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There exists an inverse relationship between the rate of molecular
evolution and the level of gene expression. Among the many
explanations, the “toxic-error” hypothesis is a most general one,
which posits that processing errors may often be toxic to the cells.
However, toxic errors that constrain the evolution of highly
expressed genes are often difficult to measure. In this study, we
test the toxic-error hypothesis by using microRNA (miRNA) genes
because their processing errors can be directly measured by deep
sequencing. A miRNA gene consists of a small mature product (≈22
nt long) and a “backbone.” Our analysis shows that (i) like the
mature miRNA, the backbone is highly conserved; (ii) the rate of
sequence evolution in the backbone is negatively correlated with
expression; and (iii) although conserved between distantly related
species, the error rate in miRNA processing is also negatively cor-
related with the expression level. The observations suggest that,
as a miRNA gene becomes more highly (or more ubiquitously)
expressed, its sequence evolves toward a structure that minimizes
processing errors.
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A host of factors, including expression level, tissue specificity,
gene dispensability, number of interacting proteins, and lo-

cal recombination rate, influence the rate of molecular evolution
(1–7). Among them, gene expression level and ubiquity (or speci-
ficity) are of particular interest, because both are general characters
and easily measurable. Both have been reported to be negatively
correlated with the rate of molecular evolution (1, 2, 8, 9).
There are two classes of explanations for the negative corre-

lations. The first class concerns the properties of the gene pro-
duct (i.e., postprocessing functions). One conjecture is that the
more highly or ubiquitously expressed genes might be function-
ally more important and, hence, might evolve more slowly (7, 10,
11). [However, protein-coding genes with essential functions,
which include many housekeeping genes, do not always evolve
slowly (3, 12, 13).] It is also possible that highly expressed genes
may tend to have more interacting partners (14). The second
class of explanations invokes the accuracy or efficiency in making
the gene product (i.e., processing or preprocessing functions).
For example, processing errors in protein synthesis are often
assumed to result in toxic products (2, 15). Purifying selection
acts strongly on highly expressed genes because of a greater
quantity of erroneously synthesized products (2, 16).
The two classes of explanations are not mutually exclusive.

Explanations of the first class, based on the properties of the
mature products, have been extensively explored with mixed
results (reviewed in refs. 12 and 15). A reason for the lack of
a clear-cut conclusion may be the difficulties in separating the
two classes of explanations using protein-coding sequences.
Coding sequences determine the mature products but may often
be important in processing as well. Furthermore, errors in pro-
cessing, such as protein misfolding, are usually computationally
inferred, rather than directly observed or measured (15).

In this study, we aim to test the second class of explanations
concerning processing accuracy (or efficiency). Such tests would
have to meet the following requirements. First, the portion of the
gene that functions solely in processing can be separately ana-
lyzed from the portion that determines the mature product. This
processing unit also needs to be evolutionarily conserved. Sec-
ond, processing errors can be directly observed and measured.
Because protein-coding genes often do not meet the two require-
ments, we propose to use microRNA (miRNA) genes to identify
the connection between expression level and evolutionary rate.
The canonical structure of a miRNA gene is given in Fig. 1.

The transcript is eventually processed into a mature miRNA
(miR), which is ≈22 nt long (17–20). The imperfect complement
of miR is denoted miR* (21, 22), which may sometimes be
a functional product itself (Discussion). The sequence to the right
of the miR:miR* stem is referred to as the loop end and, to the
left, the stem extension. Hence, the miRNA gene can generally
be divided into two parts, the mature miR and the backbone,
consisting of miR*, the loop end, and the stem extension (Fig. 1).
The backbone, not being part of the mature product, main-

tains a proper hairpin structure for miR biogenesis (18, 23). By
analogy, the stem extension of miRNAs is akin to the intron of
mRNA; both are removed before the rest is exported to the
cytoplasm. The loop region may be compared with the UTR of
mRNA; both contribute to the processing but are not part of the
final product. Furthermore, miRNAs are highly abundant in cells
and the mature products, including those that are incorrectly
processed, can be observed by deep sequencing. These proper-
ties make miRNAs suitable for investigating the relationship
between evolutionary rate and gene expression.

