 riboswitch
(RF01831 and RF00522), overlap approached significance with z**” = 1.86 and 1.84. Finally,
functional site overlap z-score z**” was 1.44 for the FMN riboswitch (RF00522). Interestingly,
its seed alignment contained a number of misaligned sequences; removing them, and retrac-
ing, raised z2°” from 1.44 to 1.9.

Together, these analyses of ET clustering and overlap suggest that the ET model is general
and applicable to a wide range of functional RNAs.

Optimizing sequence selection improves performance

Since, in RNA, ET fulfills the same clustering and functional site overlap properties as in pro-
teins, perhaps that likewise improving the quality of the structural clusters can guide improve-
ments to the quality of functional site predictions? In proteins the two correlate strongly. As a
result, improvements in ET clustering can be used to optimize sequence selection, which in
turn produces better functional site recovery [41], with important practical ramification in
optimization of analyses [42].

To test this hypothesis, we assessed two different metrics of cluster quality: ET clustering z-
score, as described earlier, and the ET smoothness. ET smoothness is the cumulative ET rank
difference between all neighboring nucleotides in the structure (meaning lower absolute values
for smoothness corresponds to a smoother distribution of ranks). This measure reflects
smoothness of evolution over the entire structure, and is a more holistic metric than the mean
ET base clustering [43].

We tested the relationship between the clustering metrics and the quality of prediction in
15 RNA families with curated functional sites. For each family, we generated a set of 1,000
alignments by randomly shuffling bases in the original alignment. We traced the alignments,
and measured their smoothness, and their mean overall clustering and overlap z-scores, (z,)
and (z.). We then binned the alignments by their shuffle rate, and averaged the scores, as
shown in Fig 9A for glmS riboswitch. As seen in the glmS example, as we introduce errors into
the alignment, ET overlap, clustering, and smoothness deteriorate in highly correlated man-
ner. Across the 15 test cases, mean correlation between ET overlap and clustering was r = 0.95,
and r = -0.96 between overlap and smoothness (Fig 9B).

The correlation between structural quality of the trace and overlap has practical implica-
tions, because smoothness and ET clustering can be used as indirect measures of trace fidelity.
By optimizing trace alignments to maximize smoothness (or ET clustering), we, presumably,
also maximize accuracy of active site prediction. We tested this hypothesis in the nine test
riboswitches. For each riboswitch, we generated a starting alignment, distinct from the seed,
and based on 500 sequences chosen at random from the family’s full sequence repository on
Rfam. Using these alignments as reference, we then generated for each riboswitch an ensemble
of 5,000 alignments by removing a random number of sequences 0< n< N-20 (where N is the
size of the alignment) from the reference. We then traced each alignment, and computed its
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Fig 9. Optimization of input alignments via ET clustering and smoothness improve overlap. Degrading the glmS alignment in
(A) shows that clustering and smoothness are correlated with overlap. Applying this analysis to the 15 molecules with annotated
functional sites shows that the correlations are general (B). This suggests that sequence selection can be optimized to produce a more
effective ranking of ET. This is shown in (C), where we use two different clustering measures, to select alignments that produce better
functional site predictions than starting alignments.

https://doi.org/10.1371/journal.pcbi.1007583.9g009

35% 35%

ET smoothness, ET clustering z-score z>>*, and ET overlap z-score z2°”. Finally, we chose from
the random ensemble, the alignment that has the smoothest ET, or the highest ET clustering.
We then compared overlap z-scores produced by the smoothness- and clustering-optimized
alignments to the original Rfam alignments.

Startlingly, we found that in 8 of 9 cases, optimization via ET smoothness led to decrease in
performance, with a mean reduction of 13%. To explain this behavior, we examined the
smoothest alignments, and found that the optimization selected alignments consisting of a
small number of highly invariant sequences. These alignments sacrificed phylogenetic diver-
sity as a trade-off for a very smooth, yet uninformative, ET ranking of highly conserved nucle-

otides. To address this problem of narrow phylogenetic scope, we introduced Rank Entropy
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(RE), SV fr log(fr), which measures the frequency (fr) of each ET rank (r) in the alignment.
RE is maximum when each column is assigned a unique rank, and is zero when the alignment
is entirely conserved.

Normalizing RE and ET Smoothness to 1, and then using their product as a single measure
(RExSMT), rescued optimization performance in 8 of 9 cases, yielding mean improvement of
9% in prediction quality (Fig 9C, dashed lines). Finally, we tested mean ET clustering as an
optimization metric. We found that maximizing mean ET clustering z-score produced align-
ments that yielded an average improvement of 24% (Fig 9C, solid line). ET clustering z-score
performed better than smoothness-based metrics, because it expresses significance of ET
nucleotide clustering relative to the remaining structure. When the conserved ET bin domi-
nates the trace (ET nucleotides are more likely to cluster), this results in a greater expected
clustering weight, a larger standard deviation, and as a result a lower clustering z-score, mak-
ing this measure more sensitive than raw ET smoothness.

