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SUMMARY

Ancient DNA has revolutionized the study of extinct and extant organisms that lived up to 2 million years ago,

enabling the reconstruction of genomes from multiple extinct species, as well as the ecosystems where they

once thrived. However, current DNA sequencing techniques alone cannot directly provide insights into tissue

identity, gene expression dynamics, or transcriptional regulation, as these are encoded in the RNA fraction.

Here, we report transcriptional profiles from 10 Late Pleistocene woolly mammoths. One of these, dated to be

∼39,000 years old, yielded sufficient detail to recover tissue-specific regulatory mechanisms and biological

functions essential for skeletal muscle metabolism, representing the oldest ancient RNA sequences recorded

to date. We showcase the potential to study ancient RNA molecules beyond preconceived limitations,

providing an analytical framework for validating and decoding preserved transcriptomes through time.

With our findings, we anticipate the emergence of integrative paleo-studies combining genomics, prote-

omics, and transcriptomics.

INTRODUCTION

RNA molecules play crucial and varied roles in cell metabolism,

from carrying coding information to producing functional

proteins,1 regulating gene expression,2 or facilitating protein as-

sembly3 and intron splicing4 by virtue of their catalytic properties.5

Dynamic transcriptional changes shape and regulate cell meta-

bolism across different developmental stages, or in response to

environmental stimuli contributing to adaptation,6 as well as

fine-tuning genome organization and gene expression.7 Such a

trove of information is not directly available from genomic DNA

alone and only partially captured by proteomic analyses.

Extinct species pose a particular problem in recovering tran-

scriptional data, as living sources of fresh RNA are no longer
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Figure 1. Assessment of the authenticity of aDNA and RNA sequences

(A) Geographical distribution and tissue identity of the woolly mammoth samples.

(B) Mammoth-like content of each tissue sample according to metatranscriptomic and metagenomic analyses based on k-mers (length ≥ 31) assigned to the

Afrotheria superorder.

(C and D) Mammoth content quality inferred from (C) DNA and (D) RNA sequencing data based on k-mers assigned to the Afrotheria superorder and taxonomic

sequences according to KrakenUniq.

(E) Average fragment length of sequences from mammoths 1, 4, and 10 show age-dependent shortening in aRNA data but not in aDNA data. Age is expressed in

calibrated YBP (IntCal20) for mammoths 1 and 4; mammoth 10’s age is taken from radiocarbon and mitochondrial phylogenetic dating.23

(F) aRNA alignment efficiency assessed by mismatch frequency across mapped sequences to the Asian elephant assembly (mEleMax1).

(G) aRNA alignment efficiency assessed by the number of mapped sequences and their length.

(H) Number of aRNA sequences mapped to exonic, intronic, and intergenic regions using minimum fragment length thresholds of 18–25 nt for mammoths 1, 4,

and 10.

(legend continued on next page)
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available. While ancient DNA (aDNA) and proteins have demon-

strated to be relatively stable after an organism’s death, in some

cases surviving for millions of years,8–10 RNA is considered frag-

ile due to its rapid degradation by RNases,11 making it unlikely to

persist after death without immediate fixation. As a result,

ancient RNA (aRNA) studies have remained rare, despite being

at the forefront of the paleogenetic field during its early years.12

Nevertheless, there have been successful efforts in using

formalin-fixed and paraffin-embedded (FFPE) tissues for

sequencing historical RNA viral genomes, such as the H1N1

‘‘Spanish flu’’13–15 or HIV.16,17 Besides, recent studies have

demonstrated that RNA can be recovered and sequenced from

both ancient18,19 and historical animal specimens20–22 with

sufficient resolution to reveal tissue-specific gene expression

patterns. Despite these groundbreaking results, the aRNA field

is still in its infancy.

In this study, we sought to extend the aRNA record to the

study of ancient transcriptomes in extinct paleofauna, for which

the woolly mammoth serves as a renowned example. We pre-

sent a methodological framework for the isolation of aRNA

molecules, leveraging and expanding on previous studies using

historical and ancient specimens.18,19,22 In addition, we outline

quality control measures via metagenomic and metatranscrip-

tomic approaches, along with sequencing depth considerations,

mapping strategies, and sequence analyses aimed at character-

izing features found in ancient transcriptional data. These ana-

lyses account for the intrinsic mapping properties and fragmen-

tary nature of aRNA molecules to exclude sources of DNA

contamination biasing gene abundance profiling. Moreover, we

propose standards for determining the transcriptional abun-

dance, tissue identity, and endogenous origin of aRNA se-

quences. Applying these approaches to our mammoth samples,

we identified several muscle-specific mRNAs from one of the

specimens, as well as putative novel microRNA candidate loci

in the woolly mammoth genome assembly23 based on gene

expression evidence using mammoth-derived aRNA sequences.

Taken together, our findings highlight the possibility to extract,

sequence, analyze, and validate transcriptional profiles from

ancient specimens up to around 40,000 years old, thus opening

the door to generating aRNA profiles from a wide range of Pleis-

tocene remains from both extinct and extant species.

RESULTS

aRNA molecules are preserved in woolly mammoths

We collected permafrost-preserved tissues from 10 woolly mam-

moths dated to the Late Pleistocene and found in northeastern Si-

berian paleontological fields extending from the Central Indigirka

region to the mainland Oyogos Yar coast and the New Siberian

Islands (Figure 1A; Table S1, #1). These regions are well known

for their rich permafrost-preserved paleofauna,24,25 which are

frequently exposed through thermo-erosion and ivory collection.

Such processes reveal not only ancient subfossil bones but also

occasionally frozen, mummified carcasses with soft tissues still

preserved, such as muscle, skin, and hair. We then extracted

and sequenced both aDNA and aRNA from each sample, using

methods tailored to highly degraded nucleotide fragments22

(see STAR Methods). The RNA yield ranged from undetectable

to concentrations near the lowest detection limits (Table S1, #2),

while mammoth library profiles showed a broad sequence length

distribution indicative of time-dependent transcript fragmentation

(Figure S1).

Both aDNA and aRNA sequences were initially analyzed using

metagenomic and metatranscriptomics approaches (k-mer length

≥ 31, see STAR Methods). This aimed to detect preserved

mammoth-like sequences and identify any additional sources of

contamination, whether modern or ancient, present in the

mammoth tissues. We detected abundant afrotherian-like aDNA

sequences, with mammoths 1, 4, and 10 showing significantly

higher and reliable yields (Figures 1B and 1C), something also

found in aRNA metatranscriptomics analyses (Figure 1D). When

analyzing aRNA data to the species level (M. primigenius), mam-

moths 1 and 4 outperformed the rest (Table S1, #3). An interactive

visualization of metagenomics and metatranscriptomics compo-

sition of each of the ten mammoths analyzed in this study can

be found online at https://github.com/emarmolsanchez/aRNA.

No evidence of mammoth-specific ancient viral RNA sequences

was detected. In agreement with metagenomic and metatran-

scriptomics analyses, an abundant endogenous aDNA content

was detected for mammoths 1, 4, and 10 (Figure 1C) after

competitive mapping against the Asian elephant and human ge-

nomes (see STAR Methods). Out of the sequences mapped, a

negligible source of human contamination (<0.1%) was found

for these and mammoth 6 (Table S1, #4). Interestingly, mammoths

1, 4, and 10 showed a decreasing fragment length of aRNA se-

quences as the estimated age increased (Figure 1E).

Following these results, we considered that only mammoths 1,

4, and 10 were set to contain any reliable sources of ancient

endogenous RNA molecules, and hence they are the focus of

subsequent analyses.

Mammoth 1 tissues belong to an exceptionally well-preserved

presumed female26,27 juvenile specimen called Yuka, found on

the mainland bluff of Oyogos Yar28 and dated to ∼39,000 cali-

brated years before present (YBP, GrA-53289).28 Genomic ana-

lyses revealed that Yuka’s muscle tissue nuclei may show partial

activity when implanted in mouse oocytes.29 Mammoth 4 corre-

sponds to the Oymyakon woolly mammoth, a male calf found in

the Ol’chan mine (Oymyakon, Yakutia), and dated to ∼44,000

calibrated YBP (GrA-30727).30 Mammoth 10, also named ‘‘Chris

Waddle,’’ is a female specimen that lived >44,900 years ago

(OxA-38763) found near Belaya Gora, in the Sakha Republic.

Phylogenetic dating based on mitochondrial sequence refined

its age to ∼52,000 YBP.23 Remarkably, it has recently been re-

ported as the first instance where three-dimensional chromatin

(I) Fraction of aRNA sequences (≥23 nt) mapped to Asian elephant exonic, intronic, and intergenic regions.

(J) Fold enrichment/depletion of aRNA sequences (≥23 nt) mapped to exonic and intronic regions.

(K) Genome-wide mapping of aRNA and aDNA sequences from Yuka (mammoth 1) show uneven aRNA distribution and expression hotspots absent in aDNA

data. Each dot represents a non-consecutive genomic window of 0.5 Mb pairs. See Figure S2 for genome-wide mapping of mammoths 4 and 10.

See also Figure S2.
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structures were reconstructed from permafrost-preserved tis-

sues.23 Additional data from these and other mammoths

included in this study can be found in Table S1, #1.

An optimized mapping strategy for aRNA

We assessed alignment strategies for aRNA sequences using

mammoth 1 (Yuka) data, given its good performance in metage-

nomic/metatranscriptomic analyses. While aDNA studies rely on

tools optimized for short, damaged sequences31 (e.g., Bowtie232

and BWA33), methods for aRNA alignment remain less explored,

though Bowtie232 and Bowtie34 have been used.18,22 Our sam-

ples (dated to 10,000–50,000 YBP) are older than previous

aRNA datasets, thus higher fragmentation and damage would

be expected. Moreover, the presence of repetitive paralogous

loci increases the frequency of multimapping sequences in

RNA compared with DNA data, which renders strict aDNA-style

filters problematic.31 We thus compared Bowtie,34 Bowtie2,32

and BWA33 tools (see STAR Methods) against the Asian elephant

(mEleMax1) genome. Bowtie2 showed comparable mismatch

rates (∼3%) to BWA and Bowtie for sequences > 30 nucleotides

(nt), but lower (∼2%) for ultrashort (<30 nt) sequences

(Figure 1F), though with overall fewer mapped sequences

(Figure 1G). Given the <1% divergence between elephants and

mammoths,30 the excess of ultrashort mapped sequences

captured by Bowtie/BWA might be false positives, which is sup-

ported by their elevated mismatch rates (Figure 1F). We therefore

recommend Bowtie2 for aRNA alignment in ancient samples

within the thousands-of-years-old range. Alignment statistics

throughout this study are based on the use of Bowtie2 for map-

ping aRNA sequences (Table S2, #1; see STAR Methods).

We also tested the use of the recently reported woolly

mammoth genome23 against the modern Asian elephant (mEle-

Max1) as a reference assembly of choice. To do so, elephant

gene annotations were first converted to genomic coordinates

in the mammoth assembly (see STAR Methods; Table S2, #2,

annotation available at https://github.com/emarmolsanchez/

aRNA). We then mapped aRNA sequences from mammoth 1

(Yuka) to both assemblies. Mapping to the mammoth assembly

resulted in slightly lower mismatches (Figure S2A) but fewer

mapped sequences compared with mEleMax1 (Figure S2B),

likely due to scaffold gaps present in the mammoth assembly.

It is important to note, however, that the mammoth genome23

does not represent a true de novo assembly but a reference-as-

sisted reconstruction using the African elephant genome

(LoxAfr3) as a template. We thus opted for the mEleMax1 assem-

bly in downstream analyses. Nevertheless, both assemblies

behaved similarly with our aRNA data (Table S2, #3), making

them rather interchangeable. Likewise, an 8-fold increase in

Yuka library sequencing effort only marginally increased the

number of captured transcripts (Figure S2C; Table S2, #1), sug-

gesting limited benefit from deep sequencing of aRNA data. Un-

less otherwise specified, subsequent analyses refer to the deep

sequencing dataset.

aRNA sequences show signatures of spliced transcripts

aRNA sequences from all ten mammoths analyzed in this study

were aligned to the Asian elephant genome assembly and the

derived transcriptome, including coding and noncoding loci, as

well as to the woolly mammoth mitochondrial DNA35 (see STAR

Methods; Table S2, #1). Mammoth 1 (Yuka) was again the spec-

imen showing the highest number of confidently captured tran-

scripts (breadth of coverage ≥ 5%) both at the protein-coding

and noncoding fraction (Figure S2D). A threshold of at least 18

nt was set as the minimum mapped transcript length allowed

(see STAR Methods). Previous reports have highlighted the ad-

vantages of including ultrashort sequences when analyzing

aRNA data18,19 (down to 15–20 nt, i.e., below 30 nt as typically

used for aDNA studies). Here, 18 nt was chosen given the level

of transcript fragmentation in our data (Figure 1G), while limiting

excessive ultrashort random multimapping sequences, and allow-

ing certain nucleotide loss at the sequence ends for the smallest

type of transcripts considered in this study (microRNAs, typically

∼22 nt long). Genome-wide alignment showed more sequences

mapping to exonic than to intronic or intergenic regions for mam-

moths 1 and 4 (Figure 1H), as typically found for intact fresh RNA

captured by RNA sequencing (RNA-seq),36 where spliced tran-

scripts devoid of intronic sequences map to exonic loci unevenly

across the genome (Table S2, #1). This trend was consistent

across all fragment lengths tested for mammoths 1 and 4

(Figure 1H). In contrast, mammoth 10 showed more sequences

mapped to intergenic and intronic regions when including ultra-

short sequences (Figure 1H). However, more aRNAs mapped to

exonic regions when only considering sequences ≥ 23 nt, resem-

bling what was detected in mammoths 1 and 4 (Figures 1H and 1I).

The increased number of ultrashort intergenic and intronic

sequences detected in mammoth 10, and by extension in

mammoths 1 and 4, might stem from spurious mapping of

contaminant and/or mammoth-like endogenous RNAs. This

aligns with mammoth 10 being the oldest specimen of all mam-

moths analyzed in this study, followed by mammoths 4 and 1

(Table S1, #1), given shorter and more damaged fragments would

be expected as age increases (Figure 1E). When we considered

sequences with a length ≥ 23 nt, we found an exonic enrichment

and intronic depletion when comparing mapping patterns be-

tween aRNA and aDNA data from the same mammoth samples

(Figure 1J).