Results
Evolutionary Conservation of miRNA Genes. Taking advantage of
the available genomic sequences from the 12 species of Dro-
sophila (24, 25), we calculated the evolutionary divergence in
each part of the miRNA genes. Because the patterns are broadly
similar across all levels of phylogenetic depth (2–65 million
years; Table S1), we focused on the divergence between D. virilis
and D. melanogaster for simplicity. The divergence between these
two species is near the limit whereby synonymous distance can
still be calculated.
In Drosophila, mature miRs are highly conserved. Most of the

moderately to highly expressed miRNAs are completely con-
served in this genus. The extreme conservation of miRs, noted
many times before (26–28), may be explained by the large num-
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ber of targets (>50) each miR regulates. Likewise, proteins that
have many interacting partners also tend to evolve slowly (12).
Interestingly, the observed divergence in the backbone (Kb) of

miRs is only 11% of synonymous substitution (Ks), and is even
lower than nonsynonymous substitution (13% of Ks). Because
the backbone is not part of the mature product (with the possible
exception of some miR*s; Discussion), its conservation cannot be
explained by the functions of miRs. We hence hypothesize that
the structure of the precursor that governs miR processing may
be more relevant to the conservation. We carried out computer
simulations in which the backbone is allowed to evolve while the
structure of the miRNA precursors is preserved. The observed
rates of divergence are then compared with the simulated values.
We completed two sets of simulations. The first set was based on

thermodynamic constraints (29), permitting nucleotide substitutions
only when they did not decrease the thermodynamic stability of the
hairpin. In the second and more stringent set, we constrained the
secondary structure to be invariant. In these simulations, wobbled
pairing (G:U pairing) was allowed, because matched pairs (A:U or
G:C pairing) would never change without wobbling.
We designate the simulated divergence in the backbone as

Ksim and the neutral rate (i.e., mutational input in the simula-
tion) as Kneu. Ks is used for Kneu for the observed set. In Fig. 2,
we show that the thermostability model (the first set) is in-
sufficient to explain the slow evolution of all parts of the back-
bone. Furthermore, the simulated rates under strict structural
conservation (the second set) are still significantly higher than
the observed (Kruaskal–Wallis test, P < 0.001; see Fig. 2). Thus,
even complete conservation of the secondary structure fails to
provide sufficient dampening of the evolutionary rate.

Table 1 provides some details on sequence conservation. In
simulations, we did not allow changes that disrupt the pairing
configuration. In contrast, the unpaired sites change only half as
often as simulations would allow (row 2). Fig. S1 presents four
examples of conservation in the backbone. In the first two
miRNA genes, there are 27 unpaired sites on the premiRNA
(including the loop region and bulge sites). During the 200
million years of evolution in the four species, these unpaired sites
never experienced nucleotide substitutions. Although mis-
inferences in the secondary structure might account for some of
the patterns, the number of sites involved suggests that the con-
servation of mispaired sites is not uncommon. For example, one
might have expected some “U/U” mismatches to occasionally
change to “U/C” mismatches (transitions) without affecting the
secondary structure, but that was not observed. Apparently,
unpaired sites are not all the same and identical secondary
structures may not be functionally equivalent.

Divergence in miRNA Genes in Relation to Expression Level and Tissue
Specificity. The strong conservation of the backbone makes the
processing explanations plausible. In that case, a negative cor-
relation between conservation and expression is expected. Using
published data (refs. 30–32; see Table S2 for details) on genomic
sequences and expression patterns in Drosophila, we analyzed
the correlation between the rate of evolution and the level of
expression (Fig. 3 A–C) and between the evolutionary rate and
the ubiquity of expression (Fig. 3 D–F). Fig. 3A confirms the
negative correlation between protein-coding transcript and their
expression level (Spearman’s rank correlation ρ= −0.30, P <
0.001), as reported (3). For the backbone of miRNAs, the cor-
relation is similarly negative (Fig. 3B; ρ= −0.29, P = 0.005). The
subregion of the backbone that shows the strongest negative
correlation is the stem extension (Fig. 3C; ρ= −0.26, P = 0.02).
The very slow evolution of miRNA genes follows the same trend
as protein-coding genes (3). Because miRNAs are, on average,
much more abundant than protein-coding transcripts (21), their
extreme conservation appears to extend the range of this nega-
tive correlation.
We next examined the trend in tissue specificity. A tissue-