Notably, the optimized full alignments also outperformed the manually curated Rfam seed
alignments, which are used in the baseline functional site prediction experiment in Fig 8. While
the full alignments we used for optimization are already better than seed (10% improvement in
z-score of overlap, due to a more diverse sequence set), optimization further increases the gap
in performance. Optimization via rank-adjusted smoothness produced alignments that are bet-
ter than seed at detecting the functional site in 6 of 9 cases (mean improvement of 21%), and
optimization via ET clustering produced better alignments than seed in all 9 cases (30% mean
improvement over seed). To further test if we can optimize manually curated alignments, we
applied the two optimization techniques to the multiple sequence alignments used in the ribo-
somal case study. Measuring accuracy over the aggregate of all functional sites, we found that
optimization by rank-adjusted smoothness improved prediction accuracy in the small subunit
from mean 0-35% ET overlap z-score z = 2.38 to z = 2.60, and in the large subunitled to a
decrease from z = 6.95 to 6.80. However, optimization via ET clustering elevated accuracy in
both subunits, to z = 3.32 in the small subunit, and z = 7.20 in the large subunit accordingly.
Together, these data show that optimization of input alignments is both possible and useful.

In summary, sequence selection can be optimized in order to achieve better active site
recovery. Input sequences are the principal factor that affects the quality of the trace. Using ET
clustering and RE-smoothness as indirect measures, we can remove sequences that are either
too phylogenetically distant or erroneous. In this manner, we can elevate trace quality and
more accurately predict the active sites.

Conclusion

Over 50 years ago, Carl Woese and Francis Crick hypothesized that RNA could serve as a pre-
cursor to DNA and proteins [63], and since then, RNAs have been found to perform a variety
of roles within the cell. Here, we show that the similarity between functional RNAs and pro-
teins is not just a subject of anecdotal likeness. We argue that this similarity is based upon the
fundamental principle of selection that governs evolution of function in both RNAs and pro-
teins. In the same manner as evolutionarily important amino acids in proteins, evolutionarily
important RNA nucleotides evolve in compact, non-random clusters that inform on the func-
tion of the molecule. As we have shown in a number of examples, including the hammerhead
and the ribosome, these clusters correspond to catalytic sites, ligand-binding pockets, and
molecular interfaces, and are enriched for inactivating mutations and modified nucleotides.
These basic properties underline the relationship between sequence, structure, and function in
structured RNAs, and suggest that it is possible to identify novel functional sites in structured
RNA molecules using Evolutionary Trace analysis.
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Furthermore, we demonstrate that there is a quantifiable correlation between cluster forma-
tion and recovery of functional sites. This correlation is directly informed by ET clustering
and ET smoothness, which measures the evolutionary history similarity in nearby amino acids
or nucleotides. In structured RNA, just like in proteins, evolution tends to minimize rank dif-
ferences between neighboring nucleotides. This leads to formation of smooth clusters that
inform function. In practice, this property allows us to maximize prediction accuracy of ET by
constructing alignments that maximize spatial clustering and smoothness of ET nucleotides.

Interestingly, we also find that that there is some complementarity between ET analysis and
covariation. To show this, we compared ET to R-scape [64], a covariation analysis tool, in bac-
terial RN Ase P. We applied R-scape to the alignment of RNAse P sequences, and found 74
pairs of bases (148 nucleotides) with significant covariation (R-scape e-value < 0.05). We
directly plotted R-scape covariation weights of these 148 nucleotides against their ET weights,
shown in S8A Fig. We immediately find a correlation between ET score and R-scape score
(correlation coefficient r = 0.47), indicating that highly covariant positions will tend to have a
low ET score, and vice-versa. Secondly, as shown in S8B Fig, we find very little overlap between
the top ET nucleotides and the 148 high covariation nucleotides. Finally, these two mostly
non-overlapping nucleotide groups appear to modulate different features, as shown in S8C
Fig. These data show that ET scores and R-scape covariation scores are highly complementary
in this example, and we leave for a future study a deeper consideration of these comparisons to
understand how well they generalize.

As this study has focused on well-known structured RNAs, it is not entirely clear whether
ET properties are common to all RNA classes, especially novel classes such as IncRNA which
have a tenuous link between sequence, structure, and function. However, in cases where the
RNA of interest is well-represented by a set of diverse homologs, researchers will be able to use
ET as a guide to target nucleotides for functional analysis. We expect the need for such analy-
ses to grow in the future, as the scope of RNA research continues to expand. Lastly, some prop-
erties elucidated here for RNA could be translated directly to other polymers, particularly
DNA. The ET scoring schema for scoring evolving polymers is generalist, and can be used on
genomic sequences, to locate functional loci in the non-coding regions.

Supporting information

S1 Fig. Tree traversal and sequence group selection in ET. First, we number nodes from 1 to
N-1 (where N is the number of sequences), according to their position relative to the root.
Then, we iterate through each node in ascending order, and separate the tree into groups
according to tree bifurcation. Because the tree is binary, the number of groups corresponds to
current node position. Accordingly, when ET is evaluating the root (n = 1), all sequences
belong to a single group, as shown in (A). As we move to node n = 2, there are 2 sequence
groups (B), node n = 3 corresponds to 3 sequences groups (C), and so on, until we arrive at the
last node, and the number of sequence groups is N-1 as shown in (D)

(TIFF)

S2 Fig. ET identifies functional sites in the hammerhead (ROC AUC). ROC AUC measure
of prediction accuracy for all sites combined (A), the core site (B), and the distal loops (C), is

in agreement with ET overlap z-scores.
(TIFF)