Genome-wide distribution of aRNA sequences revealed

expression hotspots compatible with highly abundant tran-

scripts, something that was not found in aDNA data

(Figures 1K, S2E, and S2F). Expression hotspots included ribo-

somal RNA (rRNA) loci and, to a lesser extent, small nuclear

RNAs (snRNAs), transfer RNAs (tRNAs), and protein-coding

genes (Table S2, #1). These observations, at least for mammoth

1 (Yuka), and to a lesser extent for mammoth 4, are linked to an

increased average sequence length for aRNA sequences map-

ped to exonic regions compared with those mapped to intronic

and intergenic regions, with many exonic sequences genome-

wide being well above the minimum mapped sequence length al-

lowed (18 nt, Figure S3A). This could indicate the presence of a

non-trivial number of falsely aligned aRNAs to intronic and inter-

genic loci genome-wide, as discussed above when comparing

the reference assemblies of choice and the ratio between

exonic, intronic, and intergenic mapped sequences.

As detected for exonic aRNA sequences, Yuka showed longer

fragment lengths for all types of transcripts compared with mam-

moths 4 and 10 (Figure S3B). The longest mammoth-like
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endogenous aRNA detected in our sequencing data corre-

sponded to a 97 nt-long fragment mapped to the 28S rRNA

(Table S2, #4, see STAR Methods). Despite highly divergent

sequencing depth, the distribution and average length of map-

ped aRNA sequences was overall equivalent in either single-

end and paired-end sequencing data from mammoth 1 (Yuka,

Table S2, #4). Interestingly, sequences mapped to tRNA loci

were mostly ∼25–35 nt long, which is compatible with the pres-

ence of tRNA-derived small RNA fragments37 (Figure S3B). This

pattern was previously detected in historical RNA data.22 Yuka

also showed the highest number of aRNA sequences spanning

exon-exon junctions (see STAR Methods; Table S2, #1). Should

these represent evidence of sequences mapped to mature

spliced transcripts and not mere alignment artifacts, the genes

with the highest detected abundance may concentrate the ma-

jority of exon-exon junction-spanning aRNA sequences. Indeed,

we found a high correlation between the number of aRNAs span-

ning exon-exon junctions and the total number of sequences

mapped for each transcript (breadth of coverage ≥ 5%,

Figure S3C). Mammoths 4 and 10 did not yield enough data to

explore such a relationship. It is important to note, however,

that the reduced number of exon-exon spanning sequences

found, even for Yuka, might be explained by the overabundance

of aRNA sequences mapped to rRNA transcripts (Table S2, #1),

which do not harbor exon-exon junctions as they lack intronic

regions.

Yuka is an XY male

Upon external examination, Maschenko et al.26 reported Yuka as

a female mammoth, noting the presence of skin folds in the genital

area compatible with labia vulvae structures in modern elephants,

and the absence of male-specific muscle structures. However, we

detected aRNA sequences that mapped to genes located within

the Y chromosome (Table S3, #1), including the ubiquitin-specific

peptidase 9 (LOC126069875 or USP9Y, Figure 2A). The presence

of Y-specific coding loci was also evidenced at the aDNA level, in

agreement with genomic data from other known male mammoths

and one modern elephant (Figure 2B; Table S3, #2). To corrobo-

rate our findings, we conducted genotypic sexing on all the ten

mammoths analyzed in this study using aDNA data generated in

parallel to our aRNA profiles. Mammoths 1–5 and 7 showed half

the depth of coverage for the X chromosome compared with au-

tosomes, thus indicating the presence of only one X copy, and

thereby an XY (male) genotype. Mammoths 6 and 10 had an

average X depth equivalent to other autosomal chromosomes,

indicative of an XX (female) genotype (Figure 2C). This agrees

with previous known sexing data available (Table S1, #1), except

for Yuka (mammoth 1). To further verify the sample identity of this
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Figure 2. Sexing of mammoth 1 (Yuka) based on aRNA and DNA

(A and B) Yuka’s genome shows evidence of the presence of Y-located protein-coding loci at the (A) transcriptional (USP9Y) and (B) genomic (SRY) level.

(C) Genomic sexing based on the ratio between X chromosome and autosomal depth of coverage using aDNA sequencing data. A ratio between 1 and 0.8 was

considered as female (XX), while a ratio between 0.4 and 0.6 was considered as male (XY).

(D) Mammoth-specific SNVs (*) are highlighted in orange and detected in aDNA sequences mapped to the sex-determining region Y (SRY) gene in the Asian

elephant (mEleMax1) assembly.
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mammoth and rule out incidental misclassification, we indepen-

dently re-analyzed all the available and previously reported

Yuka’s aDNA sequencing data from multiple independent tissue

samples.26,29 After genotypic sexing, all of them resulted in an

XY genotype (Table S3, #3). Moreover, we detected mammoth-

specific single-nucleotide variants (SNVs) in Yuka’s aDNA se-

quences mapped to the sex-determining region Y (SRY) gene

(Figure 2D; Table S3, #4), thus confirming their endogenous

mammoth-like origin.

The mismatch between Yuka’s genital phenotype and geno-

typical sex may result from XY gonadal dysgenesis due to altered

gene expression in sex-determining loci,38 though no genetic ev-

idence related to altered gonadal development was found.

Whether Yuka’s genitalia are indeed female-like, or external

sex assignment was the result of misidentification, still remains

unclear. Further investigation is needed to clarify Yuka’s pheno-

typic-genotypic sex discrepancy.

aRNA profiles show minimal DNA contamination and GC

bias

The presence of expression hotspots and exon-exon spanning

sequences supports the authenticity of these fragments as

aRNA from mammoth tissues. However, DNA spillover during

RNA extraction remains a concern, especially since no DNAse

treatment was applied during laboratory work, and cDNA synthe-

sis for PCR amplification makes it virtually impossible to distin-

guish DNA from RNA unless mapping patterns clearly differ.

Indeed, contrary to aRNA, aDNA data should map evenly across

the genome and generally be less fragmented, yielding longer se-

quences (Table S1, #4). Still, undetected DNA contamination

could bias our results. To evaluate this, we compared aRNA and

aDNA datasets (at equivalent depth of coverage) by mapping

them to genomic bins in the mEleMax1 assembly (see STAR

Methods). Bins with ≤2-fold difference in breadth of coverage

and/or number of mapped aRNAs compared with aDNA data

(depth of coverage) were flagged as potentially DNA-contami-

nated. Mammoths 1, 4, and 10 had 1.63%, 10.88%, and 0.12%

of their sequences flagged, respectively (Table S3, #5). Most of

these sequences had lengths similar to aRNA data (Table S1,

#4), suggesting they might be genuine transcriptional fragments.

Only a small fraction showed lengths ≥ 40 nt consistent with

possible DNA spillover (Table S3, #5). Another DNA contamination

indicator would be the presence of exon-intron spanning se-

quences, reflecting fragments mapping to genomic DNA rather

than to mature intronless transcripts. We detected 788, 6, and

1,326 of such sequences in mammoths 1, 4, and 10, respectively

(Table S2, #1). Few of them overlapped DNA-contaminated bins,

but for those that did, their fragment length matched the expected

aDNA size and they were significantly fewer in aRNA compared

with aDNA datasets (Table S3, #5). These results support minimal

DNA contamination in our aRNA data, possibly alongside un-

spliced nuclear transcripts.

PCR amplification bias against GC- and AT-rich sequences is

another known issue, especially at high cycle numbers.39,40 In

our case (23 cycles; see STAR Methods), this may have led to

GC distribution bias, introducing artifacts affecting transcript

quantification. The GC content distribution of mapped aRNAs

showed most sequences falling between 25% and 75% GC,

along with a low correlation between GC content and transcript

coverage (Figures S3D and S3E). Moreover, genomic regions

where aRNAs were mapped had a GC content positively corre-

lated (r = 0.568) with unmapped regions (Figure S3F), suggesting

minimal to no influence of sequence composition bias on aRNA

preservation, isolation, or amplification efficiency.

aRNA deamination patterns are similar to single-

stranded aDNA

Mammoths 1, 4, and 10 showed characteristic increased DNA

cytosine deamination patterns toward the 5′ sequence end (see

STAR Methods; Figures 3A–3C). In agreement with DNA deamina-

tion profiles found in our mammoth data, aDNA fragments typically

show biased cytosine deamination, with single-stranded over-

hangs more prone to damage.41 This is attributed to the protective

properties of double-stranded DNA, producing a dual-speed

deamination pattern in double- vs. single-stranded fragments,

which is particularly relevant in ultrashort aDNA fragments.42 As

done for aDNA, deamination profiles were estimated in aRNA se-

quences from mammoths 1, 4, and 10 that mapped to the Asian

elephant transcriptome. Elevated damage was detected in all

three of them (Figures 3D and 3F), with increased mismatch fre-

quencies across the full length of the aRNA sequences. This aligns

with damage patterns previously found in ancient/historical

RNA,18,22 and with deamination modeling for single-stranded

aDNA libraries43 equivalent to single-stranded protocols used

here for aRNA sequencing (see STAR Methods).

Additionally, we applied a probabilistic model to classify

aRNA sequences as ancient or modern contamination,43 which

confirmed that most mapped aRNAs from Yuka (mammoth 1)

exhibit damage profiles consistent with their antiquity (Figure 3G).

aRNA sequence variation reveals mammoth genetic

signatures

We retrieved 20 high-quality mammoth genomes (Table S3, #2)

and identified mammoth-like SNVs relative to the Asian elephant

(mEleMax1) reference assembly (see STAR Methods). This

enabled detection of variant sites within aRNA sequences map-

ped to coding and noncoding loci. Fewer than 1% of mapped

aRNA sequences contained mammoth-specific variants, with

Yuka being the most representative (∼45% of aRNAs with

mammoth-specific SNVs mapped to exonic regions, Table S4,

#1). Such low percentages are expected, as exons are under

strong purifying selection compared with intronic and intergenic

regions, even for synonymous mutations.44 Deep aDNA

sequencing data from Yuka29 revealed SNVs of high (e.g., stop

gained, frameshift), moderate (e.g., missense), and low (e.g.,

synonymous) predicted impact. A total of 407 aRNA sequences

harbored mammoth-like variant sites across 73 protein-coding

genes, 78 of which (∼20%) matched mammoth-specific variants

found in the 20 reference genomes (Table S4, #2).

We also examined SNVs in microRNA loci using Yuka genomic

data. Due to their evolutionary conservation,45 microRNA vari-

ants serve as valuable tools for species identification and valida-

tion and may affect microRNA biogenesis or target binding.46 Of

the 359 microRNA loci annotated in the Asian elephant (see

STAR Methods; Table S4, #3), 60 were detected in Yuka, sup-

ported by 572 mapped aRNA sequences (Table S4, #4). Similar

ll
OPEN ACCESS

Cell 189, 52–69, January 8, 2026 57

Article



microRNA profiles were observed using the reference-assisted

3D mammoth assembly23 (Table S4, #5). In contrast, microRNA

detection in the remaining mammoths was limited or absent

(Table S4, #4).

Notably, a G variant was detected at the end of the 3′ (3p) arm

of Mir-1-P3, supported by 94 of 99 mapped aRNA sequences

(Table S4, #6), and also found in modern elephant blood micro-

RNAs (Figure 4A), as well as in Mir-1 sequences of redworm

(E. fetida), hagfish (E. burgeri), sea lamprey (P. marinus), and oi-

kopleura (O. dioica) (Figure S4A). No contamination from these

species was detected in our meta-analyses (https://github.

com/emarmolsanchez/aRNA), so we consider that this variant

likely reflects and endogenous mammoth-like origin, also sup-

ported by the ∼22 nt average length of mapped aRNA se-

quences and their elevated damage (Figures S4B and S4C). A

cross-mammalian analysis found the G allele segregating in pro-

boscideans (including extant African and Asian elephants and

the extinct woolly mammoth), tenrecs, and the Mustela genus,

while all other analyzed species harbored the putative ancestral

A allele (Figure 4B). All paenungulates (proboscideans and

0

2

4

6

8

10

1 5 10 15 20 25 30

Distance from 5' end

M
is

m
at

ch
 fr

eq
ue

nc
y 

(%
) Mammoth 1 (aDNA)

0

2

4

6

8

10

30 25 20 15 10 5 0

Distance from 3' end

M
is

m
at

ch
 fr

eq
ue

nc
y 

(%
) Mammoth 1 (aDNA)

0

2

4

6

8

10

1 5 10 15 20 25 30

Distance from 5' end

M
is

m
at

ch
 fr

eq
ue

nc
y 

(%
) Mammoth 4 (aDNA)

0

2

4

6

8

10

30 25 20 15 10 5 0

Distance from 3' end

M
is

m
at

ch
 fr

eq
ue

nc
y 

(%
) Mammoth 4 (aDNA)

0

2

4

6

8

10

1 5 10 15 20 25 30

Distance from 5' end

M
is

m
at

ch
 fr

eq
ue

nc
y 

(%
) Mammoth 10 (aDNA)

0

2

4

6

8

10

30 25 20 15 10 5 0

Distance from 3' end

M
is

m
at

ch
 fr

eq
ue

nc
y 

(%
) Mammoth 10 (aDNA)

C>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>U
Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%Avg. C>U deaminated sites = 1.97%

0
5

10
15
20
25
30

0 10 20 30 40 50 60 70

Distance from 5' read end (nt)

 M
is

m
at

ch
 fr

eq
ue

nc
y 

(%
)

Mammoth 1 (aRNA)

C>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>U
Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%Avg. C>U deaminated sites = 1.04%

0
5

10
15
20
25
30

0 10 20 30 40 50 60 70

Distance from 5' read end (nt)

 M
is

m
at

ch
 fr

eq
ue

nc
y 

(%
)

Mammoth 4 (aRNA)

C>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>UC>U
Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%Avg. C>U deaminated sites = 2.02%

0
5

10
15
20
25
30

0 10 20 30 40 50 60 70

Distance from 5' read end (nt)

 M
is

m
at

ch
 fr

eq
ue

nc
y 

(%
)

Mammoth 10 (aRNA)

0

10K

20K

30K

40K

99.85 99.90 99.95 100

Endogenous probability (%)

R
ea

d 
co

un
t

Mammoth 1

0

5K

10K

15K

0 20 40 60 80 100

Endogenous probability (%)

R
ea

d 
co

un
t

Mammoth 4

A

C

E

G

B

D

F

Figure 3. aDNA and RNA damage profiling

(A–C) Cytosine deamination damage analysis (C>U, read as C>T by the sequencer) based on aDNA sequencing data from (A) mammoth 1, (B) mammoth 4, and

(C) mammoth 10 after competitive mapping to the Asian elephant genome assembly (mEleMax1), the woolly mammoth mitogenome (see STAR Methods), and

the human genome (hg19). Deamination profiles were inferred from CpG islands to circumvent USER treatment implemented during aDNA purification (see STAR

Methods).

