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Supplementary Methods 1 – Mus caroli and Mus pahari genome sequencing and
assembly
SM1.1 – Whole genome DNA library preparation, sequencing and scaffold assembly
Genomic DNA was isolated from flash frozen tail samples from female Mus
caroli/EiJ and Mus pahari/EiJ mice using either Invitrogen’s Easy-DNA kit (K1800-01) or
Gentra Puregene mouse tail kit (158267). The paired-end overlapping libraries were prepared
following the ALLPATHS-LG recommended recipe (Gnerre et al. 2011). We sequenced each
library on a HiSeq2000 with a read length of 100 bp. We followed established protocol to
prepare 3 kb mate-pair libraries (Park 2013) and sequenced each end to read length 120 bp on
a HiSeq2000.
For Mus caroli and Mus pahari we obtained in total 1.69 x 109 and 2.53 x 109 reads
for the pair-end libraries and 1.95 x 109 and 2.46 x 109 reads for the mate-pair libraries,
respectively. This yielded a theoretical coverage of ~135x for Mus caroli and ~185x for Mus
pahari.
We assembled the Illumina reads of Mus caroli and Mus pahari into contigs and
scaffolds using the ALLPATHS-LG assembler (Gnerre et al. 2011). The quality criteria of
ALLPATHS-LG were satisfied by 67.2% of Mus caroli and 54.1% of Mus pahari paired-end
reads; and 13.0% of Mus caroli and 10.3% of Mus pahari mate-pair reads. The assembly
process yielded 31 317 scaffolds with a N50 of 195 kb for Mus caroli, and 19 269 scaffolds
with a N50 of 331 kb for Mus Pahari.
SM1.2 – Optical mapping super scaffolds assembly
We assembled the scaffolds into super-scaffolds using an OpGen whole genome
optical map from high molecular weight DNA. For both species, we extracted high molecular
weight DNA from the spleens of female mice. After dissociation, spleen cells were embedded
in agarose plugs (100ul) to minimize physical shearing of the extracted DNA and treated
overnight with Proteinase K. The plugs were subsequently washed in TE (pH 8), melted,
mixed with 100ul of an Agarose solution (4ul Agarose (1000U/ml)/96ul TE) and heated to
42°C for 12 hours. This process resulted in a high molecular weight DNA sample for each
mouse species.
DNA was flowed down a microfluidic device into channels where it was linearized
and fixed in position on the charged mapping surface. The MapCard chambers were then
loaded with JOJO™ stain, a restriction enzyme (KpnI which cuts the mouse DNA every 6-12
kb), buffer and antifade. The card was then cycled on the Argus® MCP (MapCard Processing
Unit) for approximately 25 minutes, where reagents are flowed over the DNA sample and
digestion occurs at 37°C.
Following data collection, the mapset (total dataset) was filtered for minimum
molecule size (>250 kb), minimum fragments per molecule (>12) and minimum molecule
quality (>0.4). This resulted in 1 600 266 molecules for Mus caroli and 1 759 620 molecules
for Mus pahari. We then used OpGen's Genome-Builder pipeline to assemble the genomic
maps. Genome-Builder uses local single molecule assemblies from optical mapping to join
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sequence contigs together, creating large sequence scaffolds. The resultant local optical map
assemblies can span several megabases and provide previously absent long-range
information. Taking this approach, we input all sequence contigs over 100 kb through
iterative single molecule extension and mapped data into the sequence assembly gaps. We
were able to generate 3386 alignments in the Mus caroli genome and 3161 alignments in the
Mus pahari genome.
For Mus caroli and Mus pahari, we produced 3079 and 2944 super-scaffolds,
respectively, including at least two contigs larger than 100 kb with a resulting N50s of 4.03
Mb and 3.67 Mb.
SM1.3 – Mus pahari inter-chromosomal break point identification
To identify potential inter-chromosomal rearrangements between the laboratory
mouse Mus musculus C57BL/6J and Mus caroli or Mus pahari, we conducted reciprocal
cross-species chromosome painting experiments to establish the genome-wide chromosome
correspondence. We used short-term spleen cultures from C57BL/6J and Mus caroli, and an
embryonic fibroblast cell line from Mus pahari to flow sort the chromosomes. Then we
generated chromosome-specific DNA probes by degenerate oligo-primed PCR (for detailed
protocols see (Yang and Graphodatsky 2017). To colour the chromosomes, mouse 21-colour
painting probes were first hybridized onto the metaphase chromosomes of Mus pahari or
Mus caroli, the painting probes derived from Mus pahari or Mus caroli were subsequently
painted reversely onto the metaphase chromosomes of the C57BL/6J mouse.
To further define the evolutionary syntenic breakpoints on chromosomes of the
C57BL/6J strain, the chromosome-specific DNA libraries of Mus pahari were pooled
together according to breakpoints defined by chromosome painting, following the strategy
previously used in the human and gibbon cross-species array-painting (Carbone et al. 2006) .
Mouse CGH (244k) microarray slides were purchased from Agilent and array-painting
followed the protocols supplied by the manufacturer. We analysed the array CGH using the
CGHWeb tool (Lai et al. 2008).
SM1.4 – Mus pahari and Mus caroli pseudo chromosomes assembly
We assembled the super-scaffolds and scaffolds into pseudo-chromosomes using the
Ragout method (Kolmogorov et al. 2016). This method uses multiple reference genomes of
closely related species to guide the assembly of pseudo-chromosomes. Ragout shows
significant improvement of the assembly compared to methods using one unique reference
genome (Kolmogorov et al. 2016).
We generated a whole genome multiple alignment containing Mus caroli, Mus
pahari, Mus musculus (C57BL/6NJ GRCm38/mm10 assembly) and with Rattus norvegicus
V5.0 as an outgroup using the Progressive Cactus alignment tool (Paten et al. 2011). Then we
applied the Ragout algorithm on the multiple alignments. For Mus pahari we added an interchromosomal rearrangement map to guide the assembly with Mus musculus due to interchromosomal rearrangements between these two species. The resulting genomes have 20 and
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24 pseudo-chromosomes and a total size of 2.55 Gb and 2.47 Gb, respectively, for Mus caroli
and Mus pahari.
SM1.5 – Genome assemblies used in this study
We used the genome assemblies described in the table for all subsequent analysis
unless otherwise specified.
Clade
Muridae