$3 Fig. ET outperforms conservation in detecting distal loops of the hammerhead. Overlap
z-score shows that both ET and entropy identify the conserved catalytic core of the molecule
(A). However, only ET identifies the distal region, which lacks obvious conservation (B).
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Represented as ROC curves in (C) and (D), the data support the same conclusion.
(TIF)

$4 Fig. Nucleotide conservation in the hammerhead. Conservation scores are assigned
according to Shannon Information Entropy, normalized to 0 to 100% coverage scale. Note
that compared to ET mapping in Fig 3A, the distal regions are not as highly ranked.
(TIFF)

S5 Fig. ET detects functional sites in the ribosome (ROC AUC). Broadly, measures of ROC
AUC for the 16S rRNA (A) and the 23S rRNA (B) are in accordance with overlap z-scores.
(TIFF)

S6 Fig. ET discriminates between deleterious and benign mutations in the ribosome. Both
in (A) 23S and (B) 16S rRNA, nucleotides with benign mutations are scored lower by ET than
nucleotides with lethal mutations, as shown by both overlap z-scores, left, and ROC AUCs,
right.

(TIFF)

S7 Fig. ET outperforms conservation in the ribosome. For each of the 17 ribosomal func-
tional sites in our test set, we measured the difference in prediction accuracy between ET and
conservation (Shannon information entropy). The four metrics of prediction accuracy used
are (A) mean z-score of overlap for nucleotides bins ranked in top 0-35%, (B) z-score of over-
lap averaged over all rank bins (C) maximum overlap z-score, and (D) area under the ROC
curve. While the scores agree, ET generally outperforms conservation.

(TIFF)

S8 Fig. ET and R-scape are complementary in RNAse P. Direct comparison of scores in (A)
shows that higher-ranked ET nucleotides tend to have low covariation, and vice-versa, with a
correlation coefficient of r = 0.47 (note that the correlation coefficient is positive, instead of
negative, because of ET percentile rank notation, where higher percentile rank corresponds to
lower ET importance). In (B), we further show that there is very little overlap between the two
nucleotide groups by plotting ET nucleotides (red) and the high covariation nucleotides (blue)
on the structure of RNAse P. Note that only 16 nucleotides are found both in the ET group
and the R-scape covariation group (shown in purple). Finally in (C), we include RNAse P sub-
strate (tRNA in pink) and structural protein partner (yellow) to show that while ET nucleo-
tides recovered functional sites, namely, the enzymatic site and the binding surfaces, the
covarying nucleotides recovered the structural helices. Together these data show that in
RNAse P, ET score and R-scape covariation score are complementary.

(TIFF)

S1 Table. Rfam test set. Listed in S1A Table are the 1070 Rfam families traced in this study. In
S1B Table is a subset of 70 families with high-resolution structures that make up the three-
dimensional structure test set. Finally, in S1C Table is a subset of 15 Rfam families with anno-
tated functional sites that we use in the functional site prediction test.

(XLSX)

S2 Table. Annotation of functional sites in the ribosome. The table is an extension of S1C
Table, and it enumerates nucleotides making up functional sites in the 16S and 23S rRNA.
(XLSX)

S3 Table. ET recovers functional nucleotides in the hammerhead. This table details the
hypergeometric analysis used to produce overlap z-scores in the hammerhead.
(XLSX)
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$4 Table. ET recovers functional nucleotides in the ribosome. This table details overlap z-
score analysis for the ribosome at ET threshold of 35%.
(XLS)

S5 Table. List of ribosomal nucleotides in the undocumented ET clusters.
(XLSX)

S6 Table. ET recovers structural contacts in Rfam families. This table details the clustering
z-score analysis for the three-dimensional structure set (S6A) and the secondary structure set
(S6B). In both cases ET nucleotides recover significantly more structural contacts than would
be expected by random chance.

(XLSX)

Acknowledgments

The authors wish to thank Panos Katsonis, Rhonald Lua, and David Marciano for helpful
comments.

Author Contributions

Conceptualization: Angela D. Wilkins, Olivier Lichtarge.
Formal analysis: Ilya B. Novikov.

Funding acquisition: Olivier Lichtarge.

Investigation: Ilya B. Novikov.

Methodology: Ilya B. Novikov.

Project administration: Angela D. Wilkins.
Supervision: Angela D. Wilkins, Olivier Lichtarge.
Validation: Ilya B. Novikov.

Visualization: Ilya B. Novikov.

Writing - original draft: Ilya B. Novikov.

Writing - review & editing: Ilya B. Novikov, Angela D. Wilkins.

References
1. Mattick JS, Makunin IV. Non-coding RNA. Hum Mol Genet. 2006; 15 Spec No 1:R17-29.

