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SUMMARY

An emerging hallmark of many human diseases is transcription of typically silenced repetitive DNA containing 

pathogen-associated molecular patterns (PAMPs). These PAMPs engage the innate immune system via 

pattern recognition receptors (PRRs)—a phenomenon known as viral mimicry. We propose a statistical phys

ics framework to quantify viral mimicry by measuring ‘‘selective forces’’ that enrich PAMPs compared to a 

genome-wide reference distribution. We validate our predictions by identifying repeats that bind different 

PRRs and show potential viral mimics in different repeat families across eukaryotic genomes, suggesting 

shared mechanisms drive emergence and retention. We propose two non-exclusive evolutionary hypothe

ses. The first ‘‘repeat-centric’’ hypothesis posits PAMPs are integral to the repeat life cycle and are therefore 

enriched as they mediate repeat expansion. The second ‘‘organism-centric’’ hypothesis proposes viral mim

icry functions as a cell-intrinsic feedback mechanism for sensing and reacting to transcriptional dysregula

tion, which provides a selective pressure to maintain PAMPs in genomes.

INTRODUCTION

Repetitive DNA sequences compose over half of the human 

genome and are often derived from integrated viruses and ge

netic parasites,1 including transposable elements (TEs). In 

healthy cells, these sequences are normally inactive or transcrip

tionally silenced by epigenetic mechanisms but, in certain dis

eases, they can become de-repressed and transcribed. The 

aberrant accumulation of immunostimulatory repeat RNAs is 

frequently observed in cancers2 as well as in inflammatory 
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diseases, such as autoimmunity3–5; in neurodegenerative disor

ders6–8; in viral infection9–11; and in aging.12–14 These repeat 

RNAs may exhibit viral mimicry: ‘‘self’’ nucleic acids displaying 

pathogen-associated molecular patterns (PAMPs) that are 

recognized as ‘‘non-self’’ by pattern recognition receptors 

(PRRs) of the innate immune system, which initiate inflamma

tion.15–19 Collectively, these diverse data imply viral mimicry is 

a fundamental feature associated with cellular dysfunction. Viral 

mimicry can also potentially be leveraged therapeutically: for 

instance, the de-repression of immunostimulatory repeats by 

epigenetic drugs can trigger innate immune sensors and induce 

an interferon response, eliminating tumor cells.15–20

Recent work has suggested viral mimicry evolved convergently 

in different species as a response to viral infection. For example, 

convergent evolution of short interspersed elements (SINEs) in 

primate and rodent placentas seem to trigger viral mimicry in 

the form of double-stranded RNAs (dsRNAs) that induce inter

feron production,21 providing fetal protection from viral infection 

at vulnerable moments during development. Such hypotheses 

are consistent with the importance of cell-intrinsic innate immu

nity for antiviral defense in undifferentiated stem cells,22,23 which 

have not yet developed a multicellular immune system. Notably, a 

subset of cancer cells are often phenotypically compared to such 

stem cells,24,25 implying that such cancer cells could encounter 

viral mimicry and be forced to adapt.26,27

Given the breadth of biological contexts associated with viral 

mimicry, an appropriate mathematical framework to quantify 

its extent would be broadly useful. To achieve this end, we model 

sequence statistics in the face of strongly biased germline muta

tional processes that repress immunostimulatory features.28 We 

present a theoretical framework based on statistical physics to 

quantify the ‘‘selective forces’’ that lead to enrichment of non- 

self PAMP sequence features when compared to a genome- 

wide null model, thereby identifying candidate viral mimic loci. 

We experimentally verify that the endogenous sequences pre

dicted by our model likely bind PRRs, and quantify viral mimicry 

across eukaryotic species, suggesting PAMP-enriched repeats 

have indeed convergently emerged. In the discussion, we qual

itatively describe candidate mechanisms that could have driven 

this apparent convergent evolution.

RESULTS

Quantifying the enrichment of PAMPs in repeats with a 

statistical physics model

To quantify the landscape of PAMPs in repetitive regions of the 

human genome, we created the method of selective forces,29

based on a maximum-entropy model of genomic sequences. 

We outline the theoretical approach here and, in the sections 

that follow, apply our approach to the specific cases of two 

PAMPs: CpG dinucleotides (a sequence motif) and dsRNAs (a 

structure). Genomic sequences are generally subject to entropic 

forces: random, but often biased, mutational processes that 

push sequences containing unusual features (such as PAMPs) 

to converge to a ‘‘typical’’ sequence composition. An example 

of such a bias is the fast-acting mutational process of cytosine 

deamination.30 Selective forces oppose such sequence drift, 

leading to an over- or underrepresentation of atypical molecular 

features in a sequence depending on whether the selective force 

is positive or negative, respectively (Figure 1A). Based on these 

observations, we can construct a maximum-entropy distribution 

for each genomic sequence of length, L, constrained to have that 

sequence’s particular feature count while being consistent with 

genome-wide nucleotide usage. The parameters of this distribu

tion, which we call selective forces, precisely quantify the degree 

of over- or underrepresentation of a particular feature within that 

sequence.