Hominidae

Rodent

Species

Version

Mus musculus

GRCm38

Mus caroli

CAROLI_EIJ_v1

Mus pahari

PAHARI_EIJ_v1

Rattus norvegicus
Homo sapiens
Pan troglodytes
Gorilla gorilla
Pongo abelii
Macaca mulatta
Callithrix jacchus
Ictidomys tridecemlineatus

Rnor_6.0
GRCh38
CHIMP2.1.4
gorGor3.1
PPYG2
MMUL_1
C_jacchus3.2.1
SpeTri2.0

SM1.6 – RNA-seq data generation
RNA was extracted from multiple tissues (brain, liver, heart, kidney) from Mus caroli
and Mus pahari using Qiagen’s RNeasy kit following manufacturer’s instructions. The RNA
integrity was measured with the Agilent Bioanalyzer RNA nano chip and total RNA-seq
libraries were generated with Illumina’s TruSeq ribo-zero strand specific kit. All libraries
were sequenced paired-end 100 bp on either Illumina’s HiSeq2000 or HiSeq2500.
SM1.7 – Gene annotation
To annotate the genomes of Mus caroli and Mus pahari we used RNA-seq data from
brain, heart, liver and kidney tissue (defined in SM1.6) and combined three annotation
pipelines: TransMap (Stanke et al. 2008), AUGUSTUS (Stanke et al. 2006), and a new mode
of AUGUSTUS called Comparative AUGUSTUS (AUGUSTUS-CGP) (Konig et al. 2016).
We started the annotation process by projecting the Mus musculus annotations
produced by the GENCODE consortium (M8 release) (Harrow et al. 2012) to Mus caroli and
Mus pahari assemblies using TransMap and the Progressive Cactus multiple alignment
defined in SM1.4. Protein-coding transcript projections were used as strong hints to the gene
finding tool AUGUSTUS along with subspecies-specific RNA-seq data for both mouse
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species. Next, we used AUGUSTUS-CGP that makes use of the whole genome alignment
along with RNA-seq information and annotation information to simultaneously predict
protein-coding transcripts in all aligned genomes. AUGUSTUS-CGP integrates the
evolutionary dependencies between the genomes and the individual gene models on each
genome. The output is a consistent set of transcripts across the genomes of Mus caroli and
Mus pahari.
The transcript projections, AUGUSTUS transcripts, and AUGUSTUS-CGP
transcripts were combined through a consensus finding process into an annotation set for
each species. AUGUSTUS-CGP transcripts were assigned putative parental genes based on
coordinate overlaps. The consensus finding algorithm then used a combination of a series of
binary classifiers that evaluate transcript fidelity and transcript-transcript alignment metrics
to determine the highest quality transcript to represent the orthologuous transcript. Each
transcript was assigned a category of excellent, passing or failing. If all transcripts for a gene
are categorized as failing, one longest transcript was picked to represent the locus. A series of
heuristics were used to resolve paralogous alignments and genes split across multiple
chromosomes. If an AUGUSTUS-CGP transcript was not assigned to an existing annotation,
it was designated as a putative novel transcript. AUGUSTUS-CGP transcripts with novel
splice junctions supported by RNA-seq that overlapped existing annotations were assigned as
novel isoforms of that existing gene.
In total, 103 889 transcripts representing 32 370 genes were annotated in Mus caroli
and 100 787 transcripts representing 31 212 genes in Mus pahari. Identified protein-coding
genes numbered 20,323 in Mus caroli and 20,029 in Mus pahari. AUGUSTUS-CGP
identified 1,470 transcripts with novel splice sites in Mus caroli and 1,550 transcripts with
novel splice sites in Mus pahari. 26 genes were not assigned as orthologues to Mus musculus
in Mus caroli, and 28 genes in Mus pahari.
For the mouse reference and Hominidae genomes we used the Ensembl v80
(Cunningham et al. 2015).
SM1.8 – Coding gene orthologues identification
To identify coding-gene orthologues between a pair of species, we first used the
APPRIS database (Rodriguez et al. 2013) to select the primary coding transcript in the Mus
species defined in SM1.5. For each gene annotated as an orthologue we identified the highest
ranked APPRIS transcript for which we had a confident coding interval with no frameshifting indels and proper start/stop codons. In addition, we filtered out genes which had any
paralogous alignments.
For the Hominidae species and the Mus musculus / Rattus norvegicus pair we used
one-to-one orthologues defined in Ensembl v80.
SM1.9 – Transposable element annotation
To identify the transposable elements in the Muridae and Hominidae genomes defined
in SM1.5 we first used RepeatMasker 3.2.8 (A.F.A. Smit, R. Hubley & P. Green
RepeatMasker at http://repeatmasker.org) using the rodent repeat library for the Muridae and
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the primate repeat library for Hominidae. Then we applied post-processing steps on the
RepeatMasker output to filter out non-transposable repeats and spurious hits: we removed all
the simple repeats and microsatellite elements to keep only the transposable elements. In