specificity measure, “τ” (33), was calculated across the de-
velopmental stages of Drosophila. We use “τ−1” in Fig. 3 D–F to
denote the ubiquity of expression; the larger the value of τ−1, the
more ubiquitous the expression. Fig. 3D shows that, for protein
coding genes, the expression level is negatively correlated with
the ubiquity measure (Fig. 3D; ρ= −0.42, P < 0.001). Again, the
correlation is similarly negative for the backbone of miRNAs
(Fig. 3E; ρ= −0.28, P = 0.008). The subregion of the backbone
that shows the strongest negative correlation between the evo-
lutionary rate and expression ubiquity is the loop (Fig. 3F; ρ=
−0.27, P = 0.01). We also carried out partial correlation analysis
and principal component regression, and found that the con-
clusion holds (Table S3 and Fig. S2). Thus, miRNAs, like protein
coding genes, evolve more slowly as the expression level
increases or the tissue distribution becomes broader. Impor-
tantly, miRNAs show this pattern in the backbone, which is not
part of the mature product.

Testing the Toxic-Error Hypothesis. The results suggest that the
slower evolution of the more highly expressed genes is likely
influenced by miR processing. Errors in processing either re-
duced the number of functioning molecules or created toxic
effects on their own. Although errors in protein processing are
difficult to study directly (34), errors in miR processing are
measurable by deep sequencing, because mature miRs with a
terminus off by even 1 bp can be observed (32, 35–38).
Error rate in miR processing is defined in this study as the

proportion of reads with a 5′ (or 3′) end that is different from the
most abundant miR sequence in a given sample (see Methods for

Fig. 1. The canonical structure of the miRNA gene. Mature miRNA and its
complement are denoted miR and miR*, respectively. Loop end is the in-
terval between miR and miR*. Stem extension is a stem structure, averaged
to be ≈11 bp long, beyond the Drosha cut site. The four regions together
constitute a miRNA gene. Although a small region beyond stem extension is
often conserved as well, this region, having no obvious structure, is unsuit-
able for evolutionary analysis.

Fig. 2. Observed and simulated substitutions (Kobs vs. Ksim) between D.
melanogaster and D. virilis for different parts of the miRNA gene. Backbone
refers to the miRNA gene excluding miR. Kobs/Ks and Ksim/Kneu ratios are
shown, where Ks is the average number of synonymous substitutions of the
three genes flanking each miRNA and Kneu is the corresponding neutral
divergence. Simulations were done under two different constraints—ther-
modynamic and structural (see text). Kruaskal–Wallis Test was performed to
determine significance (***P < 0.001). Note that Kobs < Ksim in all parts of the
backbone. (Because we use Ks as a proxy for Kneu, the conclusion is some-
what conservative.)
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detail). To measure the error rate, we pooled available public
sequence data. In total, 48 small RNA libraries from Drosophila
melanogaster, and three each from D. simulans and D. pseu-
doobscura, were used to quantify the error rate with a grand total
of ≈28 million reads mapped to premiRNA. A complete set of
error rates is given in Table S4.
An important consideration is whether the “error” miRs,

which differ from the dominant ones by at least 1 nt at the ter-
minus, are functional. We hence counted miRs eluted from
Argonaute1 (AGO1) antibody precipitates, which should more
accurately represent the pool of miRs loaded onto RISC. In Fig.
S3, it can be seen that the proportions of error miRs in the
standard RNA samples, prepared without immunoprecipitation,
are not different from those eluted from the immunoprecipitated
samples. The error miRs appear to be loaded onto RISC in
proportion to the canonical ones. In Fig. S4, we showed that the
inferred target genes of the error miRs overlap with the target
gene pool of the canonical miRs by only 55–60%.
Because the evolutionary rate of miRNA sequences may de-

pend on the expression level and the error rate, we need to know
the conservation of the two latter quantities. The correlation

coefficient between D. simulans and D. pseudoobscura is 0.94 for
the expression level (Fig. 4A) and 0.76 for the error rate (Fig.
4B). Although the evolutionary conservation in expression level
is not unexpected (39), it is interesting to see that the error rate is
also conserved.
In Fig. 4B, data points that deviate from the 45-degree line

represent miRNAs with an evolving error rate, which may be
influenced by small differences in miRNA sequences. Different
kinds of bulges and mismatches may yield slightly different ter-
tiary structures that would impact miRNA processing. For ex-
ample, U/U and U/C mismatches are overrepresented near the
Drosha and Dicer processing sites and provide a stable reference
for scissile phosphates (23, 40). Also, “G/A” mismatches in the
stem may interfere with Dicer binding (40). In Fig. 4B, filled
circles denote those miRNAs with unconserved nucleotides ad-
jacent to the mature miRs and open circles denote those with
fully conserved sites. By the Kolmogorov–Smirnov test, the filled
circles deviate from the slope line more than the open circles
(P < 0.05). The observation shows that a small difference in
miRNA sequence can affect the error rate.