To compute the maximum-entropy distribution and selective 

forces, we use exact-transfer matrix methods,31 which are 

computationally efficient and scale with sequence length, 

enabling analysis of longer sequences, more complex features, 

and larger datasets compared to earlier approaches.32

A

B

C

Figure 1. Theoretical framework for the evolution of features in a 

genomic sequence 

(A) Representation of selective versus entropic forces on a genomic feature. At 

equilibrium (xeq = 0), Neq is the typical number of features in a sequence of 

fixed length. For negative (xeq < 0) or positive (xeq > 0) selective force, the 

typical number of features is lower or higher, respectively, than would be ex

pected under the xeq = 0 null model, where sequences relax to a genome-wide 

value dictated by the entropic forces on that feature. 

(B) Over the course of evolution, sequences equilibrate to a force value in 

accordance with the type of selection that acts upon them. 

(C) Under the assumptions of a Wright-Fisher model, the fitness, f(s), as a 

function of a genomic sequence, s, is given by the number of features con

tained in that sequence, Nm(s), times the conjugate force on that feature, xm, 

rescaled by the effective population size, 2N.
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Conjugate forces have the advantage that they can be readily 

compared between groups of sequences within and between 

genomes, independent of sequence length. They therefore 

enable the quantitative study of complex phenotypes, like viral 

mimicry, at scale and across genomes. Traditional measures 

of selection like the integrated haplotype score (iHS)33 are pri

marily restricted to features sampled at the population scale, 

like single-nucleotide polymorphisms, while our framework al

lows for inference of statistical properties of sequences with a 

shared ancestor (e.g., repetitive DNA families such as long inter

spersed element-1 or LINE-1) from a single reference genome. 

Intrinsic to an equilibrium maximum-entropy model is the notion 

of ‘‘relaxational dynamics,’’ or the decay dynamics of an (out-of- 

equilibrium) sequence to a sequence concordant with equilib

rium feature content, for a given selective force. In a hypothetical 

example, we show how an insertion with an initially high positive 

force value (i.e., over-representation of a particular feature) 

evolves to an equilibrium when under pressure to maintain that 

feature (positive force value), to deplete that feature (negative 

force value), or under neutral evolution to a genome-wide value 

purely driven by entropic forces (Figure 1B).

Given that repeat insertions can be dated by measuring their 

distance from their family consensus, we can infer whether se

lection acts on genome-encoded PAMPs according to the 

following framework (see STAR Methods for detailed descrip

tion). First, we infer the selective forces on specific PAMPs for 

all loci of a particular genomic repeat family. Next, we predict 

the evolution of that repeat family’s lineage in the genome since 

the time of its insertion by the aforementioned force-relaxation 

dynamics29 and compare this to a Kimura-based model of 

neutral evolution that is consistent with genome-wide nucleo

tide-usage statistics and with mutational biases. If the equilib

rium value for the selective force on a PAMP is greater than (or 

less than) the equilibrium value obtained from the neutral model, 

we predict that this PAMP is being maintained (or purged) 

through selection. In the limit of strong selection and weak muta

tion where sites along the genome are typically monoallelic, as 

they are in humans,34 selective forces map onto appropriately 

scaled selection coefficients in an underlying population genetic 

model35,36 (Figures 1C and STAR Methods). However, it should 

be clearly stated that this framework cannot identify the partic

ular mechanisms that generate these effective selection coeffi

cients. We address hypotheses regarding putative selective pro

cesses that can drive the maintenance of immunostimulatory 

repeats in the discussion.