addition, we merged fragmented hits from the same repeat element identified by
RepeatMasker. After these post-processing steps, we found between 3 306 375 and 3 727 882
transposable elements for the Muridae and between 2 850 536 and 4 330 735 for the primate
genomes. We used this set of repeats for the following analyses unless otherwise specified.
SM1.10 – Retrocopy annotation
Retrocopies are intronless copies of protein-coding genes lack introns because they
are created through retrotransposition of the genes’ mRNAs. Retrocopies in the Muridae and
primate genomes were detected as previously described (Navarro and Galante 2013). We
considered the manually-annotated processed pseudogenes from GENCODE M13 (mouse)
and v24 (human) respectively (Pei et al. 2012) and processed pseudogenes from pseudopipe
(Zhang et al. 2006; Sisu et al. 2014). Mature transcript sequences were derived from Ensembl
v86 and aligned to the corresponding reference genome using BLAT (mask=lower; tileSize=12; -minIdentity=75; -minScore=100). We selected the BLAT hits that had greater
than 75% identity to the parental mature transcript, and either coverage higher than 50% or at
least 120 nucleotides aligned to the reference genome. We filtered out (i) hits that had less
than two merged exons (i.e exons lacking the intron in between), (ii) hits that had at least a 15
kb gap between exons and (iii) hits that were close to their original parental gene. In total, we
found between 6912 and 9546 retrocopies in Muridae and 7499 and 11 153 retrocopies in the
six primate genomes defined in SM1.5.
SM1.11 – CTCF occupancy site identification
To identify CTCF occupancy sites in Muridae we performed chromatin
immunoprecipitation experiments followed by deep sequencing (ChIP-seq) in Mus caroli/EiJ
(Jackson Laboratory stock number 000926) and Mus pahari/EiJ (Jackson Laboratory stock
number 002655) individuals and C57BL6/J mice (purchased from Charles River). We
maintained the colonies under specific-pathogen-free conditions with food and water ad
libitum in accordance with the Animals (Scientific Procedures) Act 1986 and
recommendations of the animal ethics committee of Cancer Research UK and the University
of Cambridge. CTCF ChIP-seq data for Rattus norvegicus was previously published
(Schmidt et al. 2012).
Liver tissue from three male individuals from the four species was crosslinked,
dounced and lysed as previously described (Schmidt et al. 2009). The chromatin was
sonicated using a Misonix sonicator 3000 homogenizer with 12 cycles of 30s ON and 60s
OFF at a power-output 30 Watt. CTCF was immunoprecipitated using the Merck-Millipore
antibody (cat# 07-729) and NGS libraries prepared as previously described (Schmidt et al.
2009) ligating Illumina’s low-plex TruSeq adapters. Libraries were quantified using the
KapaBiosystems library quantification kit, pooled and sequenced at 100 bp paired-end on the
HiSeq2000 platform.
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Sequencing reads were aligned to the appropriate reference genome (genome
description in SM1.5) using Bowtie 2 version 2.2.6 and the parameters “--very-sensitive -N 1
--seed 1” (Langmead and Salzberg 2012). Regions of read enrichment (peaks) were called
using MACS version 1.4.2 (Zhang et al. 2008) and appropriate matched input libraries as
control samples. For all libraries, a tag size (-s option) of 200 and a p-value (-p option)
threshold of 5e-3 were used. An effective genome size (-g option) of 2.4e9 was used for the
rat and for all Mus species a size of 1.87e9. Peaks were called per biological replicate, but
only those peaks that appeared in two or more replicates were kept for further analyses. To
identify CTCF occupancy sites in primates we used previously published datasets (Schwalie
et al. 2013) and the same methods as described above, but using an effective genome size of
2.7e9.
In total, we found between 29 924 and 48 153 CTCF binding sites in Muridae and
between 41 656 and 66 281 CTCF binding sites in the Hominidae.
SM1.12 – Whole genome pairwise alignments
We computed pairwise alignments using LastZ following Ensembl's methodology on
the Muridae genomes defined in SM1.5 (Herrero et al. 2016). Ensembl LastZ alignments are
directional, and the table below lists the three reference genomes used and the non-reference
genomes they were aligned to (an empty cell means that the alignment was not computed).
Two sets of parameters were used, depending on the expected similarity of the genomes. In
the table, "P" indicates comparisons performed with parameters tuned for closely-related
genomes and "O" comparisons performed between more divergent genomes. The actual
parameters are listed in the table 1 of (Herrero et al. 2016), respectively as "Primates" and
"Other" parameters.
Table ST1.1 : Pairwise alignment performed and list of parameters used.
CAST_EiJ_v1 SPRET_EiJ_v1 CAROLI_EIJ_v1 PAHARI_EIJ_v1 Rnor_6.0