Table 1. Observed vs. simulated changes in the backbone of the 87 miRNA genes with an
invariant miR in Drosophila

Structure Observed Simulated Obs/Simulated

Paired sites in both species 152 162 0.94
Unpaired sites in both species 313 591 0.53
Paired vs. unpaired sites in the two species 262 0 —

Observed changes are between D. melanogaster and D. virilis. Changes are classified into 3 types—paired-to-
paired, unpaired-to-unpaired, and paired-to-unpaired. In simulation, paired sites are not allowed to change to
unpaired sites and vice versa. The salient observation is that unpaired sites change only half as often as expected
(second row).

Fig. 3. Correlation between evolutionary divergence and expression level (A–C) or expression ubiquity (D–F) in mRNA or in miRNA backbone. Evolutionary
divergence is measured between D. melanogaster and D. virilis. See Materials and Methods for the measure of expression level and ubiquity (τ−1).
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Knowing that the error rate is conserved, influenced by slight
changes in the backbone sequence and that the error products
are likely functional, we can test the toxic-error hypothesis di-
rectly. Under this hypothesis, miRNA processing error is con-
strained by selection and the selective pressure is stronger for
more highly expressed genes (32). Fig. 5 shows the correlation
between the error rate and the level of expression for the 5′ and
3′ ends, separately. The error rate at the 3′ end is, on average, 30
times greater than the error rate at the 5′ end. The high error
rate at the 3′ end is hardly surprising because an incorrect 3′ end
does not have as much an impact on miRNA targeting as an
incorrect 5′ end. For the 3′ end error, the correlation with the

expression level is negative, but not significant (Spearman’s rank
correlation ρ= −0.11, P = 0.28). In contrast, the correlation
between the 5′ end error and miR expression is significantly
negative (Spearman’s rank correlation ρ= −0.32, P < 0.001). A
similar trend was observed between D. simulans and D. pseu-
doobscura (Fig. S5).

Discussion
In this study, we found that miRNAs evolve more slowly as the
expression level becomes higher (or the tissue distribution
becomes broader), similar to the pattern seen in protein coding
genes. The error rate, especially in the 5′ end where accuracy in
miRNA processing is crucial, also becomes lower as the expression
level increases. Because the trend is observed in the backbone, the
explanation for the negative correlations should be based on miR
processing, rather than the properties of the mature product.
How much of the observed processing errors could be at-

tributed to experimental artifacts, such as sequencing errors?
For example, additional nucleotides might be added to the 5′ or
3′ end during library construction. For three reasons, this arti-
fact should not be a serious concern. First, the extra nucleotide
in the 5′ or 3′ end usually corresponds to the one in the genomic
sequence, hence arguing against the addition of a random nu-
cleotide. (We estimated ≈20% of the reads have a non-
templated extranucleotide, mostly A or U, because it is known
that some miRs are naturally modified at their 5′ or 3′ end with
a uridyl or adenyl residue (41, 42). The modification of miRNA
ends is a known biological mechanism rather than experimental
artifacts.)
Second, the error rates in the 5′ end of miR and the 3′ end of

miR* are positively correlated (Pearson correlation r = 0.32, P <
1e−5). This correlation can be more easily explained by pro-
cessing inaccuracy, which creates the two types of error products
in one reaction, than by the random addition of nucleotides to
the ends of miRs and miR*s. Third, the inferred errors in pro-
cessing are comparable between results from either the “Roche
454” or “Illumina Solexa” platform, even though the reaction
chemistry (and presumably the error pattern) varies greatly from
one platform to the other.
Another potential bias created by the analytical procedure is

the use of only perfectly matched reads. To test possible biases in
this procedure, which ignores sequencing errors, we also used
reads with up to two mismatches against the reference genome.

