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Abstract
Temperature adaptation of bacterial RNAs is a subject of both fundamental and practical
interest because it will allow a better understanding of molecular mechanism of RNA folding
with potential industrial application of functional thermophilic or psychrophilic RNAs. Here,
we performed a comprehensive study of rRNA, tRNA, and mRNA of more than 200 bacterial
species with optimal growth temperatures (OGT) ranging from 4˚C to 95˚C. We investigated
temperature adaptation at primary, secondary and tertiary structure levels. We showed that
unlike mRNA, tRNA and rRNA were optimized for their structures at compositional levels
with significant tertiary structural features even for their corresponding randomly permutated
sequences. tRNA and rRNA are more exposed to solvent but remain structured for hyperthermophiles with nearly OGT-independent fluctuation of solvent accessible surface area
within a single RNA chain. mRNA in hyperthermophiles is essentially the same as random
sequences without tertiary structures although many mRNA in mesophiles and psychrophiles have well-defined tertiary structures based on their low overall solvent exposure with
clear separation of deeply buried from partly exposed bases as in tRNA and rRNA. These
results provide new insight into temperature adaptation of different RNAs.

Introduction
Since bacteria first appeared on the Earth several billion years ago, they have colonized every
part of the planet ranging from frigid-cold polar regions and stratospheres to super-hot hydrothermal vents. Bacteria adapted to different temperatures were classified into psychrophiles
(<24˚C), mesophiles (24˚C-50˚C), thermophiles (50˚C-80˚C), and hyperthermophiles
(>80˚C) according to their optimal growth temperatures (OGT). Temperature adaptation of
bacterial biomolecules is a subject not only of fundamental interest in molecular evolution and
adaptation [1] but also of practical interest of biotech industries [2–4]. Temperature adaptation
requires coordinated changes in all biologically active molecules [5], at the genome (DNA),
transcriptome (RNA), and proteome (proteins) levels, in particular.
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Temperature adaptation of proteins has been a subject of intensive studies for several
decades [6–9]. These studies revealed that thermophilic proteins were stabilized by multiple
factors including deletion of surface loops [10, 11], tight packing by more branched hydrophobic side chains [12–15], and increased use of salt bridge network [16–18]. Thus, temperature
adaptation of proteins occurs at both sequential and three-dimensional structural levels.
At the DNA level, most studies were limited to analysis of the composition of four nucleotides. The binding affinity of a double stranded-DNA is strongly depending on its nucleotide
composition because the base pair between guanine (G) and cytosine (C) is bound by three
hydrogen bonds, compared to two hydrogen bonds between adenine (A) and thymine (T).
Thus, one might expect that the genomes of thermophilic species have higher GC content, relative to mesophiles and psychrophiles, in order to counteract thermal denaturation. Opposite
to the expectation, there is no correlation between the GC content of the genome and the OGT
of bacteria [19–21]. DNA was found stabilized by other techniques such as increase of ionic
strength, cationic proteins, and supercoiling [22, 23].
At the RNA level, higher GC contents were observed in thermophilic ribosomal RNA
(rRNA) [19, 24–26], transfer RNA (tRNA) [19, 24] and functional noncoding RNA [27], but
not in messenger RNA (mRNA) [19, 24, 28]. For mRNA, an increased frequency of purine (G
+A) was observed [29, 30]. Codon usage in mRNA of different species was also shown to be
different at different OGT [29, 31] but their link to temperature adaption is not clearly established [32].
In contrast to compositional analysis of RNA bases, very little is known about temperature
adaptation of RNA structures. Dutta and Chaudhuri showed that the secondary structure of
tRNA was more stably folded [33]. Mallik and Kundu found that the tertiary structure of thermophilic 16S rRNA is more packed than that of mesophilic one [34]. Limited knowledge is
largely due to the fact that RNA structures are challenging to determine experimentally while
computational prediction of tertiary structure is far from accurate [35]. Moreover, ab initio
prediction of tertiary structure [36–38] predicts the structures of isolated RNA chains that may
or may not reflect their functional conformations in vivo.
Recently, we have developed a method called RNAsnap that makes sequence-based prediction of solvent accessible surface area (ASA) of RNA bases in its tertiary structure [39]. The
method, that was trained by using protein-bound RNA structures, achieved with correlation
coefficients (r) above 0.6 between predicted and actual solvent accessible surface area for five
fold cross validation and independent test. However, it has a poor performance for proteinfree RNA structures (r~0.2). Similarly, it correlates strongly with the accessibility of 6178
human mRNA sequences to dimethyl sulfate (DMS) experimentally measured in in vivo
(r = 0.37) [40] but not in vitro (r = 0.07). Although only unpaired, exposed adenine and cytosine residues were detected by DMS, it was used successfully to approximate solvent accessibility [40]. These results suggest that RNAsnap can predict ASA of functional structures of RNAs
without the information from their interacting partners. Bound structures are likely formed
through conformational selection upon binding, as supported by experimental evidence [41,
42].
In this study, we will apply RNAsnap along with secondary structure prediction by RNAfold [43] to investigate the role of secondary and tertiary structure in temperature adaptation
of bacterial rRNA, tRNA, and mRNA. RNAsnap was built based on X-ray structures crystallized at low temperatures. In other words, it is not feasible to determine ASA as a function of
temperature. Thus, our investigation of temperature adaptation focused on how RNA
sequences encode secondary structure and solvent accessible surface area differently for species with different OGTs. This is a generally accepted practice as there is simple no other alternative to analyze temperature-dependent behavior. For example, thermophilic and mesophilic
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16S rRNAs were compared directly, despite that they were crystalized at the same temperature
of 277K [34]. Here, we showed that rRNA and tRNA have very different temperature adaptation from mRNA. rRNA and tRNA in thermophiles and hyperthermophiles retain their structures whereas the corresponding mRNA behaves like random sequences without significant
secondary or tertiary structures.