GRCm38

P

P

P

O

Rnor_6.0

O

O

O

O

CAROLI_EIJ_v1

O

P

For the Hominidae genomes we used the pairwise alignments from Ensembl v80.
SM1.13 – Whole multiple genome alignment
We used the Enredo-Pecan-Ortheus pipeline (Hubbard et al. 2009) to align the
Muridae genomes defined in SM1.5 with all mammalian genome assembled at the
chromosome level and present in Ensembl v80. We first aligned with exonerate (Slater and
Birney 2005; Herrero et al. 2016) a set of 7 400 783 million anchors (DNA sequences of
average length: 102 bp) conserved across 9 species (representing 883 096 orthology groups).
Enredo (Paten et al. 2008a; Herrero et al. 2016) then defined synteny blocks from a synteny
graph built using the positions of these alignments. Each block was aligned with Pecan (Paten
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et al. 2008a) and then Ortheus (Paten et al. 2008b). This yielded 294 574 alignment blocks
total (average length: 96 253 bp), which covered on average 82.1% of each genome.
SM1.14 – Quality check of genome assemblies
In order to assess the quality of the genome assemblies we used different strategies to
estimate the fractions of the genomes that were potentially misassembled. First, we estimated
the nucleotide error rate by calling single nucleotide variation between the assembly and the
3 kb mate-pair libraries that have been used only to assemble contigs into scaffolds (i.e they
had not been used to generate the sequence of contigs). We mapped the libraries with BWAMEM using default parameters (Li and Durbin 2010). We removed PCR duplicates using
SAMtools and ignored low quality mapped reads (MQ <30). Then we called single
nucleotide variation using GATK with the default parameters (McKenna et al. 2010). The
number of single nucleotide variations found gave the estimate of the error rate.
Next we sought to find assembly error by finding structural variants between the
current assemblies and optical maps. We created a consensus between the assembly and raw
optical map reads using the Genome-Builder suite from OpGen. We compared the
inconsistency between the map and the assembly. We called an insertion when a genomic
fragment was present in the assembly but absent in in the optical map and we called a
deletion when a genomic fragment was absent in the assembly, but present in the optical map.
We calculated the cumulative size of insertions and deletions to estimate the size of
misassembled regions.
SM1.15 – Gene completion analysis
We used the Benchmarking Universal Single-Copy Orthologs (BUSCO) (Simao et al.
2015) gene set to assess the gene completeness of the assemblies. We used the vertebrate data
set (3023 genes) in BUSCO v1 and aligned the protein sequences against Mus pahari and
Mus caroli genomes. Ensembl vertebrate genomes were used as the reference set. All
analyses were performed on repeat masked assemblies, using RepeatMasker as defined in
SM1.9. The alignments were computed using exonerate (Slater and Birney 2005), with the
below parameters: --model protein2genome --forwardcoordinates FALSE --softmasktarget
TRUE --exhaustive FALSE --bestn 1. The average coverage for each species was then
calculated based on all the BUSCO genes that had alignments against that genome.
SM1.16 – Time divergence estimation
To estimate the divergence time that separates Mus musculus with Mus caroli and
Mus pahari we first created a dataset of near neutral evolving loci. We selected the 584 985
four-fold degenerated sites from conserved amino acids across all mammals included in the
multiple alignment described in SM1.13. We considered these sites to evolve near neutrally
in the murine clade. Then we used this set of four-fold degenerate sites to create three
different subsets with an equal number of four-fold degenerated sites:
1- randomly selected sites
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2- sites from genes with tissue specific expression (genes expressed in only
one tissues from the list: blood, liver, pancreas, hypothalamus, testis)
3- sites from housekeeping genes (expressed in at least 12 tissues).
We used the gene expression data from (Su et al. 2004) with the accession E-MTAB25 in European Nucleotide Archive to establish tissues specific and housekeeping genes as
described above.
Next we inferred the divergence time separately for each dataset (random, tissuesspecific, housekeeping) using the software BEAST 2 (Bouckaert et al. 2014). Independent
inference of divergence time from the three datasets was performed to control for each
category’s effect on the estimation procedure.
We used different models for the speciation process (calibrated Yule model, Birth–
Death Model), the nucleotide mutation process (GTR, HKY85) and for variation of mutation
rate (strict clock, uncorrelated relaxed clock). For the strict clock model we used a gamma
distribution as prior using the following parameters (=0.001, =1000, offset=0, initial=1,
range= [-,]). For the uncorrelated relaxed clock model, we used the default parameters for
calculating the mean and used an exponential distribution (mean=0.333, initial=0.5, range=
[0, 5]) for calculating the standard deviation. We used the default parameters for all other
models. In total 24 different analyses combining the different models and sets of neutral
evolving sites were performed.
We used fossil record information of the mouse-rat divergence to calibrate the
molecular clock in all our analyses. We used a log normal distribution (mean = 0.8, sd = 0.55
and offset = 10.4) to define the divergence probability of mouse rat. This distribution was
based on the facts that the first murine (Potwarmus sp) was dated to 18.5 MYA (Lopez
Antonanzas 2009), the consensus for the time divergence between Mus and Rattus is around
12 MYA (Jacobs and Flynn 2005), and the first fossil of the Rattus ancestor (Karnimata sp.)
was dated to 10.4 MYA (Jacobs and Flynn 2005).
The resulting trees for each analysis were summarized with the TreeAnnotator tool
from the BEAST suit. The final tree used to draw figure 1 was defined with maximum clade
credibility as the target tree type and the median of node heights and was edited with FigTree
(version 1.4.2, http://tree.bio.ed.ac.uk/software/figtree).
SM1.17 – Introgression analysis
To detect introgression signal between Mus musculus and Mus caroli or Mus pahari,
we used HybridCheck (Ward and van Oosterhout 2016) on the multiple genome alignment
defined in SM1.13 including Mus musculus strain C57B6, Mus castaneus, Mus caroli and
Mus pahari. We used Mus castaneus as a positive control for a genome that can introgress