(D–F) Cytosine deamination damage analysis (C>U, read as C>T by the sequencer) based on aRNA sequencing data from (D) mammoth 1, (E) mammoth 4, and

(F) mammoth 10 after mapping the Asian elephant genome assembly (mEleMax1) and the woolly mammoth mitogenome (see STAR Methods).

(G) Probability of ancient endogenous content in mammoths 1 and 4 using aRNA sequences mapped to the Asian elephant genome assembly (mEleMax1).

Mammoth 10 did not yield enough reliable information to compute endogenous probabilities.
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Figure 4. Mammoth-like SNV in Mir-1 sequences and novel microRNA candidates

(A) Schematic of aRNA sequences from mammoth 1 (Yuka) mapped to Mir-1-P3-3p showing a G SNV (arrowhead) at the end of the mature microRNA, also

present in Mir-1-P3-3p transcripts from modern Asian elephant blood small RNA-seq data. Nucleotide mismatches are highlighted with gray shading. See

Figure S4 for sequence length distribution of aRNA sequences mapped to microRNA genes.

(B) Cross-species analysis of the G variant among 60 mammalian genomes reveals its presence only in proboscideans (African and Asian elephants, and the

woolly mammoth), tenrecs, and the Mustela genus.

(C) Mir-1-P3 hairpins in proboscideans and tenrecs show an A>G variant (arrowhead) near the end of the mature 3p arm (red), coupled with an additional G site (*)

in the 5p arm (blue), forming a G-G bulge. This contrasts with A-A (humans) and G-A (ferrets) combinations seen in other mammals (Table S4, #7), as well as other

configurations in non-mammal Mir-1 loci (see Figure S4).

(D and E) Novel microRNA candidates identified in the woolly mammoth genome from mammoth 1 (Yuka) aRNA sequences. The 5p (blue) and 3p (red) arms, along

with UG (orange) and CNNC (violet) processing motifs, are highlighted in the predicted hairpin structure.

See also Figure S4.
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hyracoids), sirenids, and tenrecs showed an additional G muta-

tion in the opposite 5′ (5p) arm of Mir-1, forming a G-G unpaired

bulge in proboscideans and tenrecs (Figure 4C; Table S4, #7).

This bulge was absent in other mammals, where A-A or G-A

combinations predominated (Figure 4C; Table S4, #7). Whether

these variants affect Mir-1-P3 expression, maturation, or post-

transcriptional function remains unclear, though expression

changes linked to microRNA variants have been previously

reported.47

Novel microRNA loci predicted with aRNA data

One practical advantage of RNA-seq data is the ability to

discover novel loci by identifying expression evidence in

genomic regions theoretically devoid of coding sequences.

Here, we conducted a comprehensive annotation of microRNA

genes in the Asian elephant (mEleMax1) and woolly mammoth23

assemblies, identifying 359 loci (Table S4, #3). However, addi-

tional undetected microRNAs likely remain. To expand the

mammoth microRNA complement, we analyzed Yuka’s aRNA

data, our best-performing sample in the microRNA fraction

(Table S4, #4). Using miRDeep2,48 we identified two promising

novel microRNA candidates (Table S5, #1; Data S1).

The first, termed Mpr-Novel-4, showed aRNA sequences map-

ped to both arms of a predicted RNA hairpin. After UMI-dedupli-

cation, two sequences aligned to each arm, consistent with

known microRNA biogenesis dynamics49 (Data S1). Cytosine

deamination in the 5p arm supports the antiquity and damage pro-

file of these sequences. A homology search across 60 mammalian

genomes identified the locus in all but marsupials and sloths

(Table S5, #2), overlapping the 3′ UTR of the hexokinase 2 (HK2)

gene. However, only modern elephants and mammoths had se-

quences fully matching the mapped aRNAs. These, along with

other afrotherians and armadillos, showed sequences compatible

with a microRNA precursor structure, including a UG processing

motif upstream of the predicted 5p arm. Folding prediction resem-

bled that of typical microRNA hairpins50 (Figure 4D). Other mam-

mals had homologous sequences too divergent or truncated,

likely impairing functional microRNA expression (Table S5, #2).

The second candidate, Mpr-Novel-5, was only found in elephan-

tids (Table S5, #2), spanning most of the 15th intron of the glycerol-

3-phosphate acyltransferase 2 (GPAT2) gene. It may represent a

proboscidean-specific mirtron,51 as it was absent in sirenids

and hyracoids. Only two aRNA sequences mapped to its pre-

dicted 3p arm (Data S1). As with Mpr-Novel-4, the extended

sequence formed a hairpin structure and included UG and

CNNC motifs typical of bona fide microRNA loci (Figure 4E;

Table S5, #2). Neither candidate was expressed in modern

elephant microRNA sequencing data from blood extracts.52

Although promising, these sequences remain hypothetical

novel microRNA loci. Experimental validation is required to

confirm their ability to generate mature microRNAs, identify bio-

logical targets, and assess their regulatory roles.

aRNA sequences reflect a muscle-specific

transcriptome

We analyzed the transcriptional abundance in mammoth tissues

by aligning aRNA sequences to the longest annotated protein-

coding and noncoding transcripts per each gene in the Asian

elephant (mEleMax1) assembly. As before, Yuka (mammoth 1)

outperformed other specimens in both the number and quality

of confidently identified protein-coding transcripts (Tables S2,

#1 and S5, #3). A total of 342 protein-coding mRNAs and 902 non-

coding RNAs were detected with breadth of coverage ≥ 5% in Yu-

ka’s aRNA sequencing data (Table S2, #1), with some of the most

abundant transcripts showing significantly enriched functions

essential for skeletal muscle metabolism (Figure 5A; Table S5,

#3 and #4). Among the most abundant and reliably captured pro-

tein-coding mRNAs, to mention a few, are: titin (TTN) and

obscuring (OBSCN), responsible for the sarcomere and sarco-

plasmic reticulum structure integrity and Ca2+ metabolism53,54;

nebulin (NEB), which regulates thin filament length during sarco-

mere assembly,55 and kelch-like protein 40 (KLHL40), a striated

muscle-specific protein that binds to and stabilizes NEB56; fila-

min-c (FLNC) and nebulin-related anchoring protein (NRAP),

both key elements for muscle fiber development57,58; microtu-

bule-actin cross-linking factor 1 (MACF1), a regulator of myonu-

clei positioning and maintenance59; xin-α (XIRP1) and xin-β
(XIRP2), responsible for the reorganization of actin filaments under

mechanical strain60; ankyrin 1 (ANKRD1), a transcription factor

involved in muscle remodeling under stress61; actin α (ACTA1)

and myosin heavy chains α and β (MYH6 and MYH7), which

form the core of the thin and thick sarcomere filaments, respec-

tively62; and troponin T1 and C1 (TNNT1 and TNNC1), both pre-

dominantly expressed in slow-twitch muscle fibers along with

MYH6 and MYH7. These are essential components of the troponin

complex attached to tropomyosin,63,64 whose β isoform (TPM2) is

also detected in Yuka’s skeletal muscle, jointly with an abundant

range of protein-coding mitochondrial mRNAs (Figure 5A). The

presence of MYH7, TNNT1, and TNNC1, as well as TPM2 tran-

scripts among the most abundant and reliably detected protein-

coding mRNAs is indicative of an enriched presence of slow-

twitch skeletal muscle fibers within the mammoth tissue sample

used in this study.65

With regard to the noncoding fraction of the transcriptome,

excluding microRNAs, highly abundant rRNAs and tRNA tran-

scripts were detected, jointly with U1 and U2 spliceosomal

snRNAs, which are components of the spliceosome complex

responsible for mRNA maturation66 (Figure 5B; Table S5, #5).

Some of these protein-coding and noncoding loci showed

muscle-specific expression patterns when compared with mod-

ern human tissues (Figures 5C and 5D). Indeed, projection of

mammoth transcript abundance onto a human multi-tissue

gene expression atlas (Table S5, #6) showed that Yuka’s muscle

tissue profiles clustered in agreement with skeletal muscle sam-

ples when considering both protein-coding and microRNA

genes (Figures 6A and 6B).

Similar results were also detected when using modern

elephant RNA expression profiles, as well as with previously

reported aRNA data from an end-Pleistocene (Tumat) canid,18

historical wolf skins, and muscle and skin tissues from a Tasma-

nian tiger22 (Figures S5A and S5B; Table S5, #6). However,

mammoths 4 and 10 did not exhibit profiles matching their

known tissue origin (Figure S5C). Further analysis of the most

abundant protein-coding loci found in Yuka compared with

human expression profiles confirmed concordant clustering

patterns, something that was also reproduced in the microRNA
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fraction (Figure S6). Mir-1 and Mir-133 transcripts were highly

abundant in Yuka’s skeletal muscle. These microRNA families

are well known for their muscle-specific regulatory functions67

and were also found in historical muscle expression profiles of

the extinct Tasmanian tiger.22 Three microRNAs (Mir-124-3p,

Mir-184-5p, and Mir-9-5p) found in mammoth 1 (Yuka) have all

been identified as regulators of cell phagocytosis68 and cell pro-

liferation.69,70 Although they were detected in our aRNA data,

thus suggesting their relative abundance in mammoth skeletal

muscle, they seem to be particularly lowly expressed or absent

in muscle tissue from modern humans but abundant in brain

(Figure 5D). In contrast, microRNAs known to be essential for

hepatocyte metabolism, such as Mir-122,71 were absent in

mammoth muscle but present in ancient liver from an end-Pleis-

tocene canid19 (Figure S6). This exemplifies the muscle-specific

nature of the microRNAs detected in Yuka’s muscle tissue.

DISCUSSION

This study presents evidence for the preservation of RNA mole-

cules in permafrost-preserved woolly mammoth skeletal muscle

and skin tissues beyond preconceived time limitations, with rele-

vant insights gained from the Yuka specimen. This is, to our

knowledge, the oldest preserved transcriptional signatures
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Figure 5. Transcriptional profiles from Yuka show tissue-specific skeletal muscle metabolic functions

(A and B) Transcript abundance and breadth of coverage of (A) protein-coding and (B) noncoding loci supported by mapped aRNA sequences.

(C and D) Heatmap depicting the top-30 most abundant (C) protein-coding and (D) microRNA loci in the muscle tissue of Yuka (mammoth 1) compared with

modern extant expression profiles in multiple human tissues. Abundance estimates are normalized across all considered samples with the trimmed mean of M

values method (TMM) and log2 transformed (see STAR Methods).
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reported so far, more than twice as old as the RNA fragments

previously recovered from an end-Pleistocene canid.18,19 We

outline a complement of quality checks and validation tech-

niques to allow a fair comparison between aRNA and aDNA

sequencing data obtained from the same specimens, as well

as to comprehensively characterize ancient transcriptomes

and predict novel loci in extinct species, albeit with limited

and fragmented resolution. We also provide a number of recom-

mendations to properly isolate, sequence, filter, align, and

quantify ancient transcriptomes, as well as to identify possible

sources of DNA contamination and sequence bias that we

hope might guide researchers further developing the aRNA field.

Metatranscriptomic and metagenomic analyses showed an

overall variable endogenous nucleotide preservation across

samples, revealing how DNA and RNA can be jointly present in

ancient remains, even if partially masked by the presence of

pre- and postmortem microbial contamination. Endogenous ri-

bosomal RNAs were highly abundant, as expected for eukaryote

cell transcriptomes.72 Other noncoding fractions like snRNAs

and tRNAs were also prevalent. This can be considered as indi-

rect evidence of their abundant expression right before cell

death. The presence of aRNA sequences mapped to intronic

regions from unspliced nuclear transcripts prior to intron

removal, as well as the overall increased proportion of snRNAs,

which intervene in mRNA splicing in the nucleus4 and are not

expected in such a high concentration,72 are all suggestive of

differential transcript preservation dependent of cell compart-

mentalization. In this way, the intricate nuclear chromatin archi-

tecture, including scaffolding proteins dedicated to genome

maintenance,73 might have conditioned an increased protection

of nuclear elements within, as opposed to the more exposed

cytoplasm. Recent findings on the preservation of tridimensional

chromatin structures through time in woolly mammoth ancient

nuclei23 support this hypothesis. Overly abundant mitochondrial

mRNAs might also conform to these dynamics, despite the

high mitochondrial copy number expected in skeletal muscle

tissue.74

We have also confidently identified fragmentary but

reliable evidence of over 300 protein-coding mRNAs and

around 60 different microRNAs in woolly mammoth skeletal

muscle. Many of these have relevant tissue-specific functions

in sarcomere architecture, myofibrillar contraction, and cell

development,54–57,60–63,67 mirroring muscle metabolism and

gene expression dynamics in modern extant species. We also

gathered enough data to infer a predominance of slow-twitch

muscle fibers in the mammoth tissue from Yuka, as revealed

by the selective abundance of MYH7, TNNT1, and TNNC1 and

TPM2 mRNA transcripts. In this way, we might have glimpsed

the final pulses of transcriptional tissue-specific activity from

the extinct woolly mammoth.