2. Mercer TR, Dinger ME, Mattick JS. Long non-coding RNAs: insights into functions. Nat Rev Genet.
2009; 10(3):155-9. https://doi.org/10.1038/nrg2521 PMID: 19188922

3. Ridanpaa M, van Eenennaam H, Pelin K, Chadwick R, Johnson C, Yuan B, et al. Mutations in the RNA
component of RNase MRP cause a pleiotropic human disease, cartilage-hair hypoplasia. Cell. 2001;
104(2):195-203. https://doi.org/10.1016/s0092-8674(01)00205-7 PMID: 11207361

4. SahooT, del Gaudio D, German JR, Shinawi M, Peters SU, Person RE, et al. Prader-Willi phenotype
caused by paternal deficiency for the HBII-85 C/D box small nucleolar RNA cluster. Nat Genet. 2008;
40(6):719-21. https://doi.org/10.1038/ng.158 PMID: 18500341

5. Vulliamy T, Marrone A, Goldman F, Dearlove A, Bessler M, Mason PJ, et al. The RNA component of tel-
omerase is mutated in autosomal dominant dyskeratosis congenita. Nature. 2001; 413(6854):432-5.
https://doi.org/10.1038/35096585 PMID: 11574891

6. Esteller M. Non-coding RNAs in human disease. Nat Rev Genet. 2011; 12(12):861-74. https://doi.org/
10.1038/nrg3074 PMID: 22094949

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007583 March 24, 2020 25/28


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1007583.s012
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1007583.s013
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1007583.s014
https://doi.org/10.1038/nrg2521
http://www.ncbi.nlm.nih.gov/pubmed/19188922
https://doi.org/10.1016/s0092-8674(01)00205-7
http://www.ncbi.nlm.nih.gov/pubmed/11207361
https://doi.org/10.1038/ng.158
http://www.ncbi.nlm.nih.gov/pubmed/18500341
https://doi.org/10.1038/35096585
http://www.ncbi.nlm.nih.gov/pubmed/11574891
https://doi.org/10.1038/nrg3074
https://doi.org/10.1038/nrg3074
http://www.ncbi.nlm.nih.gov/pubmed/22094949
https://doi.org/10.1371/journal.pcbi.1007583

PLOS COMPUTATIONAL BIOLOGY An evolutionary trace method defines functional sites in RNA

7. Taft RJ, Pang KC, Mercer TR, Dinger M, Mattick JS. Non-coding RNAs: regulators of disease. J Pathol.
2010; 220(2):126—39. https://doi.org/10.1002/path.2638 PMID: 19882673

8. Gutschner T, Hammerle M, Eissmann M, Hsu J, Kim Y, Hung G, et al. The noncoding RNA MALAT1 is
a critical regulator of the metastasis phenotype of lung cancer cells. Cancer Res. 2013; 73(3):1180-9.
https://doi.org/10.1158/0008-5472.CAN-12-2850 PMID: 23243023

9. QiY,O0iHS, WuJ, Chend, Zhang X, Tan S, et al. MALAT1 long ncRNA promotes gastric cancer
metastasis by suppressing PCDH10. Oncotarget. 2016; 7(11):12693-703. https://doi.org/10.18632/
oncotarget.7281 PMID: 26871474

10. Howe JA, Wang H, Fischmann TO, Balibar CJ, Xiao L, Galgoci AM, et al. Selective small-molecule inhi-
bition of an RNA structural element. Nature. 2015; 526(7575):672—7. https://doi.org/10.1038/
nature15542 PMID: 26416753

11.  Wilson DN. Ribosome-targeting antibiotics and mechanisms of bacterial resistance. Nat Rev Microbiol.
2014; 12(1):35-48. https://doi.org/10.1038/nrmicro3155 PMID: 24336183

12. Schmitz U, Naderi-Meshkin H, Gupta SK, Wolkenhauer O, Vera J. The RNA world in the 21st century-a
systems approach to finding non-coding keys to clinical questions. Brief Bioinform. 2015.

13. Weeks KM. Advances in RNA structure analysis by chemical probing. Curr Opin Struct Biol. 2010; 20
(3):295-304. https://doi.org/10.1016/j.sbi.2010.04.001 PMID: 20447823

14. Markham NR, Zuker M. UNAFold: software for nucleic acid folding and hybridization. Methods Mol Biol.
2008; 453:3-31. https://doi.org/10.1007/978-1-60327-429-6_1 PMID: 18712296

15. Parisien M, Major F. The MC-Fold and MC-Sym pipeline infers RNA structure from sequence data.
Nature. 2008; 452(7183):51-5. https://doi.org/10.1038/nature06684 PMID: 18322526

16. ReederJ, Hochsmann M, Rehmsmeier M, Voss B, Giegerich R. Beyond Mfold: recent advances in
RNA bioinformatics. J Biotechnol. 2006; 124(1):41-55. PMID: 16530285

17. Zuker M. Mfold web server for nucleic acid folding and hybridization prediction. Nucleic Acids Res.
20083; 31(13):3406—15. https://doi.org/10.1093/nar/gkg595 PMID: 12824337

18. Miao Z, Westhof E. RNA Structure: Advances and Assessment of 3D Structure Prediction. Annual
Review of Biophysics. 2017; 46(1):483-503.