with Mus musculus (Keane et al. 2011). We found less than 1% of the genome as
introgressed between Mus musculus and Mus caroli or Mus pahari. By comparison we found
around 12.5% of the Mus castaneus genome as introgressed with Mus musculus, meaning
that Mus caroli and Mus pahari have virtually no introgressed regions with Mus musculus.
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Supplementary Methods 2 - A punctuated chromosomal rearrangement shaped the
Mus musculus and Mus caroli ancestral karyotypes
SM2.1 – Pairwise genome alignment visualization
To visualize inter-chromosomal rearrangements between a pair of species, we used
the pairwise genome aligner MUMmer 3 (Kurtz et al. 2004). MUMmer enables generation of
multi-chromosome alignments with the tool mummerplot. We computed pairwise alignments
of all chromosomes from one species against all chromosomes in the other species. We set
the parameters maxgap at 2000 and mincluster at 1000. We then used the delta-filter tool
from the MUMmer suit to filter out small alignments by setting the parameters -l at 1000000
and -g. Finally, we used the mummerplot tool to generate the multi-chromosome plot. We
modified the order of the chromosomes manually in the delta file in order to maximize the
linearity against the diagonal of the multi-chromosome plot.
SM2.2 – Estimation of the rate of synteny break
We identified synteny breaks involving large genomic regions between Mus musculus
and Mus pahari by using the chromosome painting experiment (SM1.3). All synteny breaks
found with this approach involved chromosome regions larger than 3 Mb. Consequently, we
set the resolution of the chromosome painting approach to 3 Mb. To identify chromosomes
synteny breaks between Mus musculus and the rat and all Hominidae genomes, we used the
synteny map in Ensembl v80. We selected chromosomal synteny breaks between the
different species using regions larger than 3 Mb to be consistent with the chromosome
painting approach. We did not take into account chromosome inversions or intrachromosome translocations in order to be consistent with the chromosome painting approach
that cannot identify such events.
We used a lenient and a strict approach to count the number of synteny breaks
between a pair of species. The lenient approach counted all synteny breaks in the interchromosomal rearrangement. The strict approach counted the number of different
chromosomes involved – 1. In the following example:
Rat_chr9 = mm_chr17:38.4-57.5 + mm_ chr1:18.1-97.6 + mm_ chr17:58.9-71.6
the lenient approach will count 2 synteny breaks and the strict will count only 1. The strict
approach considered that an intra-chromosome translocation may be involved when a
chromosomal rearrangement involves the same chromosome twice. The total number of
synteny breaks for a pair of species is defined as the number of synteny breaks in one
comparison (for example mouse vs rat) and the number of synteny breaks in the reciprocal
comparison (for example rat vs mouse).
To estimate the rate of synteny breaks within the branch of each clade (i.e Muridae
and Hominidae), we counted the number of synteny breaks (lenient and strict approaches)
between all pairwise comparison of species within a clade. For each clade, we constructed a
distance matrix for which the distance between a pair of species is defined as the number of
synteny breaks. We used the distance matrix to compute a neighbor-joining tree for which the
distance of each branch is an estimation of the number of synteny breaks that happen in the
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branch (Figure S1.4D). To estimate the rate of synteny breaks within a branch, we divided
the number of synteny breaks within a branch by the length of the branch in MY. The error
bar of the rate was defined by using a 5% error rate bar of the estimation of divergence time
between each species. The results were comparable whether the analysis was done with the
strict or lenient approach, and only the strict comparison is plotted.
SM2.3 – Repeat enrichment analysis in the chromosome breakpoints
To propose a potential mechanism driving the punctuated event of chromosome
rearrangements that occurred between 3 and 6 MYA in the Muridae, we searched for
enrichment of repeat elements in the vicinity of the inter-chromosomal breakpoints between
Mus musculus and Mus pahari. We defined two different repeat categories from the dataset
described in SM1.9: (i) a dataset including all retrotransposons and transposons and (ii) a
dataset including retrotransposons and transposons with an age between 3 and 6 MY.
To identify the 3-6 MY old transposons and retrotransposons we took advantage of
the fact that the sequence of transposable elements evolves nearly neutrally and that the
sequence divergence of the repeat with its ancestral sequence is linearly related to the age of
the repeat. We used the consensus sequence of the repeat subfamilies as a proxy for the
ancestral repeats and evaluated the sequence identity between the repeat element and its
consensus sequence. We estimated the evolutionary rate of nucleotide divergence in ancestral
repeats shared by the four Muridae species and selected all repeat elements that had a
sequence divergence between 3.5% and 7% with the consensus sequence, corresponding to
repeat elements with an age between 3 and 6MY.
Next we took the chromosome breakpoints between Mus musculus and Mus pahari
defined in SM1.3 and looked for enrichment of repeat elements using a 200 kb sliding
window in a region of +/-40 Mb around the breakpoints. We calculated a z-score of the repeat
density based on the mean and the standard deviation of the 200 kb bin of the whole region
excluding the region +/-2 Mb around the breakpoint. We plotted the smoothed repeat density
using a sliding window approach by averaging the value of the five upstream bins and first
five downstream bins (Figure S1.5)
To evaluate the statistical significance of the repeat enrichment we calculated the
observed number of repeat elements in the +/-2 Mb genomic region around the 14
chromosomal breakpoints. Then we evaluated the expected number of repeats in the genome
by calculating the number of repeat elements in 14 random regions of the genome. We
repeated this process 1,000,000 times in order to define the distribution of the expected
values. We derived an empirical p-value by comparing the observed value with the
distribution of the expected values for of each class of transposable elements from the two
repeat datasets.