Materials and methods
Datasets
Three datasets of RNA sequences were built from the bacterial species with known OGTs. We
obtained 729 prokaryote species with OGTs compiled by Lobry and Necsulea [32] and 131
extremophile species with OGTs available from the BacDive metadatabase [44]. The scientific
names of these species were mapped to NCBI’s taxon identifiers (taxids) [45]. After limiting to
bacterial species and only one strain per species, we obtained 536 retrieved taxids to search
against the Reference Sequence (RefSeq) database [46] for well annotated bacterial genomes.
There are 5,507 sequences of 20 tRNA coding genes from 289 species, and 9,624 mRNA
sequences from 172 essential protein-coding genes [47] in 287 species, and 107 5S rRNA
sequences from 107 species (not all the species have the same genes annotated). Here, we
chose 5S rRNA to represent rRNA because 16S and 23S rRNAs were annotated in less than 20
bacterial species. However, the number of 5S RNA sequences is still much smaller than those
of mRNA and tRNA. To increase the statistics of 5S rRNA, additional sequences were retrieved
manually from the NCBI nucleotide database using the scientific names of bacteria species
with available OGT in the BacDive metadatabase. The final set has 158 sequences of 5S rRNA
from 158 species.
In addition to natural sequences, we also generated random RNA sequences with the same
dinucleotide frequencies. Using dinucleotide frequencies, rather than mononucleotide frequencies, for generating random sequences is necessary because RNA secondary structure
depends on pairwise stacking energies [48]. Using Ushuffle [49], we randomly shuffled dinucleotide within each original RNA sequence to obtain the corresponding random RNA
sequence. These random RNA sequences have the same length, GC content and other dinucleotide frequencies as their original RNA sequences. Only one random sequence was generated
per RNA chain as the main purpose is to demonstrate the ability of RNAfold and RNAsnap to
distinguish natural sequences from random sequences, which presumably do not fold into
well-defined structures.

RNA secondary and solvent accessibility prediction
We downloaded and installed RNAfold from the ViennaRNA Package 2 [43]. RNAfold predicts the minimum free energy (MFE) of a single RNA sequence using the algorithm of Zuker
and Stiegler [50] and calculates equilibrium base pairing probabilities using the partition function [51]. The base pairing probabilities are employed to obtain the percentage of paired nucleotides. All default parameters were employed.
The solvent accessible surface area (ASA) of RNA was predicted by the online server of the
RNA SolveNt Accessibility Prediction (RNAsnap) at http://sparks-lab.org [39].

Experimentally determined ASA values
The structures of Escherichia coli’s lysine-tRNA, a segment of mRNA and Thermus thermophilus’s 5S rRNA were extracted from the structure of Thermus thermophilus 70S ribosome in
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complex with the mRNA segment, tRNAfMet and near-cognate tRNALys (PDB 5IB8) [52]. The
ASA of each nucleotide in tRNA, mRNA, and rRNA structures was calculated by PyMOL.

Data average
To reveal the trend, all quantities of RNA chains (the GC contents, predicted percentage of
paired nucleotides, predicted chain-average ASA, and standard deviation of predicted ASA
values in a chain) are averaged over the species with the same OGT (i.e., species are clustered
by bins of one Celsius degree in OGT). Statistical significances (p-value) between OGT dependences were calculated based on the average values, rather than the data from each species to
avoid bias toward temperatures with many species. This is because we are only interested in
the difference in trends of OGT dependences.

Results
Primary structure in temperature adaptation
Because GC contents are commonly employed to investigate temperature adaptation, we
examined the averaged GC contents at each Celsius degree as a function of OGT. As shown in
Fig 1, there are strong positive correlations for tRNA (r = 0.786, p = 1.39e-08) (Fig 1A) and for
rRNA (r = 0.618, p = 0.00027, Fig 1B) but not for mRNA (r = -0.145, p = 0.393, Fig 1C).

Secondary structure in temperature adaptation
Fig 2 examines the overall trend of secondary-structure based on the average fraction of predicted paired nucleotides of RNAs as a function of OGT of their corresponding species. The
results from actual RNA sequences (represented by filled circles) are compared to those of random RNA sequences (represented by open circles). For tRNA (Fig 2A), strong positive correlations (p<0.001) are observed between secondary structure fractions and OGT for both actual
and random sequences with similar, nearly flat slope, suggesting that the OGT-dependent
increase in secondary structure is largely due to increase in GC contents of tRNA. The increment of paired nucleotides from low to high OGT, however, is only between 57.6% and 63.5%
for natural sequences and between 53.4% and 59.7% for random sequences. That is, the