Fig. 4. (A) Correlation in miR expression between species. SeeMaterials and
Methods for the source of data and measure of expression level. (B) Corre-
lation in the miR error rate at the 5′ terminus between species. miRNAs with
no fewer than 1,000 reads were used to estimate the error rate. Open circles
denote those miRNAs with fully conserved nucleotides adjacent to the ma-
ture miRs, and filled circles denote those with unconserved sites. (See
Materials and Methods for the delineation of the adjacent sites.)

Fig. 5. Correlation between miR error rate and miR expression for all miRs
with at least 1,000 reads. Errors at the 5′ and 3′ ends are treated separately.
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Error rate estimates from the two methods are highly concordant
(Pearson correlation r = 0.96, P < 1e−10). Thus, the error rate es-
timated from perfectly mapped reads does not appear to be biased.
Although the negative correlation between expression and

evolution has been explored by studying coding genes, the
analysis of miRNA evolution has provided direct evidence be-
yond what coding genes can offer. For protein coding genes, the
negative correlation can be explained either by the properties of
the mature gene products or by the accuracy in processing. For
miRNA genes, different parts of the miRNA precursor offer
different types of information. The sequence of miR, like the
coding sequence, is presumably important for both function and
processing. The role of miR* is sometimes ambiguous. Some
miR* products can be functional (43, 44), whereas the rest are
unlikely to be so. The remaining two parts of the miRNA pre-
cursor, the loop end and the stem extension, are very unlikely to
give rise to functional products. In our own data of several
million reads, no more than two copies of small RNAs were
observed from the loop end of each miRNA gene.
For stem extensions and loop ends, and for the majority of

miR*s, the evolutionary conservation can best be explained by
the need to preserve a secondary and higher-order structure
conducive to miR processing. Hence, the backbone of miRNA
can be viewed as the structure that ensures the production of
a correct mature gene product. A remaining question is whether
the evolutionary constraint is driven by the need for a sufficient
number of correct mature products (processing efficiency) or by
the need to minimize the number of error products (processing
accuracy).
There are reasons why processing efficiency might be impor-

tant. For example, many motifs of RNA binding protein are
located in the backbone, and highly or ubiquitously expressed
miRNAs may require intensive regulation, relative to that for
lowly expressed miRNAs. Such regulation could be in the form
of RNA editing or biogenesis tuning (reviewed in ref. 45).
However, it is unclear whether this explanation could take into
account the negative correlation between error rate and ex-
pression level. If processing efficiency is crucial, one might have
expected the less highly expressed genes to be less error-prone
(and more slowly evolving), contrary to the observations.
Among the explanations suggested, the toxic-error hypothesis

seems quite reasonable when all observations are considered
together. In the biogenesis of miRNAs, the error products would
be more numerous as the level of expression increases. Products
with errors in the 5′ end would contain a new seed and target
a different set of mRNAs (Fig. S4). Phenotypic changes can be
strong when “novel miRNAs” are introduced (46). Selection
would favor a reduction in error rate in any miRNA as it
becomes more highly expressed. Therefore, we expect the se-
quence of highly expressed miRNAs to evolve into a “local
minimum” in processing errors. This local minimum may con-
strain the sequence evolution of these genes.

Materials and Methods
Collection of miRNAs. Precursor sequences of 152 miRNAs of D. melanogaster
were downloaded from miRBaseV14.0 (47) or from previous literature (30,
34, 48–50). The intronic miRNAs that bypass the Drosha processing pathway
(51, 52) were not included in our analysis. All reads used in the analysis could
be uniquely mapped to known miRNA genes.

Comparative Genomics of miRNAs. Based on the genomic coordinates of the
152 miRNAs in D. melanogaster, the orthologous sequences in the other 11
Drosophila species (24) were parsed out from the whole genome sequence
alignments of the 12 Drosophila species (http://genome.ucsc.edu). The 87
miRNAs that are invariant in mature sequence across the 12 Drosophila
species were used in studying the relationship of expression level and evo-
lutionary rate. Divergence measured by nucleotide substitutions (Kobs for
miRNAs, Ks and Ka for coding regions) was calculated by using the same
methods as in Lu et al. (28).

Computer Simulation. In the first set of computer simulations, we considered
the constraints on a miRNA precursor imposed by thermodynamic stability.
For eachmiRNA precursor, we generated randommutations on the sequence
one at a time. For each mutation, the starting point is the sequence of extant
miRNA genes of D. melanogaster. We folded the derived sequence by using
RNAFOLD (53). A mutation was accepted if the derived sequence could form
a hairpin that meets the following criteria: (i) the secondary structure has
ΔG < −15 kcal/mol; (ii) the mutation is not on the miR itself (as in the
observations); and (iii) the secondary structure of the derived sequence is
more stable than the original one. In other words, the cumulative change in
ΔG is less than zero.