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Supplementary Methods 3 – Divergence and turnover of genomic sequences and
segments are accelerated in Muridae, particularly for LINE retrotransposons
SM3.1 – Nucleotide variation rate estimation and comparison
To estimate the rate of nucleotide variation of different genomic categories in the
Muridae and Hominidae we first classified the mouse and human reference genome into the
following different fractions: (i) four-fold degenerate sites from conserved amino across
mammals; (ii) ancestral LTR, SINE, LINE and DNA repeats defined as shared between the
four Muridae or Hominidae; (iii) intergenic sequence defined as a genomic region between
two annotated genes (protein-coding and non-coding genes); (iv) intronic sequence defined as
the introns of the protein-coding genes; (v) exonic sequence defined as the exon of proteincoding genes; (vi) CTCF binding regions defined as the CTCF occupancy regions that have
been identified with the ChIP-seq analysis pipeline described in SM1.11; (vii) CTCF binding
motif defined as all CTCF binding motifs found in CTCF binding regions using FIMO
program with default parameters from the MEME suite version 4.10.2 (Kurtz et al. 2004) and
the CTCF position weight matrix (CTCF.p2) from the SwissRegulon database (Pachkov et al.
2013).
We then used the pairwise genome alignments described in SM1.12 to calculate the
sequence divergence between Mus musculus and all other Muridae and between human and
all other Hominidae. For each clade, we plotted the values of the nucleotide divergence
against the divergence time between Mus musculus and the other Muridae or human and the
other Hominidae. We then applied a linear regression for each category and each clade and
defined the rate of nucleotide divergence as the value of the slope of the line.
To compare the statistical significance of the difference of rates between each
genomic category within a clade we applied an ANCOVA test. To compare the evolutionary
rate of one genomic category between two clades we calculated the ratio rateMuridae /
rateHominidae.
SM3.2 – Segmental turnover rate estimation and comparison
To estimate the rate of segmental turnover variation in different genomic categories
of Muridae and Hominidae genomes, we first classified the genomes of each species in the
two clades into the following categories: (i) protein-coding genes, (ii) DNA transposons, (iii)
LTR retrotransposons, (iv) LINE retrotransposons and (v) SINE retrotransposons.
For each clade, we then used the pairwise genome alignments defined in SM1.12 to
estimate the fraction of shared genomic regions between a pair of species. We defined as a
genomic region shared between two species all regions in one species that had an alignment
in the other species with less than 50% of gapped sequence. For the protein-coding gene
category, we considered as shared if the pair of species were sharing a functional orthologue
(as defined in SM1.8). We calculated the fraction of unshared genomic regions between a
pair of species A and B by calculating the mean of unshared genomic regions defined in a
two-way comparison: A against B and B against A.
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For each clade, we plotted the fraction of unshared genomic regions against the
divergence time between Mus musculus and the other Muridae or human and the other
Hominidae. We then applied a linear regression for each category and each clade and defined
the rate of segmental turnover as the value of the slope of the line. We applied an ANCOVA
test to evaluate the statistical significance of the difference of rates between each genomic
category within a clade
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Supplementary Methods 4 – Accelerated LINE retrotransposon activity has shaped
coding gene evolution in rodents
SM4.1 – Estimation of the age of transposable elements
We estimated the age of the transposable elements defined in the SM1.9 by
calculating sequence identity between the transposable elements and their subfamily
consensus sequence, which is an approximation of the ancestral repeat. Since the sequence of
transposable elements evolves nearly neutrally, we can define a linear relationship between
the sequence identity and the estimated age of a repeat.
We used the evolutionary rate of the four classes of transposable elements calculated
in SM3.1 to convert the sequence identity between the transposable element and it ancestral
sequence into MY using the following linear relationship:
t =d/r
Where t is the divergence time between a repeats and its ancestral sequence , d is the
sequence divergence between the repeat and its sequence ancestral sequence and r is the
evolutionary rate of the sequence of the given class of transposable element calculated in
SM3.1.
SM4.2 – Comparison of species-specific and ancestral repeat content
We compared the composition of transposable elements (TE) between the set of
ancestral TE and species-specific TE in Muridae and Hominidae. We defined the set of
ancestral Muridae/Hominidae TEs as the TEs from SM1.9 that were shared between all four
Muridae/Hominidae genomes in the multiple alignment defined in SM1.13. For each species,
we defined a set of species-specific TEs as the TEs that were shared with no other species
within each clade in the multiple alignment defined in SM1.13. The ancestral dataset was
composed of 939,727 TEs for the Muridae and 606 473 TEs for the Hominidae. The speciesspecific datasets contain between 949 119 and 2 057 208 TEs for the Muridae and between
402 849 and 1 057 733 TEs for the Hominidae.
We compared the composition of TEs within classes/families/subfamilies between the
datasets of ancestral and species-specific TEs and tested the statistical significance of the
difference with a Fisher test.
SM4.3 – Estimation of the age of retrocopies
We estimated the age of the retrocopies defined in SM1.10 by calculating the
sequence identity between the retrocopies and their parental genes. The parental gene can be
considered as a special ancestral sequence of retrocopy that has a sequence that evolved with
an evolutionary rate rparent from the time of the retrocopy creation. During the same period of
time the retrocopies evolved nearly neutrally with an evolutionary rate rretrocopy.
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If we assume a linear relationship between the evolutionary sequence rate of the
parental gene and divergence time at the clade level, then sequence divergence d can be
defined as:
d=( rparent + rretrocopy )/2 x t.