Fig 1. Primary structure vs. Temperature. Average GC content as a function of optimal growth temperature for tRNA (A), rRNA (B), and mRNA (C).
https://doi.org/10.1371/journal.pone.0184722.g001
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Fig 2. Secondary structure vs. temperature. Average number of paired nucleotides predicted by RNAfold as a function of optimal growth temperature for
tRNA (A), rRNA (B), and mRNA (C). Results from random sequences are shown in open symbols.
https://doi.org/10.1371/journal.pone.0184722.g002

increment is mainly due to the change of nucleotide composition in response to OGT changes.
On the other hand, there is an increase in secondary structure for natural sequences of rRNA
for temperature adaptation (r = 0.469, p = 0.00896) but not for random sequences (r = -0.142,
p = 0.456) (Fig 2B). For mRNA (Fig 2C), a negative correlation is observed for both actual and
random sequences (r = -0.580, -0.466 and p = 0.00133, 0.00365, respectively). That is, there is a
loss of secondary structure and this loss is due to changes in compositions because the difference between natural and random sequences is not significant (p = 0.35). Thus, nucleotide
compositions were the dominant factor in different temperature adaptation of secondary
structure contents for tRNA (increase) and mRNA (decrease) whereas rRNA sequences were
optimized for increasing in secondary structure content at higher OGT.

Illustration of predicted and actual ASA values for tRNA and rRNA
Before we apply RNAsnap to monitor the relation between OGT and ASA, it is necessary to
get a sense of the performance of RNAsnap in predicting ASA by using illustrative examples.
We employed Escherichia coli’s lysine-tRNA and Thermus thermophilus 5S rRNA, both from
PDB 5IB8. This structure was deposited in February 22, 2016 and released in May 25, 2016
[52]. We found that the newly deposited tRNA and rRNA sequences are not in sequencehomologous relation to any RNA chains employed in the training RNAsnap [39] based on
sequence similarity determined by the software CD-HIT-est[53]. Thus, it can be considered an
independent test example for RNAsnap.
Fig 3A compares predicted with calculated actual ASA values (in Å2) of Escherichia coli’s
lysine-tRNA as a function of residue indices. It is clear that predicted ASA values follow the
similar variations as actual ASA values with a Pearson correlation coefficient (r) of 0.619
between them (p = 6.899e-09). Fig 3A further projected predicted relative ASA of each nucleotide onto the tRNA structure by using the color scale defined according to predicted ASA. The
figure confirmed that predicted buried regions are in the actual structural core region of
tRNA. Similar results were observed for Thermus thermophilus 5S rRNA as shown in Fig 3B
with an even higher correlation between predicted and actual ASA values (r = 0.712). These
results are consistent with larger non-redundant datasets for cross validation (89 RNA chains)
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Fig 3. Predicted (Red) versus actual (Black) solvent accessible surface area (ASA) of an RNA along with its structure colored coded for accessibility.
Results of a corresponding random sequence (randomly shuffled from the original sequence) were shown in Blue. (A) Lysine-tRNA from E. coli (PDB: 5IB8, chain:
1K), (B) 5S RNA from Thermus thermophilus (PDB: 5IB8, chain: 16) and (C) E coli’s mRNA in the same complex (PDB: 5IB8, chain: 4L) Experimental structures
were color-coded according to the relative ASA: 5+ for Red, 4 for Orange, 3 for Yellow, 2 for Green and 1 for Blue.
https://doi.org/10.1371/journal.pone.0184722.g003

and independent test (44 RNA chains) in the original RNAsnap method paper [39] and, thus,
provided the confidence for our intended analysis on temperature adaptation of solvent accessibility of rRNA and tRNA. Compared to natural sequences (tRNA or rRNA in Fig 3A and 3B),
predicted ASA values of a single randomly shuffled sequence are mostly featureless, indicating
that all RNA bases have a similar level of exposure to solvent, and, thus, are flexible because a
rigid structure would have some residues buried and other exposed (larger fluctuation). In
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other words, RNAsnap can distinguish a random sequence from a natural tRNA/rRNA
sequence.

Predicted and actual ASA values for mRNA
This 5IB8 structure complex also captures a segment of 30-base E. coli’s mRNA in translation.
As shown in Fig 3C, the mRNA is in its open but fixed conformation through its binding to
the ribosomal machinery. By comparison, predicted ASA values of the natural mRNA
sequence are essentially the same as those of the corresponding random sequence, confirming
that this mRNA is structureless, flexible coil, when not binding to the ribosomal machinery.
This agreement between the mRNA structure in ribosome complex and the predicted solvent
accessibility may be coincidental because the mRNA here has to open for translation and some
mRNAs are predicted to have tertiary structures as shown below. Unfortunately, mRNA structures are only determined in ribosome complexes. There are no other mRNA structures available for comparison.

Solvent exposure in temperature adaptation
The overall exposure (the average ASA) of a RNA chain reflected its overall packing. More
exposed chains are less compact or more extended (i.e. potentially less structured and more
flexible). Fig 4 shows that all RNA chains (tRNA, rRNA, and mRNA) have much lower average
exposure than corresponding random sequences, indicating that all RNA chains are less accessible (i.e. more compact) than random sequences. As a comparison, experimentally measured
ASA values (colored points) from a few known tRNA and rRNA structures are plotted along
with predicted values. Computational and experimental values are in the same range and similar trend. The average ASA values of tRNA, rRNA, and mRNA positively correlate to OGT
(r = 0.494, 0.318, 0.615, respectively) and approach to values of random sequences. However,
changes of average ASA values in tRNA (from 162 to 168Å2) and rRNA (from 150 to 160Å2)
are much smaller than those in mRNA (from 160 to 180Å2) as OGT changes from 0 to 100˚C,