Besides, we resolved that Yuka was a male XY mammoth

using RNA and DNA sequencing evidence, despite previous

conflicting sex assignment based on external anatomical exam-

ination. Nucleotide variation and time-dependent sequence

damage provided additional support to such findings.

Albeit promising, our results define pertinent questions yet to

be solved: is aRNA going to become an established broad

research field or will it be restricted to scarce exceptional in-

stances involving desiccated and/or chemically fixed specimens

and permafrost-preserved samples? Have we reached the limits

of detectable transcriptomes through time, or can we expect that

older remains harbor yet-to-be-found RNA complements? What

additional insights can RNA provide that DNA or proteins fall

short to attain? Methodological developments to improve and

refine RNA isolation and sequencing from historical/ancient re-

mains are probably needed. In this regard, highly fragmented

RNA transcripts might present with damaged blunt ends, thus

hampering proper enzymatic reactions during library prepara-

tion, something that we did not account for and that warrants

further research. A comprehensive modeling of RNA decay

through time and across tissues is also lacking, given the vast

variability of preservation conditions in museum collections. Un-

like DNA, which is a static blueprint virtually common to all

healthy cells within a given organism, RNA reflects dynamic tran-

scriptional responses in a tissue-specific manner and depicts

the universe of noncoding regulatory elements that do not trans-

late to functional proteins. We also note that highly abundant

RNA families such as ribosomal RNAs detected in this study, if

present, could be used as hallmarks for species identification

when endogenous DNA might be scarce and/or of limited use,

since these may concentrate in old remains at several orders

of magnitude greater than DNA molecules. Moreover, short-lived

transcriptional changes to developmental and environmental

conditions might be fixed through time, thus allowing the study
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of gene regulation in the cell metabolism beyond DNA sequence

analysis.

In this way, our aRNA data provide biological insights into

gene regulatory pathways and expression dynamics that

occurred in living woolly mammoth cells several dozen millennia

ago, not only through the detection of muscle-specific transcrip-

tional profiles but also by identifying putative novel small RNA

regulatory elements expressed in mammoth skeletal muscle.

Altogether, our results highlight the potential of aRNA

molecules to persist across deep timescales, revealing once-

forgotten layers of biological information complementing aDNA

and protein sequencing approaches.

Limitations of the study

In this study, we only analyzed permafrost-preserved mummi-

fied soft tissues (skeletal muscle and skin) from woolly mam-

moths. Additional instances of cold-preserved metazoan RNAs

come from soft, dry tissues of a 14,300-year-old end-Pleisto-

cene canid,18 and from a 5,300-year-old cold-mummified hu-

man.20 Although still sparse, our results and the few others pre-

viously available highlight the potential for future successful

aRNA studies. Alternative taphonomic conditions preserving

RNA molecules have mainly been demonstrated in more recent

historical samples, such as a medieval human pelvic bone,21

dry wolf skins,18 as well as in muscle and skin tissues from a

desiccated Tasmanian tiger stored at room temperature for

over a century.22 This suggests that RNA fragments can survive

under specific dry and/or cold conditions where enzymatic

degradation is halted, offering potential for broader aRNA

research. Similarly, the survival of soft tissues in ancient speci-

mens may indicate exceptional biomolecular preservation,

supporting previous choices to prioritize mummified tissues

over bones.18,19 Nevertheless, we acknowledge that most

ancient remains found in paleo-archaeological fields are subfos-

sil bones or teeth, so it is important to assess whether current

aRNA methods can be extended to such mineral-rich tissues.

As mentioned above, there seems to be only one instance of

successful RNA extraction from a medieval bone so far.21 How-

ever, aDNA methods have been validated and extensively

applied in both soft and hard tissues,75–78 suggesting that with

appropriate adjustments in sampling, digestion, and purification

methods, similar performance may be achievable if RNA mole-

cules are still preserved. As such, we acknowledge that our

RNA isolation and sequencing methods were not fully optimized,

and improvements in tissue homogenization, transcript end-

repair, or alternative library synthesis approaches may enhance

RNA capture, as undetected losses likely occurred due to sub-

optimal chemistry. Likewise, broader, multi-tissue studies with

a more comprehensive sampling strategy are needed to demon-

strate the future feasibility and value of the aRNA research field.

DNA contamination traces present in our sequencing data

may reflect inefficiencies during RNA isolation, but, given the

low RNA yield and minor DNA spillover, we caution against

aggressive DNA removal that might compromise RNA retention.

The high number of PCR cycles used in our study may also have

introduced bias toward certain transcript families. Nevertheless,

we note that we did not aim to accurately quantify gene expres-

sion or perform any comparison across samples. Instead, we

examined relative transcript abundances within each specimen

to assess metabolic function and tissue identity, thus validating

the endogenous origin of the aRNA profiles.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Mammoth 1 This study Yuka

Mammoth 2 This study Yukagir

Mammoth 3 This study Yana-Inidgirka

Mammoth 4 This study Oymyakon

Mammoth 5 This study Belaya Gora

Mammoth 6 This study Gold mammoth

Mammoth 7 This study Maksunuokha

Mammoth 8 This study Lyakhovskiy 1

Mammoth 9 This study Big Lyakhovskiy

Mammoth 10 This study Chris Waddle

Chemicals, peptides, and recombinant proteins

USER enzyme New England Biolabs NEB #M5508

AccuPrime reaction mix Life Technologies Cat #12344040

AccuPrime Pfx DNA polymerase Life Technologies Cat #12344024

Agencourt AMPure XP beads Beckman Coulter Cat #10136224

Critical commercial assays

PowerBead tube metal 2.38 mm Qiagen Cat #13117-50

mirVana microRNA isolation kit Thermo Fisher Scientific Cat #AM1560

Qubit microRNA assay kit Thermo Fisher Scientific Cat#Q32881

Qubit RNA HS assay kits Thermo Fisher Scientific Cat #Q32852

NEXTFLEX™ small RNA-seq kit v3 Bioo Scientific Cat #5132-06

Qubit dsDNA broad-range assay kit Thermo Fisher Scientific Cat #Q32850

Agilent high-sensitivity DNA kit Agilent Cat #5067-4626

NextSeq 500/550 high-output kit v2.5 Illumina Cat #20024906

NextSeq 1000/2000 P1 XLEAP-SBS kit Illumina Cat #20100982

NovaSeq 6000 S4 Reagent Kit v1.5 Illumina Cat #20028313

Deposited data

Single-end aRNA sequencing data This study PRJNA1190340

Paired-end aDNA sequencing data This study PRJNA1190340

Paired-end aRNA sequencing data This study PRJNA1256124

KrakenUniq database based

on full NCBI NT

Pochon et al.96 https://doi.org/10.17044/scilifelab.

20205504

Woolly mammoth Dehasque et al.82 E464, Wra4.9Ka

Woolly mammoth Palkopoulou et al.30 E467, Wra4.3K

Woolly mammoth van der Valk et al.83 L163, Chu31.9K

Woolly mammoth Dı́ez-del-Molino et al.81 L164, Chu17.0K

Woolly mammoth Dehasque et al.82 L386, Wra7.4K

Woolly mammoth Dehasque et al.82 L387, Wra5.7K

Woolly mammoth Dehasque et al.82 L414, Wra7.9K

Woolly mammoth Dehasque et al.82 L416, Wra7.1Ka

Woolly mammoth Dehasque et al.82 L422, Wra7.1Kb

Woolly mammoth Dehasque et al.82 L423, Wra6.2K

Woolly mammoth Dehasque et al.82 L456, Wra8.5K
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Woolly mammoth Dehasque et al.82 M17, Wra8.3K

Woolly mammoth Dehasque et al.82 M32, Wra4.9Kb

Woolly mammoth van der Valk et al.83 M6, Wra24.0K

Woolly mammoth Dehasque et al.82 MD076, Wra9.2K

Woolly mammoth Dehasque et al.82 MD080, Wra5.2K

Woolly mammoth Dı́ez-del-Molino et al.81 MD090, Yak52.3K

Woolly mammoth Palkopoulou et al.30 Oymyakon, Oim44.2K

Woolly mammoth Dı́ez-del-Molino et al.81 P004, NSI12.2K

Woolly mammoth Dı́ez-del-Molino et al.81 P005, NSI12.8K

Woolly mammoth Maschenko et al.26 JK294

Woolly mammoth Maschenko et al.26 JK296

Woolly mammoth Yamagata et al.29 Japanese Yuka

Asian elephant SAMN28571076 PRJNA840935

Human Uhlén et al.134 ERR579130

Human Uhlén et al.134 ERR579141

Human Uhlén et al.134 ERR579142

Human Uhlén et al.134 ERR579143

Human Uhlén et al.134 ERR579149

Human Uhlén et al.134 ERR579152

Human Fagerberg et al.133 ERR315328

Human Fagerberg et al.133 ERR315331

Human Fagerberg et al.133 ERR315356

Human Fagerberg et al.133 ERR315367

Human Fagerberg et al.133 ERR315384

Human Fagerberg et al.133 ERR315389

Human Fagerberg et al.133 ERR315413

Human Fagerberg et al.133 ERR315430

Human Fagerberg et al.133 ERR315435

Human Fagerberg et al.133 ERR315339

Human Fagerberg et al.133 ERR315372

Human Fagerberg et al.133 ERR315376

Human Fagerberg et al.133 ERR315401

Human Fagerberg et al.133 ERR315460

Human Fagerberg et al.133 ERR315464

Human Fagerberg et al.133 ERR315327

Human Fagerberg et al.133 ERR315394

Human Fagerberg et al.133 ERR315414

Human Fagerberg et al.133 ERR315451

Human Fagerberg et al.133 ERR315463

Human Fagerberg et al.133 ERR315326

Human Fagerberg et al.133 ERR315341

Human Fagerberg et al.133 ERR315346

Human Fagerberg et al.133 ERR315353

Human Fagerberg et al.133 ERR315424

Human Fagerberg et al.133 ERR315439

Human Fagerberg et al.133 ERR315444

Human Fagerberg et al.133 ERR315487

Human Fagerberg et al.133 ERR315383

Human Fagerbeg et al.133 ERR315443
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Human Fagerberg et al.133 ERR315468

Human Fagerberg et al.133 ERR315494

Human Fagerberg et al.133 ERR315432

Human Fagerberg et al.133 ERR315455

Human Fagerberg et al.133 ERR315477

Human Fagerberg et al.133 ERR315350

Human Fagerberg et al.133 ERR315351

Human Fagerberg et al.133 ERR315352

Human Fagerberg et al.133 ERR315391

Human Fagerberg et al.133 ERR315415

Human Fagerberg et al.133 ERR315446

Human Fagerberg et al.133 ERR315456

Human Fagerberg et al.133 ERR315492

Human Fagerberg et al.133 ERR315380

Human Fagerberg et al.133 ERR315402

Human Fagerberg et al.133 ERR315458

Human Fagerberg et al.133 ERR315482

Human Fagerberg et al.133 ERR315336

Human Fagerberg et al.133 ERR315374

Human Fagerberg et al.133 ERR315375

Human Fagerberg et al.133 ERR315377

Human Fagerberg et al.133 ERR315399

Human Fagerberg et al.133 ERR315476

Human Fagerberg et al.133 ERR315478

Human Zhu et al.136 SRS945156

Human Zhu et al.136 SRS945155

Human Zhu et al.136 SRS945625

Human Fagerberg et al.133 ERR315332

Human Fagerberg et al.133 ERR315342

Human Fagerberg et al.133 ERR315343

Human Fagerberg et al.133 ERR315378

Human Fagerberg et al.133 ERR315431

Human Fagerberg et al.133 ERR315333

Human Fagerberg et al.133 ERR315395

Human Fagerberg et al.133 ERR315396

Human Fagerberg et al.133 ERR315404

Human Fagerberg et al.133 ERR315406

Human Fagerberg et al.133 ERR315425

Human Fagerberg et al.133 ERR315469

Human Fagerberg et al.133 ERR315486

Human Fagerberg et al.133 ERR315329

Human Fagerberg et al.133 ERR315371

Human Fagerberg et al.133 ERR315373

Human Fagerberg et al.133 ERR315387

Human Fagerberg et al.133 ERR315390

Human Fagerberg et al.133 ERR315393

Human Fagerberg et al.133 ERR315426

Human Fagerberg et al.133 ERR315440

Human Fagerberg et al.133 ERR315441
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Human Fagerberg et al.133 ERR315471