This process was reiterated, and the sequence with the new mutation, if
accepted, was used as the starting sequence for the next cycle. The total
number of cycles wasmade equal to the expected neutral mutations based on
the Ks values of the five adjacent genes. The simulated evolutionary rate is
thus equal to the number of accepted mutations divided by the total
number of mutations introduced (Ksim/Kneu). For each miRNA gene, the
process was repeated for 100 rounds and the average evolutionary rate
was calculated.

The second set of simulations used the same protocol except criterion (iii).
In this second set of simulations, the secondary structure is not allowed to
change in each cycle.

Expression Level and Tissue Specificity.We collected 48 small RNA from public
Drosophila deep sequencing datasets from National Center for Biotech-
nology Information Gene Expression Omnibus (GEO) database. The com-
plete lists of GEO accession number are in Table S1. We used small RNA data
from 28 libraries (as shown in Table S2) that were generated by Illumina
from different development stages or tissues of D. melanogaster to estimate
the expression level and tissue specificity. The raw reads were mapped to
premiRNA with BOWTIE (54), and we only kept perfect matches. The ex-
pression level of miRNA in each library was measured as normalized counts
of reads mapped to premiRNA. The reads were normalized by the number of
mapped reads divided by the total number of mapped reads and multiplied
by 1 million. The expression level of each miRNA was measured by the
maximum expression level across multiple libraries. The tissue ubiquity was

measured as “
1
τ
” ð32Þ; which is given as the following formula:

τ ¼

Pn
i¼1

1−
�

log2ðNiÞ
log2ðNmaxÞ

�

n− 1
;

where N is the normalized reads count and n is the number of tissues. To
measure the expression level and tissue ubiquity of mRNA, we adopted the
procedure that was used in analysis of miRNA by using the transcriptome of
different developmental stages of D. melanogaster (55).

Error Rate in the Biogenesis of miRs. All 48 libraries of small RNA generated by
Illumina or Roche 454 were used to quantify the processing error rates of
miRNAs. This collection comprises ≈20 million, 2.9 million, and 5.8 million
miRNA reads that can be perfectly mapped to the premiRNA sequences of
D. melanogaster, D. simulans, and D. pseudoobscura, respectively. The
parameters are used in mapping is “BOWTIE -n 0 -v 0 -f -k 50 -a -p 10”. For
each miRNA in each Drosophila species, the most abundant sequence was
defined as the “correct”miR. Error rate is the proportion of those reads with
a 5′ or 3′ end that is different from the correct ones, among the total reads
from the same arm of the miRNA gene.

The following formula is used to calculate the error rate. In this example,
miR is located on the 5′ arm of premiRNA.

errormiR ¼

P
i∈½1;m�;i≠j

xi
P

i∈½1;m�
xi

;

where xi is the total number of reads with the 5′ end at the ith position in
premiRNA, the correct mature miRNA starts on the jth position, and the 5′
arm of premiRNA is from the first to the mth position. Only reads with
unique and perfect mapping are used to calculate error rate. Moreover,
miRNAs with identical mature products, such as dme-mir-281-1 and dme-mir-
281-2, are excluded from our analysis. We also compared reads with zero to
two mismatches to evaluate the error rate (with parameters: “BOWTIE -n 2-v
2 -f -k 50 -a -p 10”) and the results are highly correlated (Pearson correlation,
r = 0.96, P < 1e−10; Discussion). To evaluate the error rate more precisely,
only miRs with at least 1,000 reads were used. Instead of using small RNA
profiles from D. melanogaster, we used embryonic small RNA profiles from
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D. simulans (GSM343915) and D. pseudoobscura (GSM343916), which were
collected from identical development stage (0–24 h embryo), to estimate the
divergence of error rate and level of expression. The correlation of error rate
between species was measured by Pearson correlation coefficient (r) using R
(www.r-project.org). To define the miRNA with conserved miR and miR*
adjacent sites, we considered three neighboring nucleotides of miR or miR*
ends at stem extension or loop ends region. The miRNA has conserved ad-
jacent sites if a total of 12 sites are conserved between D. simulans and
D. pseudoobscura.
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