Fig 4. Tertiary structure vs. temperature. The average solvent accessible surface area (ASA) by RNAsnap as a function of optimal growth temperature for
tRNA (A), rRNA (B), and mRNA (C). Results from random sequences are shown in open symbols. Colored points are results directly calculated from known
tRNA and rRNA structures as labeled.
https://doi.org/10.1371/journal.pone.0184722.g004
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reflecting the maintenance of tRNA and rRNA but not mRNA structures as temperature
increases.
What is particularly revealing is when ASAs of tRNA, rRNA and mRNA are compared in
the same figure for random (Fig 5A) and actual sequences (Fig 5B). The average ASA values of
random sequences are lower for tRNA and rRNA and higher for mRNA. This indicates that
the compositions of structural RNAs (tRNA and rRNA) are selected to be less solvent accessible. The differences are statistically significant (p<2.2e-16 between tRNA and mRNA and
2.4e-16 between rRNA and mRNA and p = 1.6e-05 between tRNA and rRNA). Fig 5B further
shows that not only compositions but also sequences were selected for structured rRNA in
order to achieve stable rRNA structures at all OGTs. tRNA remains less solvent accessible than
mRNA at high OGT but this is largely due to selections in nucleotide compositions as both
approach to values of random sequences (Fig 4A and 4C). To remove compositional bias, we
subtracted ASA of random sequences from ASA of natural sequences. As shown in Fig 5C, the
correlation coefficients between ASA and OGT increases from 0.494 to 0.606 for tRNA, 0.318
to 0.470 for rRNA, and 0.615 to 0.704 for mRNA. In other words, all RNAs increase exposure
to solvent as OGT increases with fastest increase in mRNA.
The magnitude of fluctuation of ASA can be described by standard deviation of ASA values
in each RNA chain. It indicates how much the ASA of the nucleotides within an RNA molecule
differs from the average ASA of the entire RNA molecule. Standard deviations of ASA can be
used to indicate if an RNA is fully flexible or can fold into a well-defined tertiary structure
because structured RNAs will have a relatively wide distribution of solvent accessibility ranging from deeply buried, partly exposed to fully exposed nucleotides whereas in a flexible RNA,
each nucleotide will be as nearly equally exposed as others due to dynamic motion. Indeed, as
shown in Fig 1A and 1B, ASA values of random sequences are mostly flat and featureless, compared to structured tRNA and rRNA. As shown in Fig 6, the average standard deviation of the
ASA for tRNA and rRNA are much higher than that of mRNA, consistent with the fact that
tRNA and rRNA fold into defined tertiary structures for their function. By comparison, all
random sequences have significantly lower standard deviations. The lack of dependence of the
average standard deviation of ASA on the OGT of tRNA and rRNA (nearly flat regression

Fig 5. Direct comparison of ASA for different types of RNA. The average solvent accessible surface area (ASA) by RNAsnap as a function of optimal
growth temperature for random sequences (A) and natural sequences (B). The relation between ASA and temperature after removing the reference ASA
from random sequences is shown in (C).
https://doi.org/10.1371/journal.pone.0184722.g005
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Fig 6. ASA fluctuation vs. Temperature. The standard deviation of solvent accessible surface area (ASA) by RNAsnap as a function of optimal growth
temperature for tRNA (A), rRNA (B), and mRNA (C). Results from random sequences are shown in open symbols.
https://doi.org/10.1371/journal.pone.0184722.g006

line) indicates that their structures of tRNA and rRNA persist at high OGT. By contrast, the
average standard deviation of ASA for mRNA is negatively correlated with the OGT (r =
-0.767, p = 3.086e-08), approaching to nearly constant but really low standard deviation for
random mRNA sequences, indicating fully flexible mRNA structures at high OGT. Fig 7 compares fluctuations of ASA values of mRNA, tRNA and rRNA directly in the same figure for

Fig 7. Direct comparison of ASA fluctuation for different types of RNA. The average of standard deviation of solvent accessible surface area (ASA) by
RNAsnap as a function of optimal growth temperature for random sequences (A) and natural sequences (B).
https://doi.org/10.1371/journal.pone.0184722.g007
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random (Fig 7A) and actual (Fig 7B) sequences. Standard deviations of mRNA ASA are much
lower than those of tRNA and rRNA for both random and natural sequences, confirming prewiring of mRNA sequences for flexibility, regardless of OGT.