Human Fagerberg et al.133 ERR315475

Human Fagerberg et al.133 ERR315488

Human Fagerberg et al.133 ERR315493

Human Fagerberg et al.133 ERR315337

Human Fagerberg et al.133 ERR315358

Human Fagerberg et al.133 ERR315363

Human Fagerberg et al.133 ERR315397

Human Fagerberg et al.133 ERR315412

Human Fagerberg et al.133 ERR315422

Human Fagerberg et al.133 ERR315428

Human Fagerberg et al.133 ERR315483

Human Fagerberg et al.133 ERR315491

Human Fagerberg et al.133 ERR315325

Human Fagerberg et al.133 ERR315382

Human Fagerberg et al.133 ERR315418

Human Fagerberg et al.133 ERR315420

Human Fagerberg et al.133 ERR315449

Human Fagerberg et al.133 ERR315459

Elephant Toh et al.138 SRR27318051

Elephant Toh et al.138 SRR27318052

Elephant SRR19501519

Elephant SRR19501517

Elephant SRR19501515

Elephant SRR19501516

Elephant SRR19501518

Elephant Armstrong et al.137 SRR3222430

Human Lorenzi et al.139 SRR10264719

Human Lorenzi et al.139 SRR10264720

Human Lorenzi et al.139 SRR10264721

Human Lorenzi et al.139 SRR10264722

Human Lorenzi et al.139 SRR10264489

Human Lorenzi et al.139 SRR10264490

Human Lorenzi et al.139 SRR10264491

Human Lorenzi et al.139 SRR10264492

Human Srivastava et al.141 SRR8858261

Human Srivastava et al.141 SRR8858262

Human Srivastava et al.141 SRR8858263

Human Srivastava et al.141 SRR8858264

Human Srivastava et al.141 SRR8858265

Human Srivastava et al.141 SRR8858266

Human Srivastava et al.141 SRR8858267

Human Srivastava et al.141 SRR8858268

Human Lorenzi et al.139 SRR10264369

Human Lorenzi et al.139 SRR10264370

Human Lorenzi et al.139 SRR10264371

Human Lorenzi et al.139 SRR10264372

Human FANTOM Consortium and the RIKEN PMI

and CLST (DGT) et al.140

DRR041463
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Human FANTOM Consortium and the RIKEN PMI

and CLST (DGT) et al.140

DRR041468

Human FANTOM Consortium and the RIKEN PMI

and CLST (DGT) et al.140

DRR041613

Human FANTOM Consortium and the RIKEN PMI

and CLST (DGT) et al.140

DRR041352

Human Lorenzi et al.139 SRR10264389

Human Lorenzi et al.139 SRR10264390

Human Lorenzi et al.139 SRR10264391

Human Lorenzi et al.139 SRR10264392

Human Lorenzi et al.139 SRR10264628

Human Lorenzi et al.139 SRR10264629

Human Lorenzi et al.139 SRR10264630

Human Lorenzi et al.139 SRR10264631

Human Lorenzi et al.139 SRR10264237

Human Lorenzi et al.139 SRR10264238

Human Lorenzi et al.139 SRR10264239

Human Lorenzi et al.139 SRR10264240

Human FANTOM Consortium and the RIKEN PMI

and CLST (DGT) et al.140

DRR041531

Human FANTOM Consortium and the RIKEN PMI

and CLST (DGT) et al.140

DRR041538

Human FANTOM Consortium and the RIKEN PMI

and CLST (DGT) et al.140

DRR041557

Human FANTOM Consortium and the RIKEN PMI

and CLST (DGT) et al.140

DRR041563

Human FANTOM Consortium and the RIKEN PMI

and CLST (DGT) et al.140

DRR041586

Human Lorenzi et al.139 SRR10264269

Human Lorenzi et al.139 SRR10264270

Human Lorenzi et al.139 SRR10264271

Human Lorenzi et al.139 SRR10264272

Human Akat et al.142 SRR1044425

Human Akat et al.142 SRR1044427

Human Akat et al.142 SRR1044429

Human Akat et al.142 SRR1044431

Human Akat et al.142 SRR1044433

Human Akat et al.142 SRR1044434

Human Lorenzi et al.139 SRR10264980

Human Lorenzi et al.139 SRR10264981

Human Lorenzi et al.139 SRR10264982

Human Lorenzi et al.139 SRR10264983

Human Lorenzi et al.139 SRR10263632

Human Lorenzi et al.139 SRR10263633

Human Lorenzi et al.139 SRR10263634

Human Lorenzi et al.139 SRR10263635

Human Lorenzi et al.139 SRR10263548

Human Lorenzi et al.139 SRR10263549

Human Lorenzi et al.139 SRR10263550

Human Lorenzi et al.139 SRR10263551

Human Lorenzi et al.139 SRR10263656

(Continued on next page)

ll
OPEN ACCESS

e5 Cell 189, 52–69.e1–e15, January 8, 2026

Article



Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Human Lorenzi et al.139 SRR10263657

Human Lorenzi et al.139 SRR10263658

Human Lorenzi et al.139 SRR10263659

Human Lorenzi et al.139 SRR10264129

Human Lorenzi et al.139 SRR10264130

Human Lorenzi et al.139 SRR10264131

Human Lorenzi et al.139 SRR10264132

Elephant Fehlmann et al.52 SRR7909615

Tasmanian tiger Mármol-Sánchez et al.22 SRR23147616

Tasmanian tiger Mármol-Sánchez et al.22 SRR23147611

Canid Smith et al.18 SRR8090328

Canid Smith et al.18 SRR8090327

Canid Smith et al.18 SRR8090318

Wolf Smith et al.18 SRR8090324

Wolf Smith et al.18 SRR8090323

Software and algorithms

OxCal v4.3 Ramsey79 https://c14.arch.ox.ac.uk/oxcal.html

bcl2Fastq v1.8.3 Illumina https://emea.support.illumina.com/

sequencing/sequencing_software/

bcl2fastq-conversion-software.html

Cutadapt v3.2 Martin92 https://github.com/marcelm/cutadapt/

fastp v0.24 Chen et al.93 https://github.com/OpenGene/fastp

FASTX-Toolkit v0.0.14 Debian https://github.com/Debian/fastx-toolkit

Seqtk v1.3-r106 Lh3 https://github.com/lh3/seqtk

GenErode v0.4 Kutschera et al.94 https://github.com/NBISweden/GenErode

KrakenUniq v0.7.3 Breitwieser et al.95 https://github.com/fbreitwieser/krakenuniq

Pavian v1.2.0 Breitwieser and Salzberg98 https://github.com/fbreitwieser/pavian

Spades v3.15.5 Prjibelski et al.99 https://github.com/ablab/spades

Velvet v1.2.10 Zerbino100 https://github.com/dzerbino/velvet

Oases v0.2.09 Schulz et al.101 https://github.com/dzerbino/oases

orfipy v0.0.4 Singh and Wurtele104 https://github.com/urmi-21/orfipy

HHsearch v3.3.0 Steinegger et al.105 https://github.com/soedinglab/hh-suite

HMMscan v3.3.2 Eddy106 https://github.com/EddyRivasLab/hmmer/

tree/master

Diamond BLASTP v2.1.9 Buchfink et al.107 https://github.com/bbuchfink/diamond

NCBI BLAST v2.16.0 NCBI https://blast.ncbi.nlm.nih.gov

MMSeqs2 v15 Steinegger and Söding110 https://github.com/soedinglab/MMseqs2

MAFFT v7.520 Katoh et al.111 https://mafft.cbrc.jp/alignment/software/

FastTree v2.1.11 Price et al.112 https://software.cqls.oregonstate.edu/

updates/fasttree-2.1.11/

CIAlign v1.1.4 Tumescheit et al.113 https://github.com/KatyBrown/CIAlign

Bowtie v1.3.0 Langmead et al.34 https://github.com/BenLangmead/bowtie

Bowtie2 v2.4.2 Langmead and Salzberg32 https://github.com/BenLangmead/bowtie2

BWA v0.7.17 Li and Durbin33 https://github.com/lh3/bwa

AMBER Dolenz et al.31 https://github.com/tvandervalk/AMBER

gffread v0.12.6 Pertea and Pertea114 https://github.com/gpertea/gffread

Sambamba v0.8.0 Tarasov et al.115 https://github.com/biod/sambamba

UMI-Tools v1.1.2 Smith et al.116 https://github.com/CGATOxford/UMI-tools

SAMtools v.1.8 Li et al.118 https://github.com/samtools/samtools

GATK v3.8-0 McKenna et al.119 https://github.com/broadinstitute/gatk
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Woolly mammoths

Permafrost-preserved tissues (muscle and skin) from a total of 10 individual woolly mammoths were used in this study. Given meta-

genomic, metatranscriptomics and endogenous quantification of mammoth-like endogenous quality data, we decided to focus our

analyses on mammoths 1, 4, and 10. Mammoth 1: Muscle tissue from this specimen belongs to Yuka, an exceptionally well-pre-

served juvenile woolly mammoth discovered on the mainland bluff of Oyogos Yar. Originally identified as female based on external

examination of the genital area of the carcass,26 it has been determined to be a genetic male (XY) by four independent sequencing

sources of aDNA data (Table S3, #3, one of them generated for this study), as well as aRNA data reported in this study. Radiocarbon

dating places this specimen at approximately 39,000 calibrated YBP (GrA 53289). Mammoth 4: Muscle tissue from this specimen

corresponds to the Oymyakon mammoth, a male calf unearthed at the Ol’chan mine site in Yakutia (Oymyakon region) and dated

to roughly 44,000 calibrated YBP (GrA-30727). Mammoth 10: Skin tissue used from this specimen belongs to a mammoth informally

known as ‘‘Chris Waddle’’, and previously reported as IN18-032.23 It represents a female individual recovered near Belaya Gora in the

Sakha Republic, with an estimated age of >44,900 years (OxA-38763). However, mitochondrial phylogenetic analysis refined its age

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

BEDtools v2.31.0 Quinlan and Hall121 https://github.com/arq5x/bedtools2

BCFtools v1.8 Danecek et al.122 https://github.com/samtools/bcftools

PMDtools v0.60 Skoglund et al.123 https://github.com/pontussk/PMDtools

RepeatModeler v2.0.1 Smit and Hubley124 https://www.repeatmasker.org/dev/

RepeatModeler/

RepeatMasker v4.0.9 Smit et al.125 https://www.repeatmasker.org/dev/

RepeatMasker/

Variant Effect Predictor (VEP) v113.0 McLaren et al.126 https://github.com/Ensembl/ensembl-vep

BLAT Kent128 https://mart.ensembl.org/Homo_sapiens/

Tools/Blast

rotl v3.1.0 CRAN https://CRAN.R-project.org/package=rotl

ggtree v3.12.0 Yu et al.129 https://www.bioconductor.org/packages/

release/bioc/html/ggtree.html

Rfam v15.0 Kalvari et al.130 https://rfam.org/

MiRDeep2 Friedländer et al.48 https://github.com/rajewsky-lab/mirdeep2

Mfold Zuker131 https://rothlab.ucdavis.edu/genhelp/

mfold.html

ShinyGO v0.81 Ge et al.132 https://bioinformatics.sdstate.edu/go/

ExpressionAtlas v1.32.0 Keays135 https://bioconductor.org/packages/

release/bioc/html/ExpressionAtlas.html

edgeR v4.2.1 Robinson et al.144 https://bioconductor.org/packages/

release/bioc/html/edgeR.html

dendsort v0.3.4 CRAN https://cran.r-project.org/web/packages/

dendsort/index.html

umap v0.2.10.0 CRAN https://github.com/tkonopka/umap

Liftoff v1.6.3 Shumate and Salzberg146 https://github.com/agshumate/Liftoff

Minimap2 v2.24-r1122 Li147 https://github.com/lh3/minimap2

Other

Annotation file (GTF) of the woolly

mammoth genome assembly reported by

Sandoval-Velasco et al.23

This study https://github.com/emarmolsanchez/

aRNA/tree/main/Annotation

Interactive woolly mammoth

metagenomics report generated with

Pavian98

This study https://github.com/emarmolsanchez/

aRNA/tree/main/Meta

Interactive woolly mammoth

metatranscriptomics report generated with

Pavian98

This study https://github.com/emarmolsanchez/

aRNA/tree/main/Meta
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to around 52,000 YBP.23 A summary of additional metadata available for these specimens, along with the remaining mammoths

analyzed in this study, is provided in Table S1, #1. Additional publicly available woolly mammoth aDNA sequencing data used for

Y chromosome analyses and SNV analyses are reported in Table S3, #2.

Modern elephants

Elephant DNA and small RNA sequencing data are publicly accessible and their identification is reported in Tables S3, #2 and S5, #6.

Tasmanian tiger

aRNA sequencing data from a Tasmanian tiger (NRM-MA590213) previously reported22 was used for tissue-specific clustering an-

alyses. Additional details are available in Table S5, #6.

Canid

aRNA sequencing data from end-Pleistocene canid previously reported18 was used for tissue-specific clustering analyses. Additional

details are available in Table S5, #6.

Humans

Publicly available RNA-seq data from a collection of human tissues were retrieved and used for tissue-specific clustering analyses.

Additional details are available in Table S5, #6.

METHOD DETAILS

Sample collection and dating

A total of ten tissue samples, each of which belonging to a different woolly mammoth specimen, were opportunistically collected from

museum collections except for one, which was directly sampled from the field and stored at the Center for Palaeogenetics (CPG)

ancient DNA lab facilities (Table S1, #1). All tissues were labeled either as fibrous/muscle-like or skin. Radiocarbon dating was already

available for 8 out of the 10 mammoths, but only 4 of them had traceable 14C identification (Table S1, #1). All available radiocarbon

dates with corresponding error estimates were calibrated with OxCal v4.379 using the IntCal20 Northern Hemisphere calibration

curve80 and are reported in calibrated years before present (YBP, Table S1, #1). For mammoths without enough data to report cali-

brated YBP, age is determined as recorded in previous studies81–83 or as stated by sample providers.

Laboratory methods

All laboratory procedures were performed in dedicated ancient DNA laboratory facilities within the Centre for Palaeogenetics (CPG)

department at Stockholm University in Sweden. Strict standard guidelines for working with ancient biomolecules and avoiding

external contamination were carefully followed.84

Ancient RNA

We followed protocols as previously reported for historical RNA extraction.22 Briefly, approximately 80 mg of tissue was sectioned

from each woolly mammoth sample using a sharp scalpel and pulverized using liquid nitrogen using a mortar and pestle. Subse-

quently, the resulting tissue powder was submerged in 1 mL of digestion buffer85 suited for highly fibrous and keratin-rich tissues

and incubated for 30 minutes at 37◦C. Optionally, for samples that showed limited digestion after incubation, an additional homog-

enization step was implemented by mechanical lysis using 2 mL PowerBead tubes (Qiagen) loaded with 2.38-mm metallic beads in a

TissueLyser LT equipment (Qiagen). The resulting lysate for each sample was then used for total RNA extraction with the mirVana

microRNA isolation kit (Thermo Fisher Scientific) and Acid-Phenol:Chloroform solution according to the manufacturer’s specifica-

tions except for the following steps: (1) substituting the initial lysis/binding buffer with the homogenized lysate obtained after tissue

digestion, and (2) performing the final elution in 25 μL ultrapure nuclease-free H2O and repeating the elution flow through the filter

cartridge twice. No size selection on the total RNA extract was performed. Total RNA concentration from each eluted extract was

then determined in triplicate using Qubit microRNA and Qubit RNA HS assay kits in a Qubit 2.0 fluorometer (Thermo Fisher Scientific).