(1)

where t is the divergence time between the retrocopy and the parental gene. From (1)
we can derive:
t=2d/( rparent + rretrocopy )

(2)

We calculated the rate of sequence divergence of retrocopies based on the ancestral
retrocopies i.e retrocopies that were shared between all four Muridae/Hominidae. For the rate
of sequence divergence of the parental gene we used the rate for coding exons as defined in
SM3.1
SM4.4 – Identification of chimeric host genes fused with retrocopies
To detect chimeric transcripts, we first used Bowtie 2 with default parameters to map
to the respective genome the RNA-seq data defined in SM1.7 and the RNA-seq data from
C57BL6 brain, heart, liver, kidney generated by the ENCODE project (Yue et al. 2014). The
data sets used were ENCSR554PHF, ENCSR164BAZ, ENCSR216KLZ, and
ENCSR216KLZ in GEO.
Next, we selected alignments where one paired-end read overlapped loci annotated as
retrocopies and the other paired-end read aligned to the host gene (i.e the gene that integrated
the new retrocopy element). We did not consider alignments in which both reads overlapped
the retrocopy and we excluded exonic retrocopies from this analysis. Next we assembled the
putative transcripts de novo with Trinity (Haas et al. 2013) using default parameters by
inputting the reads associated with the selected alignments and reads associated with 10 kb
flanking regions. The exon-exon junction quantification and sashimi plots were based on
STAR realignments of the mate-pair reads overlapping the host gene.
SM4.5 – Annotation of the Abp (Scgb) gene cluster
We annotated the Abp gene cluster in the 1504 assembly of Mus caroli and Mus
pahari genomes. The 1504 build is a previous assembly version using the mouse reference
genome to guide the scaffold and super-scaffold assembly into chromosomes. The
CAROLI_EIJ_v1 and PAHARII_EIJ_v1 assembly versions have better overall assembly
statistics than the 1504 build, but we found using manual inspection that more Abp genes
were correctly assembled in the gene cluster of the 1504 build. We used a combination of
BLAST (Altschul et al. 1990), hmmsearch (Finn et al. 2011) and Exonerate (Slater and
Birney 2005) to find the Abp gene cluster based on the 64 Abp genes from the mouse
reference genome (Emes et al. 2004; Laukaitis et al. 2008) and the three Abp genes from the
rat reference genome (Emes et al. 2004). We obtained 17 Abpa genes and 16 Abpbg genes on
Mus caroli chromosome 7, and 6 Abpa genes and 5 Abpbg genes on Mus pahari chromosome
1. We then searched again with the newly-identified sequences, and did not find any novel
identifications. The sequences identified by the methods described above were searched
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manually for start and stop codons and for donor and acceptor intron splice sites. We also
verified the flanking genes Scn1b and Uba2 (formerly Uble1b).
SM4.6 – Repeat enrichment analysis in the Shbg gene cluster
We analysed the density of retrotransposons in the Abp gene cluster of Mus musculus
and rat with the repeat dataset described in SM1.9. For Mus caroli and Mus pahari, we used
a repeat dataset based on the same approach described in SM1.9 but applied on the on the
1504 builds (See SM4.5).
We counted the cumulative size of each class of retrotransposon in 50 kb bins in a +/5 Mb region from the centres of the Abp gene clusters. To estimate the statistical significance
of the retrotransposons enrichment/depletion we calculated an empirical p-value using two
approaches.
In the first approach, we randomly selected from each species’ genome an equal
number of 50 kb bins to the number of bins in the Abp gene cluster and 10 kb flanking
regions. We iterated this procedure 1 000 000 times to define the distribution of random
expected density in the flanking regions of the cluster. This distribution was then used to
derive an empirical p-value.
In the second approach, we randomly selected from Mus musculus and the rat genome
an equal number of 50 kb bins to the number of bins in the Abp gene cluster from randomly
selected single genes, i.e. genes that have no paralogs in the genome. We iterated this
procedure 1 000 000 times to define the distribution of random expected density in single
genes. This distribution was then used to derive an empirical p-value.
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Supplementary Methods 5 – A single nucleotide mutation transform a SINE B2
element in a CTCF carrier
SM5.1 – Classification of SINE B2 subfamilies
To classify the SINE B2 retrotransposons into subfamilies, we selected all SINE B2
retrotransposons from the Muridae dataset defined in SM1.9. These retrotransposons were
multiply aligned using Clustal Omega version 2.1 with default parameters (Sievers et al.
2011). Those retrotransposons that had more than 95% pairwise identity were iteratively
clustered together into groups. The resulting sequence clusters were then re-aligned using
Clustal Omega and their consensus sequence computed with the cons program of the
EMBOSS suite with default parameters (Rice et al. 2000). For further analyses the resulting
five consensus sequences were used to represent rodent SINE B2 subfamilies
SM5.2 – CTCF representation in different repeat classes/families/subfamilies
We analysed the distribution of experimentally determined CTCF occupancy
(SM1.11) in different classes, families and subfamilies of transposable elements. We first
estimated the expected frequency of CTCF occupancy sites overlapping a repeat
class/family/subfamily in each species. We randomly sampled in each genome the same
number of regions with size matching the experimental CTCF occupancy sites. We calculated
the frequency of regions overlapping a repeat element from the dataset defined in SM1.9. We
reiterated this process 100,000 times and calculated the mean to define the expected
frequency. Next, we calculated the observed frequency of CTCF occupancy sites overlapping
a repeat class/family/subfamily using the same repeat dataset as defined in SM1.9. For each
repeat class/family/subfamily, we evaluated the level of over/under-representation of CTCF
occupancy in repeat classes/families/subfamilies by subtracting the expected frequency from
the observed frequency. To evaluate the statistical significance of the difference between the
observed and expected frequencies, we derived an empirical p-value by comparing the
observed frequency with the distribution of expected frequencies using the ecdf function in