19. Nelson JA, Uhlenbeck OC. Hammerhead redux: does the new structure fit the old biochemical data?
RNA. 2008; 14(4):605—-15. https://doi.org/10.1261/ra.912608 PMID: 18287565

20. Wilkins A, Erdin S, Lua R, Lichtarge O. Evolutionary trace for prediction and redesign of protein func-
tional sites. Methods Mol Biol. 2012; 819:29—-42. https://doi.org/10.1007/978-1-61779-465-0_3 PMID:
22183528

21. Ashkenazy H, Abadi S, Martz E, Chay O, Mayrose |, Pupko T, et al. ConSurf 2016: an improved meth-
odology to estimate and visualize evolutionary conservation in macromolecules. Nucleic Acids Res.
2016; 44(W1):W344-50. https://doi.org/10.1093/nar/gkw408 PMID: 27166375

22. Davydov EV, Goode DL, Sirota M, Cooper GM, Sidow A, Batzoglou S. Identifying a high fraction of the
human genome to be under selective constraint using GERP++. PLoS Comput Biol. 2010; 6(12):
e€1001025. https://doi.org/10.1371/journal.pcbi. 1001025 PMID: 21152010

23. Siepel A, Bejerano G, Pedersen JS, Hinrichs AS, Hou M, Rosenbloom K, et al. Evolutionarily conserved
elements in vertebrate, insect, worm, and yeast genomes. Genome Res. 2005; 15(8):1034-50. https://
doi.org/10.1101/gr.3715005 PMID: 16024819

24. Levitt M. Detailed molecular model for transfer ribonucleic acid. Nature. 1969; 224(5221):759-63.
https://doi.org/10.1038/224759a0 PMID: 5361649

25. Fox GE, Woese CR. 5S RNA secondary structure. Nature. 1975; 256(5517):505—7. https://doi.org/10.
1038/256505a0 PMID: 808733

26. Michel F, Westhof E. Modelling of the three-dimensional architecture of group | catalytic introns based
on comparative sequence analysis. J Mol Biol. 1990; 216(3):585—610. https://doi.org/10.1016/0022-
2836(90)90386-Z PMID: 2258934

27. Sakakibara Y, Brown M, Hughey R, Mian IS, Sjolander K, Underwood RC, et al. Stochastic context-free
grammars for tRNA modeling. Nucleic Acids Res. 1994; 22(23):5112-20. https://doi.org/10.1093/nar/
22.23.5112 PMID: 7800507

28. Weinreb C, Riesselman AJ, Ingraham JB, Gross T, Sander C, Marks DS. 3D RNA and Functional Inter-
actions from Evolutionary Couplings. Cell. 2016; 165(4):963-75. https://doi.org/10.1016/j.cell.2016.03.
030 PMID: 27087444

29. Lichtarge O, Bourne HR, Cohen FE. An evolutionary trace method defines binding surfaces common to
protein families. J Mol Biol. 1996; 257(2):342-58. https://doi.org/10.1006/jmbi.1996.0167 PMID:
8609628

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007583 March 24, 2020 26/28


https://doi.org/10.1002/path.2638
http://www.ncbi.nlm.nih.gov/pubmed/19882673
https://doi.org/10.1158/0008-5472.CAN-12-2850
http://www.ncbi.nlm.nih.gov/pubmed/23243023
https://doi.org/10.18632/oncotarget.7281
https://doi.org/10.18632/oncotarget.7281
http://www.ncbi.nlm.nih.gov/pubmed/26871474
https://doi.org/10.1038/nature15542
https://doi.org/10.1038/nature15542
http://www.ncbi.nlm.nih.gov/pubmed/26416753
https://doi.org/10.1038/nrmicro3155
http://www.ncbi.nlm.nih.gov/pubmed/24336183
https://doi.org/10.1016/j.sbi.2010.04.001
http://www.ncbi.nlm.nih.gov/pubmed/20447823
https://doi.org/10.1007/978-1-60327-429-6_1
http://www.ncbi.nlm.nih.gov/pubmed/18712296
https://doi.org/10.1038/nature06684
http://www.ncbi.nlm.nih.gov/pubmed/18322526
http://www.ncbi.nlm.nih.gov/pubmed/16530285
https://doi.org/10.1093/nar/gkg595
http://www.ncbi.nlm.nih.gov/pubmed/12824337
https://doi.org/10.1261/rna.912608
http://www.ncbi.nlm.nih.gov/pubmed/18287565
https://doi.org/10.1007/978-1-61779-465-0_3
http://www.ncbi.nlm.nih.gov/pubmed/22183528
https://doi.org/10.1093/nar/gkw408
http://www.ncbi.nlm.nih.gov/pubmed/27166375
https://doi.org/10.1371/journal.pcbi.1001025
http://www.ncbi.nlm.nih.gov/pubmed/21152010
https://doi.org/10.1101/gr.3715005
https://doi.org/10.1101/gr.3715005
http://www.ncbi.nlm.nih.gov/pubmed/16024819
https://doi.org/10.1038/224759a0
http://www.ncbi.nlm.nih.gov/pubmed/5361649
https://doi.org/10.1038/256505a0
https://doi.org/10.1038/256505a0
http://www.ncbi.nlm.nih.gov/pubmed/808733
https://doi.org/10.1016/0022-2836(90)90386-Z
https://doi.org/10.1016/0022-2836(90)90386-Z
http://www.ncbi.nlm.nih.gov/pubmed/2258934
https://doi.org/10.1093/nar/22.23.5112
https://doi.org/10.1093/nar/22.23.5112
http://www.ncbi.nlm.nih.gov/pubmed/7800507
https://doi.org/10.1016/j.cell.2016.03.030
https://doi.org/10.1016/j.cell.2016.03.030
http://www.ncbi.nlm.nih.gov/pubmed/27087444
https://doi.org/10.1006/jmbi.1996.0167
http://www.ncbi.nlm.nih.gov/pubmed/8609628
https://doi.org/10.1371/journal.pcbi.1007583