Total RNA extracts concentration using both microRNA and RNA HS Qubit assays are shown in Table S1, #2. Subsequently, we pre-

pared RNA sequencing libraries with the NEXTFLEX™ small RNA-seq kit v3 (Bioo Scientific) using 23× PCR amplification cycles with

no size selection. Negative controls were included in duplicate by preparing additional libraries without the addition of RNA extracts in

the initial ligation reaction. A positive control spike-in was added by using a 21-nt microRNA-like sequence not matching any known

microRNA according to miRBase database86 and provided by the NEXTFLEX™ small RNA-seq library prep kit. Library concentration

per each sample was determined with a Qubit dsDNA broad-range assay kit (Thermo Fisher Scientific), while cDNA fragment size

distribution was assessed with the Agilent high-sensitivity DNA kit assay in a Bioanalyzer 2100 equipment (Agilent Technologies).

Fragment size profiles for each woolly mammoth tissue cDNA library and additional controls are shown in Figure S1.

Ancient DNA

Approximately 50 mg of tissue was sectioned from each woolly mammoth sample using a sharp scalpel. Subsequently, all samples

were submerged in 1 mL of a digestion buffer85 as done for aRNA and incubated overnight at 56◦C. DNA extraction was then carried

out as reported by Dehasque et al. protocol from day two.87 We then prepared double-stranded sequencing libraries using the
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protocol by Meyer and Kircher,88 with modifications as reported by Dehasque et al.,87 including treatment with either 3 or 6 μL of

USER enzyme (New England Biolabs) to excise uracil bases from post-mortem damage except at CpG sites.89 Clean-up was

done with MinElute purification columns (Qiagen). Library indexing was performed in 25 μL reaction volumes containing 1×

AccuPrime reaction mix (Life technologies), 0.3 μM of each indexing primer, 1.25U AccuPrime Pfx DNA polymerase (Life technolo-

gies), and 3 μL of each DNA library. Unique barcodes were used for dual indexing of the libraries.90 The following conditions were

applied for indexing the PCR reaction: 95◦C for 2 minutes, 12 to 16 cycles of 95◦C for 15 seconds, 60◦C for 30 seconds, and

68◦C for 30 seconds. Polymerase chain reaction (PCR) amplification was performed following Pe�cnerová et al.91 In order to deter-

mine the most appropriate number of PCR cycles for indexing PCR per each sequencing library, 12 PCR cycles were initially set

following reaction conditions as described above. We then ran the amplified libraries on an agarose gel and used the intensity of

the gel bands as indicative of the optimal numbers of PCR cycles to apply for the final indexing PCR. This is intended to reduce

the PCR cycles to the optimal minimum and reduce clonality. Amplified indexed libraries were then pooled in equal volumes per sam-

ple and size selected using Agencourt AMPure XP beads (Beckman Coulter). A high-sensitivity DNA chip was then used to assess the

library pool concentration in a BioAnalyzer 2100 equipment (Agilent Technologies).

Sequencing

Ancient RNA libraries were sequenced on a NextSeq 500 sequencing system (Illumina) using the Illumina NextSeq500/550 high-

output sequencing reagent kit v2.5 (single-end, 75 cycles). After the first run including all ten woolly mammoth samples analyzed

in this study, mammoth 1 (Yuka) cDNA library was individually re-sequenced with the same NextSeq 500 protocol to obtain deep

sequencing data. Further details on deep sequencing statistics are available at Table S2, #1 and Figure S2C. Additionally, we gener-

ated paired-end sequencing data from the same mammoth 1 cDNA library on a NextSeq 2000 system (Illumina) with the NextSeq

1000/2000 P1 XLEAP-SBS Reagent Kit (300 cycles, see Table S2, #4). This was intended to ascertain the longest endogenous

mammoth-like aRNA sequences able to be characterized. Ancient DNA libraries were sent to the National Genomics Infrastructure

(NGI Stockholm) for sequencing using the Illumina NovaSeq platform (S4 flow cell, 2x100 or 2x150, paired-end).

Raw data preprocessing

Raw sequences from ancient DNA and RNA sequencing products were demultiplexed and converted from Bcl to Fastq using

bcl2Fastq v1.8.3 (Illumina).

Ancient RNA

The resulting raw fastq files of each library were processed for adapter removal with the Cutadapt v3.2 tool92 allowing a minimum of

18 nucleotides per sequence after trimming and a maximum error rate of 10% in adapter sequence detection. Paired-end RNA se-

quences were merged using the fastp v0.2493 with the merge option. After this step, both single-end and paired-end RNA sequencing

data were processed following the same pipeline: Trimmed sequences were collapsed for a first PCR deduplication procedure using

the fastx_collapser function from FASTX-Toolkit v0.0.14 (https://github.com/Debian/fastx-toolkit). Unique molecular identifiers

(UMIs) included during library preparation were then removed from trimmed and collapsed sequences with the trimfq tool (-b 4 -e

4) from Seqtk v1.3-r106 (https://github.com/lh3/seqtk), while retaining UMI sequence tags for further UMI-based deduplication.

Ancient DNA

The resulting raw fastq files of each library were processed with GenErode v0.4 pipeline94 using default parameters for ancient/his-

torical DNA. We then merged paired-end sequences and adapters were removed with fastp v0.22.93 Only merged fragments with a

minimum length of 30 nucleotides were retained for subsequent analyses.

Metagenomics and metatranscriptomics

Taxonomic analysis of ancient RNA and DNA sequences was performed to assess the overall species-specific content of each li-

brary, targeting both endogenous woolly mammoth sequences, as well as any additional exogenous contamination source from

ancient or modern origin. The analysis was implemented on adapter-trimmed sequences before PCR deduplication (DNA), and after

UMI removal in the case of RNA sequences. Only sequences with a length of at least 30 nucleotides were considered. Taxonomic

classification of the sequences was performed using KrakenUniq v0.7.395 with a custom database96 (https://doi.org/10.17044/

scilifelab.20205504) based on the NCBI non-redundant reference nucleotide (NT) database, which is commonly used in the standard

blastn algorithm.97 Sequence assignment relied on k-mer classification. The resulting taxonomic assignments for DNA and RNA se-

quences were then assessed for mammoth-like origin using Afrotheria superorder and woolly mammoth (M. primigenius) indepen-

dently as the taxonomic level (Table S1, #3). Comprehensive reports of classification analyses were separately produced for DNA and

RNA sequence assignments using the Pavian v1.2.0 R package,98 and are available at https://github.com/emarmolsanchez/aRNA.

Identification of RNA viruses

Adapter-trimmed RNA sequences after UMI removal without PCR deduplication for each of the ten woolly mammoth samples were

individually treated, as well as merged altogether, for contig assembly using Spades v3.15.5,99 Velvet v1.2.10100 and Oases

v0.2.09101 tools. For Spades, both rnaSpAdes102 and rnaviralSPAdes103 modes were used on all samples. The soft_filtered_tran-

script fasta output file from rnaSPAdes, which includes lower confidence contigs, was used for subsequent analyses in the case

of Spades tool. Default settings were implemented for running Velvet, plus the -short setting for allowing short single-end sequences

and k-mer size increments from 13 to 21. Contigs resulting from the first pass Velvet assembly were then combined for a second run
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using the -long setting with k-mer length of 19 and -conserveLong yes function. The resulting output was used as input for Oases,

merging contigs across all samples. Subsequently, open reading frames (ORFs) were identified using the orfipy v0.0.4 tool104 with

between_stops active options and including partial ORFs.

Screening for the presence of RNA viruses was performed using HHsearch v3.3.0,105 HMMscan v3.3.2106 and Diamond BLASTP

v2.1.9107 tools. For HHsearch, pHMM alignments from Olendraite et al.108 were converted into HHsearch profiles and used as tar-

gets. For HMMscan, the Olendraite et al.108 profiles were used directly, along with those from Charon et al.109 For BLASTP, viral RdRp

regions were extracted from sequences provided elsewhere.108,109 HHsearch and BLASTP results were minimally filtered: HHSearch

to keep hits with an E-value <0.05, probability >50 and >20 columns, and BLAST to keep hits with a bit score and percent identity >20,

alignment length >30 and E-value <0.05. All putative hits from the three tools implemented were compared to a database of all bac-

terial peptides available in Ensembl Bacteria release v59 using Diamond BLASTP.107 Hits initially identified with BLASTP were reas-

signed as bacterial if they scored higher against a bacterial reference sequence than against any viral sequence. Hits initially identified

using pHMMs were reassigned if they had a high-quality BLAST hit (bit score >50, alignment length >50, percent identity >50) against

a bacterial reference sequence. Hits which did not match a bacterial reference sequence were compared to the nr database using the

blastp tool from NCBI BLAST v2.16.0 online webserver (https://blast.ncbi.nlm.nih.gov). Any remaining unidentified hits were clus-

tered at 80% identity using MMSeqs2 v15 tool110 and the representatives for each cluster where then analyzed using the HHpred

online server (https://toolkit.tuebingen.mpg.de/tools/hhpred) against the Pfam-A_v37 and PDB_mmCIF30 databases. Finally, align-

ments with reference sequences were generated using the mafft-linsi option from MAFFT v7.520 tool111 and viral phylogenies

computed with FastTree v2.1.11.112 Fragment consensus sequences were then generated using the CIAlign v1.1.4113 tool with

the majority_nongap consensus option.

Mapping

Ancient RNA

We sought to determine the best genome-wide alignment strategy for woolly mammoth aRNA sequencing data prior to further down-

stream analyses. To do so, we selected the mammoth 1 sample for mapping. This is based on its outperforming behavior in initial

metagenomics and metatranscriptomics analyses, as well as in its high endogenous woolly mammoth DNA content and negligible

source of human DNA contamination detected (Figure 1B; Table S1, #3 and #4). PCR-deduplicated and trimmed aRNA sequences

from mammoth 1 (Yuka) were then mapped to a concatenation of the mEleMax1 genome assembly plus the woolly mammoth mi-

togenome (DQ188829) using three different alignment algorithms: i) Bowtie v1.3.034 with parameters similar to the ones used for his-

torical RNA sequences22 (i.e. allowing up to two mismatches within a seed equal to 18 nt, and reporting a maximum of one valid align-

ment with high sensitivity, -n 2 -l 18 -k 1 -y --best). ii) Bowtie2 v2.4.232 with –end-to-end and –sensitive parameters, as used for ancient

RNA sequence alignment of an end-Pleistocene canid.18 This was intended to guarantee a complete mapping of each aRNA

sequence from start to end, similar to what is implemented in Bowtie, thus disabling soft clipping or partial alignments as set in

the –local mode. And iii) BWA v0.7.1733 with the aln algorithm and the same parameters as used for aDNA sequences (see below).

Sequence mismatch per each base position and the number of mapped sequences for each of the three alignment algorithms were

estimated with the AMBER tool31 (https://github.com/tvandervalk/AMBER). Comparative alignment results are shown in Figures S2A

and S2B. Based on these results, we decided to implement the Bowtie2-based approach for subsequent genome-wide and tran-

scriptome-wide analyses. Genome-wide alignment was performed with a composite genome built by concatenating the mEleMax1

Asian elephant assembly plus the DQ188829 woolly mammoth mitogenome using Bowtie2 as described before for alignment

strategies comparison. Transcriptome-wide alignment was performed with the same alignment approach but avoiding reverse-com-

plement mapping with the norc option. The Asian elephant transcriptome reference (i.e. intronless transcript sequences with concat-

enated exonic regions) was built using the gffread v0.12.6 tool within the GFF Utilities software114 (-Z -W --force-exons --gene2exon

--t-adopt --tlf). Exonic, intronic, intergenic, exon-exon and exon-intron maps were then deduced from genome-wide and transcrip-

tome-wide gene annotations (GCF_024166365.1, dated 02/26/2023). The following transcript types were included in a merged tran-

scriptome and used as reference for alignment: protein-coding mRNAs, ribosomal RNAs (rRNAs), transfer RNAs (tRNAs), small nu-

clear RNAs (snRNAs), small nucleolar RNAs (snoRNAs), long-noncoding RNAs (lncRNAs), and microRNAs. Whenever a given gene

locus had more than one transcript isoform annotated, only the longest one per each corresponding locus was considered and

included in the transcriptome reference. MicroRNA loci were generated by extending the annotated precursor sequence by 30 nt

upstream and downstream. Trimmed aRNA sequences including UMI information were first mapped and the resulting alignment files

were sorted and converted to binary files with the Sambamba v0.8.0 tool.115 UMI-deduplication was then implemented with the

dedup function from UMI-Tools v1.1.2 software,116 which by defaults employs a directional methodology based on Hamming dis-

tance thresholding for UMI clustering (https://umi-tools.readthedocs.io/en/latest/the_methods.html). aRNA sequences mapped to

the transcriptome that were also found aligned to either mitochondrial, intronic or intergenic regions after genome-wide alignment

were removed from transcriptome-wide mapping files. aRNA alignment statistics for each woolly mammoth sample are available

at Table S2, #1. The same pipeline was applied when mapping aRNA sequences from mammoth 1 (Yuka) and mammoth 10 (Chris

Waddle) to the reference-assisted 3D mammoth genome23 and transcriptome. Comparative alignment efficacy between the mEle-

Max1 assembly and the mammoth genome was assessed using AMBER31 with mapping data generated by Bowtie2 applied to aRNA

sequencing data from mammoth 1 (Yuka, Figures S2A and S2B; Table S2, #3).
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Ancient DNA

We used the GenErode v0.4 pipeline94 with default parameters for ancient/historical DNA processing. In brief, paired-end sequences

were merged, and adapters were trimmed with fastp v0.22.93 Only merged fragments with a minimum length of 30 nt were retained

for alignment against a reference assembly consisting of the Asian elephant genome (GenBank: mEleMax1), the human genome

(GenBank: hg19) and the woolly mammoth mitogenome35 (Krause mammoth, GenBank: DQ188829). This concatenated mixed refer-

ence was implemented to allow competitive mapping of DNA sequences among human and elephant genome assemblies and

reduce human-derived contaminant DNA aligned to highly conserved genomic regions among both species.117 Alignment was per-

formed using BWA v0.7.1733 with the backtrack mode (i.e. aln) and parameters adjusted for ancient DNA30 to disable seeding

(-l 16500), allowing for additional substitutions (-n 0.01), and up to two gaps (-o 2). Subsequently, the BWA samse algorithm and SAM-

tools v.1.8118 were implemented to generate sorted bam files. Finally, the GATK v3.8-0119 suite was used to realign indels and PCR

duplicates were removed using a custom script that marks duplicates based on both the start- and end-coordinates of the aligned

DNA fragments.30 Only DNA sequences with mapping quality higher or equal to 30 (MQ≥30) were considered as genuine hits to the

concatenated reference. The fraction of DNA sequences mapped to either the mEleMax1 genomic assembly or DQ188829 mitoge-

nome were identified and used for calculating mapping statistics for each woolly mammoth sample. The human contamination and

endogenous woolly mammoth fraction were then assessed based on the number of sequences mapped to each assembly included

in the competitive mapping. A summary of DNA sequencing data alignment statistics can be found in Table S1, #4.