Discussion
In this paper, we investigated the dependence of primary, secondary, and tertiary structures
(solvent accessible surface area) of structural (tRNA and rRNA) and informational (mRNA)
RNAs on OGT. The newly developed program RNAsnap provides an opportunity to examine
how RNA sequences code RNA structures differently for species with different OGTs. Different temperature adaptation schemes are observed.
The observed role of RNA tertiary structures in temperature adaptation relies heavily on
the accuracy of the ASA predictor RNAsnap. We demonstrated its accuracy by applying it to a
newly solved crystal structure containing 5S rRNA, Lysine-tRNA structures and a mRNA segment (Fig 3). The correlation coefficients between predicted and actual ASA of RNAs are 0.6
and 0.7, respectively, consistent with the reported accuracy using larger cross-validation and
independent test sets [39]. Lack of structures for single random sequences of mRNA, rRNA,
and tRNA (high exposure and low fluctuation) are consistent with our expectation for random
sequences. Moreover, rRNA and tRNA are more structured (low exposure, high fluctuation)
than mRNA, consistent with their respective main functional roles. Although not every base
has an accurately predicted ASA, the average trends observed for tRNA, rRNA, and mRNA
are likely real because all RNA sequences would be subjected to the same systematic errors
whereas random errors would cancel each other during average. In fact, available experimental
data of ASA values for tRNA and rRNA are consistent with computational trends (Fig 4A and
4B).
Sequences of tRNA and rRNA are prewired for structures not only at the sequence level but
also at its composition level. tRNA and rRNA have higher GC contents than mRNA (Fig 1).
Both have a positive correlation between their GC contents and OGT (Fig 1A and 1B), consistent with previous studies [19, 24–26]. There is a small increment of secondary structure of
tRNA at higher OGT but this increment is largely contributed by similar increment observed
for its random sequence (Fig 2A). In other words, increment of secondary structure contents
are largely controlled by GC contents. For rRNA, secondary structure contents (Fig 2B) were
optimized against high OGT because the behavior of natural sequences is different from that
of random sequences. Prewired compositional bias of tRNA and rRNA sequences toward
structural folding is further demonstrated by significantly lower average but much higher fluctuation of ASA values of random tRNA and rRNA sequences than those of mRNA. Higher
fluctuation indicates the formation of a well-defined structure with large ASA difference
between deeply buried and largely exposed nucleotides. Although both tRNA and rRNA
increase their solvent exposure at high OGT, their fluctuations are mostly flat, relative to
changes in OGT, suggesting maintenance of overall structures despite slight increase in overall
solvent exposure likely due to stronger dynamic motions at high OGT. The above results of
subtle difference in structural preference may be interpreted by the difference in respective
functions of rRNA and tRNA. tRNAs bind amino acids and transfer them to the ribosome
whereas rRNAs are ribozymes that catalyze the peptide-bond formation to construct proteins.
Enzymes catalyze chemical reactions by employing rigid structures to stabilize reaction transition states while binding interactions can involve with more flexible structures. In other
words, rRNA likely requires more stable structures than tRNA in order to function, which is
consistent with what is observed in Figs 4 and 5.
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mRNA, on the other hand, is prewired for flexibility at compositional and sequence levels.
Consistent with previous studies [19, 24, 28], there is no correlation between GC contents and
OGT (Fig 1C). Their secondary structure show no statistically differences between random
and natural sequences (Fig 2C). There is a compositional bias toward less secondary structure
content with lower stability in terms of MFE at high OGT. Random sequences of mRNA have
much higher average and low fluctuation of ASA values than those of tRNA and rRNA, indicating that the composition of mRNA sequences was biased toward flexibility without structures. For low-OGT species, mRNA solvent exposures of natural sequences are much lower
than their random sequences (Fig 4C) and similar to those of rRNA and tRNA (Fig 5B), indicating the existence of some tertiary structure contents. However, these mRNA structures are
unlikely as well defined as those of tRNA and rRNA because the fluctuation of ASA values of
mRNA remains smaller than those of tRNA and rRNA (Fig 7A). For high-OGT species, the
average and fluctuation of mRNA approaches to those of random sequences (Figs 4C and 6C),
indicating fully flexible mRNA conformations. These results suggest that mRNA in hyperthermophiles acts as information carriers only. However, some mRNA conformations of mesophiles and psychrophiles have well-defined tertiary structures based on their average values
and fluctuation of solvent exposure, potentially with new moonlighting roles of interacting
with regulatory proteins. In human cells, in vivo experimentally measured accessibility of
mRNA to dimethyl sulfate (DMS) is similar to those structured RNAs [40] and these mRNA
sequences interact with at least 860 RNA-binding proteins [54, 55]. Having tertiary structures
for mRNA in mesophiles and psychrophiles but not in thermophiles could be interpreted as
follows. The main function of mRNA is to carry protein-coding information and its tertiary
structure is used for optional “moonlight” functions that were likely gained when evolved to
live at friendlier low temperature after life was emerged from hostile high-temperature environment [56].

Acknowledgments
This work was supported in part by National Natural Science Foundation of China (61671107)
to YY and JW, by the Taishan Scholars Program of Shandong province of China, National
Natural Science Foundation of China (61540025), and National Health and Medical Research
Council (1059775 and 1083450) of Australia to YZ. We also gratefully acknowledge the use of
the High Performance Computing Cluster "Gowonda" to complete this research. This
research/project has also been undertaken with the aid of the research cloud resources provided by the Queensland Cyber Infrastructure Foundation (QCIF).

Author Contributions
Conceptualization: Jian Zhan, Jihua Wang, Yaoqi Zhou.
Data curation: Clara Jegousse, Yuedong Yang.
Formal analysis: Clara Jegousse, Yuedong Yang, Jian Zhan.
Funding acquisition: Yaoqi Zhou.
Investigation: Clara Jegousse, Yuedong Yang, Yaoqi Zhou.
Methodology: Clara Jegousse, Yuedong Yang, Jihua Wang, Yaoqi Zhou.
Project administration: Jihua Wang, Yaoqi Zhou.
Resources: Jihua Wang, Yaoqi Zhou.
Software: Yuedong Yang, Yaoqi Zhou.