PLOS COMPUTATIONAL BIOLOGY An evolutionary trace method defines functional sites in RNA

30. Mihalek |, Res |, Lichtarge O. A family of evolution-entropy hybrid methods for ranking protein residues
by importance. J Mol Biol. 2004; 336(5):1265-82. https://doi.org/10.1016/j.jmb.2003.12.078 PMID:
15037084

31. Katsonis P, Lichtarge O. A formal perturbation equation between genotype and phenotype determines
the Evolutionary Action of protein-coding variations on fitness. Genome Res. 2014; 24(12):2050-8.
https://doi.org/10.1101/gr.176214.114 PMID: 25217195

32. Lichtarge O, Yao H, Kristensen DM, Madabushi S, Mihalek I. Accurate and scalable identification of
functional sites by evolutionary tracing. J Struct Funct Genomics. 2003; 4(2—-3):159-66. https://doi.org/
10.1023/a:1026115125950 PMID: 14649300

33. Rajagopalan L, Patel N, Madabushi S, Goddard JA, Anjan V, Lin F, et al. Essential helix interactions in
the anion transporter domain of prestin revealed by evolutionary trace analysis. J Neurosci. 2006; 26
(49):12727-34. https://doi.org/10.1523/JNEUROSCI.2734-06.2006 PMID: 17151276

34. Resl|, Mihalek |, Lichtarge O. An evolution based classifier for prediction of protein interfaces without
using protein structures. Bioinformatics. 2005; 21(10):2496-501. https://doi.org/10.1093/bioinformatics/
bti340 PMID: 15728113

35. Rodriguez GJ, Yao R, Lichtarge O, Wensel TG. Evolution-guided discovery and recoding of allosteric
pathway specificity determinants in psychoactive bioamine receptors. Proc Natl Acad Sci U S A. 2010;
107(17):7787-92. https://doi.org/10.1073/pnas.0914877107 PMID: 20385837

36. Raviscioni M, He Q, Salicru EM, Smith CL, Lichtarge O. Evolutionary identification of a subtype specific
functional site in the ligand binding domain of steroid receptors. Proteins. 2006; 64(4):1046-57. https://
doi.org/10.1002/prot.21074 PMID: 16835908

37. GuP, Morgan DH, Sattar M, Xu X, Wagner R, Raviscioni M, et al. Evolutionary trace-based peptides
identify a novel asymmetric interaction that mediates oligomerization in nuclear receptors. J Biol Chem.
2005; 280(36):31818-29. hitps://doi.org/10.1074/jbc.M501924200 PMID: 15994320

38. Erdin S, Venner E, Lisewski AM, Lichtarge O. Function prediction from networks of local evolutionary
similarity in protein structure. BMC Bioinformatics. 2013; 14 Suppl 3:S6.

39. Kristensen DM, Ward RM, Lisewski AM, Erdin S, Chen BY, Fofanov VY, et al. Prediction of enzyme
function based on 3D templates of evolutionarily important amino acids. BMC Bioinformatics. 2008;
9:17. https://doi.org/10.1186/1471-2105-9-17 PMID: 18190718

40. Madabushi S, Yao H, Marsh M, Kristensen DM, Philippi A, Sowa ME, et al. Structural clusters of evolu-
tionary trace residues are statistically significant and common in proteins. J Mol Biol. 2002; 316(1):139—
54. https://doi.org/10.1006/jmbi.2001.5327 PMID: 11829509

41. Mihalek |, Res |, Lichtarge O. Evolutionary and structural feedback on selection of sequences for com-
parative analysis of proteins. Proteins. 2006; 63(1):87—99. https://doi.org/10.1002/prot.20866 PMID:
16397893

42. Mihalek|, Res |, Lichtarge O. A structure and evolution-guided Monte Carlo sequence selection strategy
for multiple alignment-based analysis of proteins. Bioinformatics. 2006; 22(2):149-56. https://doi.org/
10.1093/bioinformatics/bti791 PMID: 16303797

43. Wilkins AD, Venner E, Marciano DC, Erdin S, Atri B, Lua RC, et al. Accounting for epistatic interactions
improves the functional analysis of protein structures. Bioinformatics. 2013; 29(21):2714-21. https://
doi.org/10.1093/bioinformatics/btt489 PMID: 24021383

44. Kalvaril, Argasinska J, Quinones-Olvera N, Nawrocki EP, Rivas E, Eddy SR, et al. Rfam 13.0: shifting
to a genome-centric resource for non-coding RNA families. Nucleic Acids Res. 2018; 46(D1):D335—
D42. https://doi.org/10.1093/nar/gkx1038 PMID: 29112718

45. Mihalek |, Res|, Yao H, Lichtarge O. Combining inference from evolution and geometric probability in
protein structure evaluation. J Mol Biol. 2003; 331(1):263-79. https://doi.org/10.1016/s0022-2836(03)
00663-6 PMID: 12875851