Exon-exon and exon-intron junction overlaps

aRNA sequences spanning exon-exon (transcriptome-wide) and exon-intron (genome-wide) junctions were classified as such only if

they spanned the annotated junction over at least 4 nucleotides from their 5’ and 3’ ends. The relationship between the number of

exon-exon spanning sequences for each transcript and the total number of mapped aRNAs was assessed using Pearson’s linear

correlation. Significant differences between the total number of exon-intron spanning sequences using aRNA and aDNA data

from mammoths 1, 4, and 10 were estimated with a one-tailed Fisher’s exact test using the fisher.test function in R v4.4.2

(Table S3, #5).

Exonic enrichment

The number of aRNA sequences (≥23 nucleotides) mapped to exonic regions from the longest transcript isoform for each gene for

mammoths 1, 4, and 10 was compared with aDNA sequences mapped overlapping the same exonic regions. To allow a fair com-

parison, aDNA sequences were randomly subsampled to match the number of aRNA sequences mapped to the mEleMax1 assembly

genome-wide after UMI-deduplication. We then computed the difference between exon-overlapping aRNA and aDNA sequences as

a fold-change value, using aDNA data as baseline. This means that any increment in the number of exonic aRNA sequences

compared to aDNA sequences would be represented by a positive fold-change, and vice versa. The same analysis was performed

considering intronic regions.

Genome-wide expression hotspots

We divided the Asian elephant mEleMax1 assembly into non-overlapping consecutive bins of 0.5 Megabase pairs and quantified how

many mapped aRNA sequences mapped to each of them. Only chromosome-level scaffolds were considered for these analyses,

which were performed for mammoths 1, 4, and 10. In order to compare the genome-wide sequence distribution between

aRNA and aDNA data, we retrieved deep aDNA sequencing datasets from the same woolly mammoth specimens as reported else-

where.23,29,30 Mapping for aDNA and aRNA was performed as described above. To allow a fair comparison, aDNA sequencing data

were randomly downsized to match the sequencing depth of their corresponding aRNA datasets once UMI-deduplicated. Random

subsampling of aDNA sequences was performed with the -s option of SAMtools v.1.8118 software and defining the corresponding

fraction based on the ratio between aDNA and aRNA sequences mapped once deduplicated. aDNA sequences overlapping each

genome bin were then quantified and compared against mapped aRNAs. Upon alignment, aDNA sequences are expected to

map in a roughly even fashion across the genome, while aRNA sequences would be concentrated on exonic regions. Any over-rep-

resentation of aRNAs mapped within a given genomic bin would then be indicative of the presence of a coding loci being expressed.

In this way, highly abundant RNA types, such as rRNAs, are easily identified by observing genome-wide bins with highly abundant

aRNA sequences mapped.

DNA contamination and amplification bias

In order to determine whether DNA carryover contamination might be present in our aRNA extracts and therefore inadvertently ampli-

fied and sequenced, we used a computational approach similar to what was implemented for testing DNA contamination in our his-

torical RNA dataset from a Tasmanian tiger.22 Briefly, we quantified the aRNA sequences mapped to each non-overlapping consec-

utive bin of the Asian elephant (mEleMax1) assembly as described before, as well as the corresponding coverage per bin for

mammoths 1, 4 and 10. We then used aDNA sequencing data from each mammoth generated in this study (i.e. obtained from the

same tissue piece but extracted and sequenced using different methodologies) to compare the number of aDNA sequences mapped

and the depth of coverage obtained per bin. To allow a fair comparison, we randomly downsized the aDNA data to match each cor-

responding mammoth sample as described above. Additionally, we accounted for the difference between sequence length of aDNA
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and aRNA data affecting the obtained coverage per bin. In this way, we divided the obtained aDNA breadth of coverage per bin by a

factor determined as the ratio between the average length of aDNA and aRNA sequences mapped once harmonized by depth of

coverage. aRNA sequences mapped to bins with a difference ≤ two-fold in the number of mapped aRNA compared to aDNA se-

quences (depth of coverage), and/or those with a difference ≤ two-fold in their normalized breadth of coverage were classified as

a potential source of DNA contamination. The overall putative percentage of DNA contamination in our aRNA data for each analyzed

mammoth was then calculated from the number of aRNA sequences mapped to all bins flagged as potentially DNA-contaminated

divided by the total number of aRNAs mapped genome-wide.

We also sought to determine if PCR amplification biased sequence selection against GC-rich regions, therefore introducing un-

wanted artifacts in transcript abundance estimates genome-wide. We compared GC content (%) for each transcript analyzed against

the total number of aRNA reads mapped, the corresponding coverage obtained from the intronless longest transcript isoform per

gene and the linear correlation (Pearson’s r coefficient) between exonic regions supported by mapped aRNAs and those devoid

of any aRNA sequence aligned (Figures S3D–S3F). To do so, we obtained the sequences of each protein-coding and noncoding tran-

script (including the longest transcript per each protein-coding, rRNA, tRNA, snRNA, snoRNA, lncRNA and microRNA gene) sup-

ported by mapped aRNAs and those where no sequences were mapped, separately. Finally, we calculated the GC content (%) of

each mapped and unmapped fraction per transcript by using the comp tool from Seqtk v1.3-r106 (https://github.com/lh3/seqtk).

Sexing

Ancient RNA

aRNA sequences concordantly mapped to protein-coding loci located to the Y chromosome of mEleMax1 assembly were retrieved.

Only those aligned to the same gene at both genome-wide and transcriptome-wide level were considered as evidence of Y-related

gene expression in mammoth 1 (Yuka, Table S3, #1).

Ancient DNA

To determine the genomic sex of each of the ten woolly mammoths analyzed in this study, we used a coverage-based sexing method

following Pe�cnerová et al.120 Briefly, we compared the depth of coverage from chromosome X to the average autosomal depth of

coverage, as computed by the GenErode v0.4 pipeline.94 In this way, females (XX) will show a similar coverage to the chromosome

X compared to autosomes, given a diploid genome such as the Asian elephant assembly. On the contrary, males (XY) will have

roughly half the coverage for chromosome X compared to autosomes, since they harbor only one X copy. Finally, we calculated

the ratio between chromosome X and autosomes depth of coverage. A ratio between 1 and 0.8 was considered as female (XX), while

a ratio between 0.4 and 0.6 was considered as male (XY). These analyses revealed a discordant sexing for mammoth 1 (Yuka), with a

profile compatible with being an XY male, while phenotypical sexing reported it to have female genital structures in previous exam-

inations.26 We then investigated the presence of Y-related genes in the Yuka genome. aDNA sequences mapping to the mEleMax1

chromosome were retrieved, and those overlapping with the genomic coordinates of the sex-determining region Y (SRY) gene were

further analyzed. DNA sequencing data from two additional male woolly mammoths (L386 and L414)82 and one male Asian elephant

(SAMN28571076, Table S3, #2) were used for comparison. We then computed the sequence coverage for each base pair of the SRY

gene using the coverage function from BEDtools v2.31.0.121 These values were then normalized by the total number of aDNA se-

quences mapped to the SRY locus, standardized and linearly rescaled such as Zi ∈ [0,1] using the rescale function from the scales

v1.3.0 R package. Single-nucleotide variants (SNVs) present in woolly mammoths compared to the Asian elephant genome within

the SRY gene were also identified with the BCFtools v1.8122 mpileup tool, allowing a minimum mapping quality and base quality

of 30 (-Q 30 -q 30), and using the call function with a consensus model (-c). Biallelic homozygous SNVs for the alternative allele sup-

ported by at least three aDNA sequences were kept (Table S3, #4).

Damage analyses

The PMDtools v0.60123 software was used to identify C>U deamination events in both aRNA and aDNA sequencing data. For aRNA,

UMI-deduplicated sequences mapped to the mEleMax1 transcriptome were used, allowing a range of 65 base pairs for deamination

inference (–platypus –range 65). Only C>U deaminated sites, read as C>T by the sequencer, were considered. Damage analyses

focused on microRNA loci (Figure S4C) were performed using Bowtie34 as alignment tool with specifications tailored to small

RNA sequences (-n 2 -l 18 -k 1 -y –best). For aDNA data, PCR-deduplicated and indel-realigned sequences mapped to the mEleMax1

assembly were used. Since aDNA extracts were USER-treated for damage correction,89 we restricted the identification of deamina-

tion events to CpG islands within the first 30 nucleotides of any given sequence and a base quality of at least 30 (–platypus –range

30 –CpG –requirebaseseq 30).

Genome-wide variant calling

We used RepeatModeler v2.0.1124 and RepeatMasker v4.0.9125 tools, as specified in the GenErode v0.4 pipeline,94 in order to iden-

tify and mask repetitive regions within the mEleMax1 assembly, since these can negatively impact variant calling due to sequence

misalignment. Subsequently, BCFtools v1.8122 mpilepup (-Q 30 -q 30) and call (-c -M) functions were used for variant identification on

a set of 20 selected woolly mammoths81,82 (M. primigenius, Table S3, #2) Indels and SNVs within five base pairs around indels were

discarded. SNVs within CpG islands were also excluded, as these regions can be protected from USER treatment and thus accu-

mulate post-mortem damage.89 Only biallelic SNVs supported by at least five aDNA sequences and no missing data within the
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20 analyzed mammoths were kept. Variants located within the Y chromosome were also excluded for these analyses. The same pipe-

line was implemented for variant calling only on deep aDNA sequencing data from the Yuka mammoth29 but keeping Y-located SNVs.

These analyses resulted in a total of 1,939,200 and 16,889,772 sites identified in the 20 woolly mammoths and the Yuka specimen,

respectively. aRNA sequences from mammoth 1 (Yuka) mapped to mEleMax1 assembly after UMI-deduplication and overlapping

any of the two variant datasets were then identified with the intersect function from BEDtools v2.31.0.121 SNVs matching deamination

profiles (C>T) were flagged as putatively originating from nucleotide damage as opposed to true variant sites (Table S4, #1).

Variant effect prediction

The functional impact of SNVs identified in mammoth 1 (Yuka) genome was inferred by using the Variant Effect Predictor (VEP) v113.0

tool126 jointly with mEleMax1 gene annotation (GCF_024166365.1). The predicted effects were classified as putative high, moderate

or low impact. High impact variants included SNVs causing frameshifts, splice acceptor/donor sites, start/stop loss and stop gained

sites. Moderate impact SNVs included those causing missense variants and in-frame deletions/insertions. Low impact SNVs

included sites predicted as synonymous variants, splice regions, intron variants, UTR variants, and stop retained variants. The high-

est potential impact was assigned to variants with multiple predicted impact effects. aRNA sequences from the Yuka mammoth map-

ped to protein-coding loci and harboring SNVs were retrieved with the strand-aware intersect function (-s) of BEDtools v2.31.0121

(Table S4, #2).

MicroRNA annotation

We used the reference elongated (± 30 nt) precursor microRNA complement for African elephants (Loxodonta africana;

GCA_000001905.1, LoxAfr3) available at MirGeneDB3.0127 to remap and annotate them toward the mEleMax1 Asian elephant as-

sembly (Table S4, #3). Mapping was performed with the Bowtie2 v2.4.2 tool with –end-to-end and –sensitive parameters.

MicroRNA variant analysis

We identified the presence of an A>G variant site located toward the end of the 3’ (3p) mature arm of Mir-1-P3 of Asian elephants

supported by mapped aRNA sequences from the Yuka mammoth. An additional A>G variant was also found in the opposite site

of the microRNA hairpin at the beginning of the 5’ (5p) mature arm of Mir-1-P3. To investigate its potential as a species-specific mu-

tation across mammals, we retrieved a total of 60 selected genomes for which microRNA complements were annotated at sufficient

resolution. The Asian elephant Mir-1-P3 precursor sequence was then interrogated against each of the selected mammalian assem-

blies (Table S4, #7) with the BLAT algorithm128 embedded within Ensembl v113 database and the blastn tool from NCBI BLAST

v2.16.0 webserver (https://blast.ncbi.nlm.nih.gov/Blast.cgi) using the refseq_genomes database. The genomic region obtaining

the highest score and more significant E-value for each mammalian species was then selected as the Asian elephant Mir-1-P3 ho-

mologous sequence. A phylogenetic tree depicting the segregation of the G variant site as opposed to the putative ancestral A site

was created with the rotl v3.1.0 R package (https://CRAN.R-project.org/package=rotl) and visualized with ggtree v3.12.0129

(Figure 4B). Additionally, we used the Mir-1-P3-3p sequence as input for the Rfam v15.0 database.130 This was intended to verify

the existence of the G variant site within Mir-1-P3-3p in any annotated RNA sequence across multiple organisms beyond mammalian

genomes (Figure S4), since the Rfam database includes a comprehensive collection of all known noncoding RNA families ever

sequenced and annotated.