PLOS ONE | https://doi.org/10.1371/journal.pone.0184722 September 14, 2017

11 / 14

Thermal adaptation of bacterial RNAs

Supervision: Yuedong Yang, Yaoqi Zhou.
Validation: Clara Jegousse, Yuedong Yang, Jian Zhan, Yaoqi Zhou.
Writing – original draft: Clara Jegousse, Yaoqi Zhou.
Writing – review & editing: Clara Jegousse, Yuedong Yang, Jian Zhan, Jihua Wang, Yaoqi
Zhou.

References
1.

Koonin EV. Does the central dogma still stand? Biol Direct. 2012; 7. doi: Artn 27 https://doi.org/10.1186/
1745-6150-7-27 PMID: 22913395

2.

Turner P, Mamo G, Karlsson EN. Potential and utilization of thermophiles and thermostable enzymes in
biorefining. Microbial cell factories. 2007; 6. doi: Artn 9 https://doi.org/10.1186/1475-2859-6-9 PMID:
17359551

3.

Bouzas TD, Barros-Velazquez J, Villa TG. Industrial applications of hyperthermophilic enzymes: A
review. Protein Peptide Lett. 2006; 13(7):645–51.

4.

Siddiqui KS. Some like it hot, some like it cold: Temperature dependent biotechnological applications
and improvements in extremophilic enzymes. Biotechnol Adv. 2015; 33(8):1912–22. https://doi.org/10.
1016/j.biotechadv.2015.11.001 PMID: 26585268

5.

Chattopadhyay MK. Mechanism of bacterial adaptation to low temperature. J Biosciences. 2006; 31
(1):157–65. https://doi.org/10.1007/Bf02705244

6.

Kumar S, Nussinov R. How do thermophilic proteins deal with heat? Cell Mol Life Sci. 2001; 58
(9):1216–33. https://doi.org/10.1007/PL00000935 PMID: 11577980

7.

Yano JK, Poulos TL. New understandings of thermostable and peizostable enzymes. Current opinion in
biotechnology. 2003; 14(4):360–5. https://doi.org/10.1016/S0958-1669(03)00075-2 PMID: 12943843

8.

Chakravarty S, Varadarajan R. Elucidation of factors responsible for enhanced thermal stability of proteins: A structural genomics based study. Biochemistry-Us. 2002; 41(25):8152–61. https://doi.org/10.
1021/bi025523t

9.

Feller G. Protein stability and enzyme activity at extreme biological temperatures. J Phys-Condens Mat.
2010; 22(32). doi: Artn 323101 https://doi.org/10.1088/0953-8984/22/32/323101 PMID: 21386475

10.

Russell RJM, Ferguson JMC, Hough DW, Danson MJ, Taylor GL. The crystal structure of citrate
synthase from the hyperthermophilic Archaeon Pyrococcus furiosus at 1.9 angstrom resolution. Biochemistry-Us. 1997; 36(33):9983–94. https://doi.org/10.1021/Bi9705321 PMID: 9254593

11.

Thompson MJ, Eisenberg D. Transproteomic evidence of a loop-deletion mechanism for enhancing
protein thermostability. J Mol Biol. 1999; 290(2):595–604. https://doi.org/10.1006/jmbi.1999.2889
PMID: 10390356

12.

Hurley TD, Weiner H. Crystallization and Preliminary-X-Ray Investigation of Bovine Liver Mitochondrial
Aldehyde Dehydrogenase. J Mol Biol. 1992; 227(4):1255–7. https://doi.org/10.1016/0022-2836(92)
90536-S PMID: 1433298

13.

Gromiha MM, Oobatake M, Sarai A. Important amino acid properties for enhanced thermostability from
mesophilic to thermophilic proteins. Biophys Chem. 1999; 82(1):51–67. https://doi.org/10.1016/S03014622(99)00103-9 PMID: 10584295

14.

Chakravarty S, Varadarajan R. Elucidation of determinants of protein stability through genome
sequence analysis. Febs Lett. 2000; 470(1):65–9. https://doi.org/10.1016/S0014-5793(00)01267-9
PMID: 10722847

15.

Szilagyi A, Zavodszky P. Structural differences between mesophilic, moderately thermophilic and
extremely thermophilic protein subunits: results of a comprehensive survey. Structure. 2000; 8(5):493–
504. https://doi.org/10.1016/S0969-2126(00)00133-7 PMID: 10801491

16.

Querol E, PerezPons JA, MozoVillarias A. Analysis of protein conformational characteristics related to
thermostability. Protein Eng. 1996; 9(3):265–71. https://doi.org/10.1093/Protein/9.3.265 PMID:
8736493

17.

Vogt G, Woell S, Argos P. Protein thermal stability, hydrogen bonds, and ion pairs. J Mol Biol. 1997;
269(4):631–43. https://doi.org/10.1006/jmbi.1997.1042 PMID: 9217266

18.

Kumar S, Tsai CJ, Nussinov R. Factors enhancing protein thermostability. Protein Eng. 2000; 13
(3):179–91. https://doi.org/10.1093/Protein/13.3.179 PMID: 10775659

PLOS ONE | https://doi.org/10.1371/journal.pone.0184722 September 14, 2017

12 / 14

Thermal adaptation of bacterial RNAs

19.

Hurst LD, Merchant AR. High guanine-cytosine content is not an adaptation to high temperature: a comparative analysis amongst prokaryotes. Proc R Soc, Lond B. 2001; 268:493–7.

20.

Wang HC, Susko E, Roger AJ. On the correlation between genomic G+C content and optimal growth
temperature in prokaryotes: Data quality and confounding factors. Biochem Bioph Res Co. 2006; 342
(3):681–4. https://doi.org/10.1016/j.bbrc.2006.02.037 PMID: 16499870

21.