46. Hammann C, Luptak A, Perreault J, de la Pena M. The ubiquitous hammerhead ribozyme. RNA. 2012;
18(5):871-85. https://doi.org/10.1261/rma.031401.111 PMID: 22454536

47. Fedor MJ. Comparative enzymology and structural biology of RNA self-cleavage. Annu Rev Biophys.
2009; 38:271-99. https://doi.org/10.1146/annurev.biophys.050708.133710 PMID: 19416070

48. ChiYI, Martick M, Lares M, Kim R, Scott WG, Kim SH. Capturing hammerhead ribozyme structures in
action by modulating general base catalysis. PLoS Biol. 2008; 6(9):e234. https://doi.org/10.1371/
journal.pbio.0060234 PMID: 18834200

49. Khvorova A, Lescoute A, Westhof E, Jayasena SD. Sequence elements outside the hammerhead ribo-
zyme catalytic core enable intracellular activity. Nat Struct Biol. 2003; 10(9):708—12. https://doi.org/10.
1038/nsb959 PMID: 12881719

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007583 March 24, 2020 27/28


https://doi.org/10.1016/j.jmb.2003.12.078
http://www.ncbi.nlm.nih.gov/pubmed/15037084
https://doi.org/10.1101/gr.176214.114
http://www.ncbi.nlm.nih.gov/pubmed/25217195
https://doi.org/10.1023/a:1026115125950
https://doi.org/10.1023/a:1026115125950
http://www.ncbi.nlm.nih.gov/pubmed/14649300
https://doi.org/10.1523/JNEUROSCI.2734-06.2006
http://www.ncbi.nlm.nih.gov/pubmed/17151276
https://doi.org/10.1093/bioinformatics/bti340
https://doi.org/10.1093/bioinformatics/bti340
http://www.ncbi.nlm.nih.gov/pubmed/15728113
https://doi.org/10.1073/pnas.0914877107
http://www.ncbi.nlm.nih.gov/pubmed/20385837
https://doi.org/10.1002/prot.21074
https://doi.org/10.1002/prot.21074
http://www.ncbi.nlm.nih.gov/pubmed/16835908
https://doi.org/10.1074/jbc.M501924200
http://www.ncbi.nlm.nih.gov/pubmed/15994320
https://doi.org/10.1186/1471-2105-9-17
http://www.ncbi.nlm.nih.gov/pubmed/18190718
https://doi.org/10.1006/jmbi.2001.5327
http://www.ncbi.nlm.nih.gov/pubmed/11829509
https://doi.org/10.1002/prot.20866
http://www.ncbi.nlm.nih.gov/pubmed/16397893
https://doi.org/10.1093/bioinformatics/bti791
https://doi.org/10.1093/bioinformatics/bti791
http://www.ncbi.nlm.nih.gov/pubmed/16303797
https://doi.org/10.1093/bioinformatics/btt489
https://doi.org/10.1093/bioinformatics/btt489
http://www.ncbi.nlm.nih.gov/pubmed/24021383
https://doi.org/10.1093/nar/gkx1038
http://www.ncbi.nlm.nih.gov/pubmed/29112718
https://doi.org/10.1016/s0022-2836(03)00663-6
https://doi.org/10.1016/s0022-2836(03)00663-6
http://www.ncbi.nlm.nih.gov/pubmed/12875851
https://doi.org/10.1261/rna.031401.111
http://www.ncbi.nlm.nih.gov/pubmed/22454536
https://doi.org/10.1146/annurev.biophys.050708.133710
http://www.ncbi.nlm.nih.gov/pubmed/19416070
https://doi.org/10.1371/journal.pbio.0060234
https://doi.org/10.1371/journal.pbio.0060234
http://www.ncbi.nlm.nih.gov/pubmed/18834200
https://doi.org/10.1038/nsb959
https://doi.org/10.1038/nsb959
http://www.ncbi.nlm.nih.gov/pubmed/12881719
https://doi.org/10.1371/journal.pcbi.1007583

PLOS COMPUTATIONAL BIOLOGY An evolutionary trace method defines functional sites in RNA

50. MirA, ChenJ, Robinson K, Lendy E, Goodman J, Neau D, et al. Two Divalent Metal lons and Confor-
mational Changes Play Roles in the Hammerhead Ribozyme Cleavage Reaction. Biochemistry. 2015;
54(41):6369-81. https://doi.org/10.1021/acs.biochem.5b00824 PMID: 26398724

51. Hammann C, Norman DG, Lilley DM. Dissection of the ion-induced folding of the hammerhead ribo-
zyme using 19F NMR. Proc Natl Acad Sci U S A. 2001; 98(10):5503-8. https://doi.org/10.1073/pnas.
091097498 PMID: 11331743

52. Demeshkina N, Jenner L, Westhof E, Yusupov M, Yusupova G. A new understanding of the decoding
principle on the ribosome. Nature. 2012; 484(7393):256-9. https://doi.org/10.1038/nature 10913 PMID:
22437501

53. Beringer M, Rodnina MV. The ribosomal peptidyl transferase. Mol Cell. 2007; 26(3):311-21. https://doi.
org/10.1016/j.molcel.2007.03.015 PMID: 17499039