Novel microRNA prediction

We implemented the miRDeep248 software in an attempt to identify novel microRNA loci in the reference-assisted 3D woolly

mammoth assembly23 and showing evidence of expression in our aRNA sequencing data. To do so, we used the whole set of

aRNA sequences mapped to the woolly mammoth genome from Yuka (mammoth 1), since it was the specimen showing most prom-

ising microRNA abundance profiles (Table S4, #4). The mapper.pl script was first run to align aRNA sequences to the mammoth as-

sembly allowing one mismatch in the seed (-q). The resulting .arf file was then used as input of the miRDeep2.pl script including the

annotated mature and precursor microRNAs in the mammoth assembly as reference, as well as the annotated Asian elephant mature

microRNAs (Table S4, #3) as closely-related species comparison. Novel candidates were then manually selected from the miRDeep2

output by visually inspecting the hairpin structure and supporting aRNA sequences mapped (Table S5, #2). We then identified ho-

mologous sequences of the selected novel candidates in 60 mammalian species, including the woolly mammoth, using the BLAT

algorithm128 tailored for searching distant homologies within Ensembl v113 database, and the blastn tool from NCBI BLAST

v2.16.0 webserver (https://blast.ncbi.nlm.nih.gov/Blast.cgi) with the refseq_genomes database. Folding of the hairpin structure

was predicted with the Mfold131 software using default settings.

Transcript quantification

The breadth of coverage and transcript abundance supported by aRNA sequences mapped to each longest transcript annotated per

gene (including protein-coding and noncoding loci) was estimated with the coverage function from BEDtools v2.31.0.121 MicroRNA

abundance was calculated with the strand-aware intersect function (-s) from BEDtools by only retaining mapped aRNA sequences

overlapping either the 5p or 3p mature region of each microRNA precursor transcript in at least 75% of the sequence with a reciprocal
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mode (-f 0.75 -r). Additionally, we computed an abundance index value for each transcript to account for transcript length biases in

the alignment of aRNA sequences. In this way, we applied the following formula:

Xi = (1 = L + Bi) × Ci

Where Li is the transcript length, Bi is the breadth of coverage and Ci is the aRNA sequence count associated to each i transcript

considered in either the protein-coding or the noncoding fraction. Then, the obtained values were linearly rescaled such as Xi ∈

[0,1]. This was applied by using the rescale function from scales v1.3.0 R package, which computes:

Zi = Xi=Xmax; where 0 ≤ Zi ≤ 1

This normalization process allows all values to be comparable on a standard scale.

GO term enrichment

Gene ontology (GO) enrichment analysis was performed using the set of protein-coding genes detected as confidently supported

(breadth of coverage ≥5%) by aRNA sequences from mammoth 1 (Yuka) mapped to their longest annotated transcripts. Ribopro-

teins and mitochondrial mRNA genes were excluded from the query gene set. We used the ShinyGO v0.81 webserver tool132 with

default parameters except for a minimum pathway size of 10. The human reference was used for GO annotation, and the background

dataset was defined as all protein-coding transcripts with at least one aRNA sequence mapped in the Yuka dataset. The GO Biolog-

ical Process category was selected as reference for enrichment analysis.

Tissue clustering

After quantification of both the protein-coding and noncoding fraction, we checked whether the transcriptional complement detected

in mammoths 1, 4, and 10 resembled modern tissue-specific expression patterns according to their supposed tissue identity

(Figure 1A). As modern reference comparison for protein-coding genes, we retrieved a comprehensive RNA-seq atlas from healthy

human tissues133,134 by using the getAtlasExperiment function from ExpressionAtlas v1.32.0135 R package (E-MTAB-1733, E-MTAB-

2836), including a compendium of sequenced transcriptomes from a range of 14 tissues, plus the addition of 3 chondrocyte (carti-

lage) samples as reported by Zhu et al.136 A list of RNA-seq data samples used in this study is shown in Table S5, #6. RNA-seq data

from modern elephant tissues137,138 were also retrieved as a close-relative to woolly mammoths (Table S5, #6). For the noncoding

fraction, we made use of available microRNA-seq datasets from human healthy tissues,139–142 and elephant blood52 (Table S5, #6).

Additionally, ancient RNA expression profiles of skeletal muscle and skin tissue from the extinct Tasmanian tiger,22 as well as from an

end-Pleistocene canid and historical wolf skins18 were also included in our analyses. All expression profiles from annotated protein-

coding and microRNA genes in the mEleMax1 assembly were included for tissue clustering, irrespective of their abundance in mod-

ern and/or ancient samples. Protein-coding mRNA and microRNA expression profiles were analyzed separately. Raw count values

were normalized across all included samples with the trimmed mean of M-values (TMM) method143 using edgeR v4.2.1,144 and log2

transformed after adding a pseudo-count of 1. Sample hierarchical clustering was first implemented with the hclust function based on

Euclidean distance. To do this, we selected the normalized values of the top 30 most abundant protein-coding and microRNA loci

detected in the aRNA sequencing data of mammoth 1 (Yuka). Protein-coding mRNAs and microRNAs were analyzed separately. We

then merged these with the averaged expression values of the corresponding top 30 protein-coding and microRNA genes from each

considered human reference tissue (Table S5, #6). The resulting dendrograms where then reordered with the dendsort function from

dendsort v0.3.4 R package in order to rearrange branches based on tissue samples and genes so that the clusters with more diver-

gent gene expression profiles are placed more distant in the hierarchical sorting (Figures 5C and 5D). An additional clustering of hu-

man reference tissue samples was also implemented by using the uniform manifold approximation and projection (UMAP) algo-

rithm145 with the umap function from umap v0.2.10.0 R package (https://github.com/tkonopka/umap). UMAP initialization and

embedding was computed for both protein-coding and microRNA expression analyses independently, and defined with the following

parameters: n_neighbors=10, metric=’’pearson’’, spread=10, random_state=40. Modern elephant samples, as well as historical and

ancient aRNA sequencing data from mammoths 1, 4 and 10 generated in this study, Tasmanian tiger22 and end-Pleistocene canid18

tissues were then projected onto the previously learned UMAP embedding using the predict function in R v4.4.2.

Annotation of the woolly mammoth genome

We generated a comprehensive gene annotation for the reference-assisted 3D mammoth assembly reported by Sandoval-Velasco

et al.23 encompassing protein-coding and noncoding loci annotated in the Asian elephant mEleMax1 assembly (GCF_024166365.1).

Among the noncoding loci, we included rRNAs, tRNAs, snRNAs, snoRNAs, lncRNAs and microRNAs. Gene lift-over was performed

using the Liftoff v1.6.3 tool146 and allowing a flanking extended region equal to half the length of each annotated locus to lift over

(-flank 0.5) while applying the following parameters within the Minimap2 v2.24-r1122147 aligner module: i) promoting end-to-end

alignment between assemblies (–end-bonus 100), and ii) allowing a more flexible secondary-to-primary alignment score ratio to retain

additional secondary alignments up to 50 (-N 50 -p 0.5).
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Data visualization

Additional software tools used for visualization not mentioned before and run within R v4.1.3, v4.3.2, and v4.4.2 include the following

R packages: ggplot2 v3.5.1, cowplot v1.1.3, gtools v3.9.5, ggpubr v0.6.0, tidyverse v2.0.0, ggh4x v0.2.8, ggstar 1.0.4, and show-

text v0.9-7.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis for GO enrichment was performed as reported by the ShinyGO v0.81132 tool applying a hypergeometrical test

followed by multiple testing correction with the false discovery rate (FDR) method. Statistical analysis for testing the presence of

a significant enrichment of the total number of exon-intron spanning sequences using aRNA and aDNA data from mammoths 1,

4, and 10 was performed using a one-tailed Fisher’s exact test with the fisher.test function in R v4.4.2. The resulting odds ratio

and P-value are reported in Table S3, #5. aDNA sequencing data was randomly subsampled to match the depth of coverage of

aRNA data for the same mammoth samples using the -s option of SAMtools v.1.8.118 aRNA and aDNA sequence quantification,

aDNA contamination estimates and coverage metrics were individually computed for each of the ten woolly mammoths analyzed

in this study whenever specified above in method details using R v4.4.2 and custom scripts.

ADDITIONAL RESOURCES

Gene annotation for the mammoth reference assembly and code to reproduce the needed files to generate accessory files for gene

abundance estimation using aRNA sequencing data are available at https://github.com/emarmolsanchez/aRNA/tree/main/

Annotation. Metatranscriptomics and metagenomics reports generated using the Pavian v1.2.0 R package98 are available at

https://github.com/emarmolsanchez/aRNA/tree/main/Meta. Scripts and input data needed for reproducing all main and supple-

mental figures depicted in this study are available at https://github.com/emarmolsanchez/aRNA/tree/main/Figure_RCode and

https://github.com/emarmolsanchez/aRNA/tree/main/Figure_Tables, respectively.
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Supplemental figures
Mammoth 1 Mammoth 2 Mammoth 3

Mammoth 4 Mammoth 5 Mammoth 6

Mammoth 7 Mammoth 8 Mammoth 9

Mammoth 10 Negative Control Positive Control

Figure S1. Distribution of cDNA library fragment sizes in bp, related to STAR Methods

Sequencing libraries are prepared using the NEXTFLEX Small RNA-seq kit v.3 protocol.
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Figure S2. Analysis of mapping and sequencing strategies, and genome-wide mapping patterns, related to Figure 1 and STAR Methods

(A) Comparison of genome assemblies for mapping aRNA sequencing data based on mismatch frequency across sequence length, using aRNAs mapped to the

Asian elephant (mEleMax1) and the reference-assisted 3D mammoth assemblies.

(B) Comparison of genome assemblies for mapping aRNA sequencing data based on the number and sequence length of aRNAs mapped to the Asian elephant

(mEleMax1) and the reference-assisted 3D mammoth assemblies.

(C) Alignment statistics for mammoth 1 (Yuka) comparing original aRNA sequencing with deep resequencing of the same library, expressed as fold change in raw,

processed, and mapped reads.

(D) Number of aRNA reads from all 10 mammoths mapping to annotated genes in the Asian elephant genome, categorized by high (≥5%) and low (<5%) transcript

breadth of coverage.

(E and F) Genome-wide mapping patterns of aRNA and aDNA sequences from (E) mammoth 4 and (F) mammoth 10. Each dot represents a non-consecutive 0.5

Mb pair genomic window. aRNA shows uneven distribution, unlike aDNA, highlighting expression hotspots at highly transcribed ribosomal RNAs and other

coding and noncoding loci.
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Figure S3. Sequence length distribution and analysis of DNA contamination and amplification bias of aRNA data, related to STAR Methods

(A) Length distribution of sequences mapped to exonic, intronic, and intergenic regions of the Asian elephant assembly (mEleMax1) and the woolly mammoth

mitogenome (see STAR Methods).

(B) Length distribution of sequences mapped to protein-coding mRNAs and noncoding RNAs including rRNAs, tRNAs, snRNAs, small nucleolar RNAs (snoRNAs),

and long-noncoding RNAs (lncRNAs) annotated in the Asian elephant (mEleMax1).

(C) Scatterplot depicting the correlation between the number of exon-exon-spanning aRNA sequences and the total number of sequences mapped to each

corresponding transcript (breadth of coverage ≥ 5%) in the Asian elephant transcriptome (mEleMax1). A high linear correlation (Pearson’s r coefficient = 0.771) is

found among the two variables, suggesting that highly abundant transcripts do also concentrate the majority of exon-exon-spanning sequences.

(D) Highly abundant transcripts detected in the skeletal muscle of Yuka (mammoth 1) do not show bias toward higher or lower proportions of GC content (%) in

their sequences.

(legend continued on next page)
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(E) Highly covered transcripts detected in the skeletal muscle of Yuka (mammoth 1) do not show signs of amplification bias toward higher or lower proportions of

GC content (%) in their corresponding sequences (Pearson’s r coefficient = 0.147).

(F) Regions of reliably detected transcripts (breadth of coverage ≥ 5%; N = 349, including nuclear and mitochondrial protein-coding loci) covered by any mapped

aRNA show similar GC content (%) composition compared with regions devoid of mapped aRNAs (Pearson’s r coefficient = 0.568). This suggests that pres-

ervation of aRNAs through time is not dependent on sequence composition.
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Figure S4. Cross-species SNV analysis and length distribution of aRNAs mapped to microRNA loci, related to Figure 4 and STAR Methods

(A) Redworm (E. fetida), hagfish (E. burger), sea lamprey (P. marinus), and oikopleura (O. dioica) Mir-1 hairpins harbor an A>G SNV (arrowhead) located toward the

end of the mature 3p arm (red) as seen in proboscideans, tenrecs, and members of the Mustela genus (Figure 4C). The opposite site (*) located toward the

beginning of the 5p arm (blue) forms a G-U variant combination in redworm and oikpleura, and G-C in hagfish and sea lamprey Mir-1 sequences, as opposed to

the G-G variant combination found in woolly mammoths, extant elephants, and tenrecs (Figure 4C; Table S4, #7).

(B) Sequence length distribution of aRNAs mapped to microRNA loci annotated in the Asian elephant transcriptome (mEleMax1).

(C) Cytosine deamination damage analysis (C>U, read as C>T by the sequencer) based on aRNA sequences from mammoth 1 mapped to microRNA loci. To allow

a better representation of deamination profiles in microRNA genes we used Bowtie as the alignment tool (see STAR Methods).
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Figure S5. Historical and aRNA sequencing data show partially preserved tissue-specific transcriptomes, related to Figure 6 and STAR

Methods

(A and B) Tissue-specific clustering of (A) protein-coding and (B) microRNA transcriptional profiles from historical Tasmanian tiger and ancient end-Pleistocene

canid aRNA sequencing data.

(C) Tissue-specific clustering of protein-coding transcriptional profiles from mammoths 4 and 10 aRNA sequencing data. A uniform manifold approximation and

projection (UMAP) approach was used for clustering a reference human tissue atlas. Historical and ancient aRNA abundance profiles were then projected onto

the reference embedding.
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Figure S6. Yuka’s muscle tissue shows muscle-specific transcriptional abundance, related to Figure 6 and STAR Methods

Tissue-specific clustering of selected abundant protein-coding mRNAs and microRNAs with breadth of coverage ≥ 5% from mammoth 1 (Yuka) aRNA

sequencing data mapped to the Asian elephant transcriptome (mEleMax1). Transcript abundance is shown as a color gradient based on log2 normalized

sequence count values. Transcript abundance normalization was implemented with the trimmed mean of M values approach (TMM, see STAR Methods).
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