Hickey DA, Singer GAC. Genomic and proteomic adaptations to growth at high temperature. Genome
Biology. 2004; 5(10). doi: Artn 117 https://doi.org/10.1186/Gb-2004-5-10-117 PMID: 15461805

22.

Daniel RM, Cowan DA. Biomolecular stability and life at high temperatures. Cell Mol Life Sci. 2000; 57
(2):250–64. https://doi.org/10.1007/PL00000688 PMID: 10766021

23.

Grogan DW. Hyperthermophiles and the problem of DNA instability. Molecular microbiology. 1998; 28
(6):1043–9. https://doi.org/10.1046/J.1365-2958.1998.00853.X PMID: 9680196

24.

Galtier N, Lobry JR. Relationships between genomic G+C content, RNA secondary structures, and optimal growth temperature in prokaryotes. J Mol Evol. 1997; 44(6):632–6. https://doi.org/10.1007/
Pl00006186 PMID: 9169555

25.

Wang HC, Xia XH, Hickey D. Thermal adaptation of the small subunit ribosomal RNA gene: A comparative study. J Mol Evol. 2006; 63(1):120–6. https://doi.org/10.1007/s00239-005-0255-4 PMID: 16786438

26.

Nakashima H, Fukuchi S, Nishikawa K. Compositional changes in RNA, DNA and proteins for bacterial
adaptation to higher and lower temperatures. J Biochem. 2003; 133(4):507–13. https://doi.org/10.1093/
jb/mvg067 PMID: 12761299

27.

Klein RJ, Misulovin Z, Eddy SR. Noncoding RNA genes identified in AT-rich hyperthermophiles. P Natl
Acad Sci USA. 2002; 99(11):7542–7. https://doi.org/10.1073/pnas.112063799 PMID: 12032319

28.

Lambros RJ, Mortimer JR, Forsdyke DR. Optimum growth temperature and the base composition of
open reading frames in prokaryotes. Extremophiles. 2003; 7(6):443–50. https://doi.org/10.1007/
s00792-003-0353-4 PMID: 14666404

29.

Singer GAC, Hickey DA. Thermophilic prokaryotes have characteristic patterns of codon usage, amino
acid composition and nucleotide content. Gene. 2003; 317(1–2):39–47. https://doi.org/10.1016/S03781119(03)00660-7 PMID: 14604790

30.

Paz A, Mester D, Baca I, Nevo E, Korol A. Adaptive role of increased frequency of polypurine tracts in
mRNA sequences of thermophilic prokaryotes. P Natl Acad Sci USA. 2004; 101(9):2951–6. https://doi.
org/10.1073/pnas.0308594100 PMID: 14973185

31.

Lynn DJ, Singer GAC, Hickey DA. Synonymous codon usage is subject to selection in thermophilic bacteria. Nucleic Acids Research. 2002; 30(19):4272–7. https://doi.org/10.1093/Nar/Gkf546 PMID:
12364606

32.

Lobry JR, Necsulea A. Synonymous codon usage and its potential link with optimal growth temperature
in prokaryotes. Gene. 2006; 385:128–36. https://doi.org/10.1016/j.gene.2006.05.033 PMID: 16989961

33.

Dutta A, Chaudhuri K. Analysis of tRNA composition and folding in psychrophilic, mesophilic and thermophilic genomes: indications for thermal adaptation. Fems Microbiol Lett. 2010; 305(2):100–8. https://
doi.org/10.1111/j.1574-6968.2010.01922.x PMID: 20659165

34.

Mallik S, Kundu S. A Comparison of Structural and Evolutionary Attributes of Escherichia coli and Thermus thermophilus Small Ribosomal Subunits: Signatures of Thermal Adaptation. Plos One. 2013; 8(8).
ARTN e69898 https://doi.org/10.1371/journal.pone.0069898 PMID: 23940533

35.

Miao Z, Adamiak RW, Blanchet MF, Boniecki M, Bujnicki JM, Chen SJ, et al. RNA-Puzzles Round II:
assessment of RNA structure prediction programs applied to three large RNA structures. Rna. 2015; 21
(6):1066–84. https://doi.org/10.1261/rna.049502.114 PMID: 25883046; PubMed Central PMCID:
PMC4436661.

36.

Seetin MG, Mathews DH. RNA structure prediction: an overview of methods. Methods Mol Biol. 2012;
905:99–122. https://doi.org/10.1007/978-1-61779-949-5_8 PMID: 22736001.

37.

Puton T, Kozlowski LP, Rother KM, Bujnicki JM. CompaRNA: a server for continuous benchmarking of
automated methods for RNA secondary structure prediction. Nucleic Acids Res. 2014; 42(8):5403–6.
https://doi.org/10.1093/nar/gku208 PMID: 24682823; PubMed Central PMCID: PMC4005657.

38.

Xu X, Chen SJ. Physics-based RNA structure prediction. Biophysics reports. 2015; 1:2–13. https://doi.
org/10.1007/s41048-015-0001-4 PMID: 26942214; PubMed Central PMCID: PMC4762127.

39.

Yang Y, Li X, Zhao H, Zhan J, Wang J, Zhou Y. Genome-scale characterization of RNA tertiary structures and their functional impact by RNA solvent accessibility prediction. Rna. 2017; 23:14–22. https://
doi.org/10.1261/rna.057364.116 PMID: 27807179

40.