54. Voorhees RM, Weixlbaumer A, Loakes D, Kelley AC, Ramakrishnan V. Insights into substrate stabiliza-
tion from snapshots of the peptidyl transferase center of the intact 70S ribosome. Nat Struct Mol Biol.
2009; 16(5):528-33. https://doi.org/10.1038/nsmb.1577 PMID: 19363482

55. Petrov AS, Bernier CR, Hsiao C, Norris AM, Kovacs NA, Waterbury CC, et al. Evolution of the ribosome
at atomic resolution. Proc Natl Acad Sci U S A. 2014; 111(28):10251-6. https://doi.org/10.1073/pnas.
1407205111 PMID: 24982194

56. Nomura M. Assembly of bacterial ribosomes. Science. 1973; 179(4076):864—73. https://doi.org/10.
1126/science.179.4076.864 PMID: 4569247

57. LiuQ, Fredrick K. Intersubunit Bridges of the Bacterial Ribosome. J Mol Biol. 2016; 428(10 Pt B):2146—
64.

58. Kowalak JA, Bruenger E, McCloskey JA. Posttranscriptional modification of the central loop of domain
V in Escherichia coli 23 S ribosomal RNA. J Biol Chem. 1995; 270(30):17758—-64. https://doi.org/10.
1074/jbc.270.30.17758 PMID: 7629075

59. Krzyzosiak W, Denman R, Nurse K, Hellmann W, Boublik M, Gehrke CW, et al. In vitro synthesis of 16S
ribosomal RNA containing single base changes and assembly into a functional 30S ribosome. Biochem-
istry. 1987; 26(8):2353—-64. https://doi.org/10.1021/bi00382a042 PMID: 3304424

60. Cannone JJ, Subramanian S, Schnare MN, Collett JR, D’Souza LM, Du Y, et al. The comparative RNA
web (CRW) site: an online database of comparative sequence and structure information for ribosomal,
intron, and other RNAs. BMC Bioinformatics. 2002; 3:2. https://doi.org/10.1186/1471-2105-3-2 PMID:
11869452

61. Klaholz BP, Myasnikov AG, Van Heel M. Visualization of release factor 3 on the ribosome during termi-
nation of protein synthesis. Nature. 2004; 427(6977):862-5. https://doi.org/10.1038/nature02332
PMID: 14985767

62. Julian P, Milon P, Agirrezabala X, Lasso G, Gil D, Rodnina MV, et al. The Cryo-EM structure of a com-
plete 30S translation initiation complex from Escherichia coli. PLoS Biol. 2011; 9(7):e1001095. https://
doi.org/10.1371/journal.pbio.1001095 PMID: 21750663

63. Lehman N. RNA in evolution. Wiley Interdisciplinary Reviews: RNA. 2010; 1(2):202—13. https://doi.org/
10.1002/wrna.37 PMID: 21935885

64. RivasE, Clements J, Eddy SR. A statistical test for conserved RNA structure shows lack of evidence for
structure in INcRNAs. Nat Methods. 2017; 14(1):45-8. https://doi.org/10.1038/nmeth.4066 PMID:
27819659

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007583 March 24, 2020 28/28


https://doi.org/10.1021/acs.biochem.5b00824
http://www.ncbi.nlm.nih.gov/pubmed/26398724
https://doi.org/10.1073/pnas.091097498
https://doi.org/10.1073/pnas.091097498
http://www.ncbi.nlm.nih.gov/pubmed/11331743
https://doi.org/10.1038/nature10913
http://www.ncbi.nlm.nih.gov/pubmed/22437501
https://doi.org/10.1016/j.molcel.2007.03.015
https://doi.org/10.1016/j.molcel.2007.03.015
http://www.ncbi.nlm.nih.gov/pubmed/17499039
https://doi.org/10.1038/nsmb.1577
http://www.ncbi.nlm.nih.gov/pubmed/19363482
https://doi.org/10.1073/pnas.1407205111
https://doi.org/10.1073/pnas.1407205111
http://www.ncbi.nlm.nih.gov/pubmed/24982194
https://doi.org/10.1126/science.179.4076.864
https://doi.org/10.1126/science.179.4076.864
http://www.ncbi.nlm.nih.gov/pubmed/4569247
https://doi.org/10.1074/jbc.270.30.17758
https://doi.org/10.1074/jbc.270.30.17758
http://www.ncbi.nlm.nih.gov/pubmed/7629075
https://doi.org/10.1021/bi00382a042
http://www.ncbi.nlm.nih.gov/pubmed/3304424
https://doi.org/10.1186/1471-2105-3-2
http://www.ncbi.nlm.nih.gov/pubmed/11869452
https://doi.org/10.1038/nature02332
http://www.ncbi.nlm.nih.gov/pubmed/14985767
https://doi.org/10.1371/journal.pbio.1001095
https://doi.org/10.1371/journal.pbio.1001095
http://www.ncbi.nlm.nih.gov/pubmed/21750663
https://doi.org/10.1002/wrna.37
https://doi.org/10.1002/wrna.37
http://www.ncbi.nlm.nih.gov/pubmed/21935885
https://doi.org/10.1038/nmeth.4066
http://www.ncbi.nlm.nih.gov/pubmed/27819659
https://doi.org/10.1371/journal.pcbi.1007583