R. The empirical p-value for overrepresentation of CTCF occupancy in the SINE B2 family,
compared to other SINE families, is 0 for all rodent species investigated. The empirical pvalue for overrepresentation of CTCF occupancy in the SINE B2 Mm1 subfamily, compared
to other SINE B2 subfamilies, is: 0.000798 for Mus musculus C57BL6, 0 for Mus caroli, 1
for Mus pahari, and 0.410 for the rat.
We plotted the level of over/under-representation of CTCF occupancy sites
overlapping repeat elements compared to the random expectation using the heatmap.2
function of the R gplots package. For the distribution of CTCF occupancy sites among repeat
classes (Figure 4B) only the transposable elements closest to the CTCF peak summit were
used. For all other analyses, the transposable elements overlapping a CTCF occupancy site
were used.
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SM5.3 – Age estimation of SINE B2 elements
To estimate the age of SINE B2 elements we used the same approach as defined in
SM4.1. We used the nucleotide evolution rate of all SINE elements to estimate the
correspondence between the nucleotide sequence divergence and the divergence time.
SM5.4 – Comparison of SINE B2 subfamily representation between ancestral and
species specific repeat set.
To compare between the sets of ancestral and species-specific SINE B2 elements, we
used the same approach defined in SM4.2
SM5.5 – SINE B2_Mm1 neighbor-joining classification
To build a neighbor-joining tree of the SINE B2_Mm1 retrotransposons we first
computed multiple alignments of SINE B2_Mm1 sequences selected from the Mus clade
genomes defined in SM1.9. To reduce alignment error leading to erroneous clustering during
the tree-building process, we filtered out all SINE B2_Mm1s with the following
characteristics: (i) shorter than 150 bp; (ii) at least one unknown nucleotide (N); and (iii)
more than 10% of substitution, insertion or deletion with the SINE B2_Mm1 consensus
sequence. This filtering process removed 21% of the sequences leaving a total of 67,637
SINE B2_Mm1 retrotransposons from the three Mus species.
The sequences were aligned using MAFFT version 7.222 (Katoh and Standley 2013)
with the options --nuc --reorder --retree 1 --op 20 --ep 4. The tree was calculated using
FastTree version 2.1.9 (Katoh and Standley 2013) with local bootstrap and minimumevolution criterion for speed (all options used were: -fastest -nosupport -noml -pseudo -nt).
The resulting tree was plotted in iTol version 3.4.2 (Letunic and Bork 2016) with nodes
coloured according to the species the SINE B2_Mm1 was originally extracted from and
experimentally determined CTCF occupancy annotated as an outer circle.
SM5.6 – CTCF motif identification
To identify the CTCF binding motif in each binding region we used the FIMO
program with default parameters from the MEME suite version 4.10.2 (Bailey et al. 2015)
and the CTCF position weight matrix (CTCF.p2) from the SwissRegulon database (Pachkov
et al. 2013).
SM5.7 – Ancestral motif inference
We used two approaches to infer the ancestral CTCF binding motifs in different
branches of the SINE B2_Mm1 neighbor-joining tree defined in SM5.5. First the motifs
found by FIMO in each transposable element of the predominantly CTCF binding branch and
the adjacent predominantly non-binding branches were extracted. Next, we used FastML
(Ashkenazy et al. 2012) with the neighbor-joining method and JC nuclear model of
substitution to reconstruct the ancestral sequence of the resulting binding motifs. In the
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second approach, we used PRANK (Ashkenazy et al. 2012) with the options -showanc -keep
-njtree to reconstruct the ancestral motif. Both methods reconstructed the same ancestral
sequence for the predominately CTCF binding and non-binding clusters.
SM5.8 – CTCF trinucleotide analysis
To assess whether the single nucleotide mutation TC in the B2_mm1 ancestral CTCF
binding motif at position 18 increased the binding intensity we counted the number of
occurrences of all possible trinucleotides in the motif starting from position 18 in motifs
bound and non-bound by CTCF in Mus caroli. We scanned the whole Mus caroli genome
with the MEME suite version 4.10.2 FIMO program (Kurtz et al. 2004) and the CTCF
position weight matrix (CTCF.p2) from the SwissRegulon database (Pachkov et al. 2013)
using the default parameters. To extract binding and non-binding motifs, we compared the
positions of the motifs obtained with peaks that appeared in two or more replicates as
determined by experimental CTCF occupancy analyses (SM1.11). To extract motifs
occurring in B2_Mm1 retrotransposons, we compared the positions of motifs obtained with
the repeat annotation in SM1.9. For each category (All binding, No B2Mm1 binding, All not
binding, No B2Mm1 Not binding), we counted the occurrence of all possible 64 motif triplet.
To normalize the triplets counts, we computed the z score per each category where the mean
is the mean of counts of all 64 motif triplets within each category. The results were plotted
using the heatmap.2 function of the R gplots package.

SM 5.9 – CTCF turnover analysis
We tested whether B2_mm1 mediated CTCF binding gains are associated with increased
turnover of CTCF. Using Enredo-Pecan-Ortheus whole genome alignments (SM1.13), we
dived Mus caroli specific CTCF binding gains into those in the B2Mm1 “binding cluster”
extracted from the neighbour-joining classification (SM1.13, Figure 4D), those not in a
B2Mm1 and also surveyed caroli specific CTCF binding losses as a control. For each of these
three categories we found the closest non-overlapping CTCF binding event. The closest
binding events were divided into: a “caroli specific gain” if they did not overlap within whole
genome alignments with CTCF binding in any other rodent, a “caroli specific loss” if they
were present in all other rodents but absent from caroli, and “shared” if they overlapped with
at least one other rodent. Finally, those CTCF binding events that had no neighbouring CTCF
binding within 50kb were classified as not having a close CTCF binding site. To test whether
B2Mm1 associated CTCF binding gains tend to appear in CTCF rich regions of the genome,
we tested if the CTCF binding sites appearing near other CTCF binding events (gains, losses
or shared) or in deserts (no CTCF binding) were significantly different between B2Mm1
associated and not-associated species-specific gains using a Fisher exact test in R.
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