Rouskin S, Zubradt M, Washietl S, Kellis M, Weissman JS. Genome-wide probing of RNA structure
reveals active unfolding of mRNA structures in vivo. Nature. 2014; 505(7485):701–5. https://doi.org/10.
1038/nature12894 PMID: 24336214; PubMed Central PMCID: PMC3966492.

PLOS ONE | https://doi.org/10.1371/journal.pone.0184722 September 14, 2017

13 / 14

Thermal adaptation of bacterial RNAs

41.

Furtig B, Wenter P, Pitsch S, Schwalbe H. Probing mechanism and transition state of RNA refolding.
ACS chemical biology. 2010; 5(8):753–65. https://doi.org/10.1021/cb100025a PMID: 20536261.

42.

Herschlag D, Allred BE, Gowrishankar S. From static to dynamic: the need for structural ensembles and
a predictive model of RNA folding and function. Curr Opin Struct Biol. 2015; 30:125–33. https://doi.org/
10.1016/j.sbi.2015.02.006 PMID: 25744941; PubMed Central PMCID: PMC4416989.

43.

Lorenz R, Bernhart SH, Honer Zu Siederdissen C, Tafer H, Flamm C, Stadler PF, et al. ViennaRNA
Package 2.0. Algorithms for molecular biology: AMB. 2011; 6:26. https://doi.org/10.1186/1748-7188-626 PMID: 22115189; PubMed Central PMCID: PMC3319429.

44.

Sohngen C, Podstawka A, Bunk B, Gleim D, Vetcininova A, Reimer LC, et al. BacDive—The Bacterial
Diversity Metadatabase in 2016. Nucleic Acids Res. 2016; 44(D1):D581–5. https://doi.org/10.1093/nar/
gkv983 PMID: 26424852; PubMed Central PMCID: PMC4702946.

45.

Coordinators NR. Database resources of the National Center for Biotechnology Information. Nucleic
Acids Res. 2016; 44(D1):D7–19. https://doi.org/10.1093/nar/gkv1290 PMID: 26615191; PubMed Central PMCID: PMC4702911.

46.

Tatusova T, Ciufo S, Fedorov B, O’Neill K, Tolstoy I. RefSeq microbial genomes database: new representation and annotation strategy. Nucleic Acids Res. 2015; 43(7):3872. https://doi.org/10.1093/nar/
gkv278 PMID: 25824943; PubMed Central PMCID: PMC4402550.

47.

Gil R, Silva FJ, Pereto J, Moya A. Determination of the core of a minimal bacterial gene set. Microbiol
Mol Biol R. 2004; 68(3):518–+. https://doi.org/10.1128/MMBR.68.3.518–537.2004

48.

Workman C, Krogh A. No evidence that mRNAs have lower folding free energies than random
sequences with the same dinucleotide distribution. Nucleic Acids Research. 1999; 27(24):4816–22.
https://doi.org/10.1093/Nar/27.24.4816 PMID: 10572183

49.

Jiang M, Anderson J, Gillespie J, Mayne M. uShuffle: a useful tool for shuffling biological sequences
while preserving the k-let counts. BMC Bioinformatics. 2008; 9:192. https://doi.org/10.1186/1471-21059-192 PMID: 18405375; PubMed Central PMCID: PMC2375906.

50.

Zuker M, Stiegler P. Optimal Computer Folding of Large Rna Sequences Using Thermodynamics and
Auxiliary Information. Nucleic Acids Research. 1981; 9(1):133–48. https://doi.org/10.1093/Nar/9.1.133
PMID: 6163133

51.

Mccaskill JS. The Equilibrium Partition-Function and Base Pair Binding Probabilities for Rna Secondary
Structure. Biopolymers. 1990; 29(6–7):1105–19. https://doi.org/10.1002/bip.360290621 PMID:
1695107

52.

Rozov A, Westhof E, Yusupov M, Yusupova G. The ribosome prohibits the G*U wobble geometry at
the first position of the codon-anticodon helix. Nucleic Acids Res. 2016; 44(13):6434–41. https://doi.org/
10.1093/nar/gkw431 PMID: 27174928.

53.

Li W, Godzik A. Cd-hit: a fast program for clustering and comparing large sets of protein or nucleotide
sequences. Bioinformatics. 2006; 22(13):1658–9. https://doi.org/10.1093/bioinformatics/btl158 PMID:
16731699.

54.

Castello A, Fischer B, Eichelbaum K, Horos R, Beckmann BM, Strein C, et al. Insights into RNA Biology
from an Atlas of Mammalian mRNA-Binding Proteins. Cell. 2012; 149(6):1393–406. https://doi.org/10.
1016/j.cell.2012.04.031 PMID: 22658674

55.

Zhao H, Yang Y, Janga SC, Kao C, Zhou Y. Prediction and validation of the unexplored RNA-binding
protein atlas of the human proteome. Proteins. 2014; 82 640–7 https://doi.org/10.1002/prot.24441
PMID: 24123256

56.

Schwartzman DW, Lineweaver CH. The hyperthermophilic origin of life revisited. Biochemical Society
transactions. 2004; 32(Pt 2):168–71. Epub 2004/03/30. doi: 10.1042/. PMID: 15046564.

PLOS ONE | https://doi.org/10.1371/journal.pone.0184722 September 14, 2017

14 / 14