Landscape of forces on CpG dinucleotides in repeats

CpG dinucleotides are known to act as PAMPs, recognized by 

toll-like receptor 9 (TLR9) in DNA,37 and by the zinc-finger anti

viral protein (ZAP) in RNA,38 and they are highly underrepre

sented in the human genome, as CpG sites mutate at a much 

faster rate than other dinucleotides.39–41 We calculated the 

forces on CpG dinucleotides for regions across the human 

genome (STAR Methods; Table S1) and found that high-xCpG 

genomic regions were primarily in intergenic regions. Strikingly, 

many such regions with a propensity to over-represent CpG di

nucleotides were not annotated as ‘‘CpG islands’’42 or specific 

regulatory regions (Figure 2A). The pericentromeric satellite 

repeat HSATII is the most representative repeat among those 

with high-xCpG genomic regions in the human genome 

(Figure 2A), consistent with previous results.19 We further quan

tified the selective forces on CpGs in repeats by comparing the 

evolution of individual dinucleotide motifs between the original 

consensus sequence, likely to resemble the founding ancestral 

A B

C D

Figure 2. Landscape of selective forces on 

CpG dinucleotides for repeats 

(A) Annotation of high-xCpG (xCpG > 0) sequences in 

the human genome according to their overlap with 

repeats annotated in the Dfam database. Non-repeat 

bases do not overlap with any repeat in the database. 

Only sequences on the main contigs were used. 

(B) Average xCpG computed on all inserts annotated in 

hg38 for each repeat family versus xCpG of the 

consensus repeat reported in the Dfam database. 

Alus and HSATII are highlighted with higher mean 

xCpG. Dashed line indicates genome-wide average 

force. 

(C) Distribution of xCpG of L1 ORF2p-binding L1 

transcripts in embryonal carcinoma cell line 

(N2102Ep). Functional intact LINEs in red 

(****p < 0.001 for t test). ORF2p-enriched and 

-depleted transcripts are selected by differential 

expression analysis between ORF2p-IP versus both 

mock IP and total RNA with |log2FC| greater than 3 

and adjusted p < 0.05. Fisher’s exact test on pro

portion of xCpG high versus xCpG low of ORF2p-en

riched and -depleted transcripts, p = 9 × 10− 23, odds 

ratio 4.4, 95% confidence interval 3.2–6.3. 

(D) xCpG on ZCCHC3-binding L1 transcripts in 

N2102Ep. Functional intact L1s in red (****p < 0.001 

for t test). ZCCHC3-enriched and -depleted tran

scripts selected by differential expression analysis between ZCCHC3-IP versus both mock IP and total RNA with a |log2FC| greater than 3 and adjusted p < 0.05. 

Fisher’s exact test, p = 1.3 × 10− 5, odds ratio 1.6, 95% confidence interval [1.3:2.1].
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insertion, and subsequent genomic copies (Table S2). We found 

most repeat families to have a force on CpG dinucleotides ex

pected from the neutral model (Figure 2B), with notable excep

tions, particularly HSATII and young Alu repeats. The abundant 

family of LINE-1 (L1) elements, which make up ∼20% of the hu

man genome,43 is of particular interest. They fall into two cate

gories: fully intact and non-intact copies. Approximately 146 

copies of L1 DNA sequences are fully intact and protein coding 

(i.e., contain potentially functional promoters and open reading 

frames [ORFs], consisting of approximately 6 kb44). These se

quences encode proteins that enable autonomous retrotranspo

sition. They represent 1% of full-length L1 DNA sequences (the 

remaining 99% contain features such as inactivating mutations 

in the promoters and/or ORFs) and 0.1% of all L1 nucleotides 

in the genome.44 In general, fully intact L1 DNA sequences are 

highly enriched for CpG content (Figures S1 and S2). In part, 

this can be explained by enrichment of CpG sites in their internal 

promoter, which are typically hypermethylated to inhibit their 

transcription.45,46 Yet CpGs outside of the promoter region 

also contribute to high-CpG forces of intact L1s.

While our analysis predicts over-representation of PAMP-en

coding DNA sequences in host genomes, in most cases, the 

effector molecules are the transcribed nucleic acid sequences, 

such as the PAMPs within RNAs that directly engage PRRs. 

We had previously shown HSATII transcription and immunosti

mulatory capacity is CpG dependent.8 Here, we sought to inves

tigate active L1 retrotransposons, motivated by their enrichment 

for CpG dinucleotides. Fully intact L1 RNAs encode two proteins: 

ORF1p, a protein with nucleic acid chaperone activity,47 and 

ORF2p, an endonuclease and reverse transcriptase.48 These 

proteins, along with their encoding L1 RNA, assemble into ribo

nucleoproteins in cis.49,50 Therefore, we performed RNA co- 

immunoprecipitation sequencing (RIP-seq) to identify and mea

sure the CpG forces of the RNAs associated with ORF1p and 

ORF2p (STAR Methods). RIP-seq was conducted in N2102Ep 

human embryonic carcinoma cell lines,51 chosen because they 

homeostatically express L1 at analytically tractable levels,52

and enriched transcripts were determined by differential expres

sion analysis, comparing RIP-seq to total RNA and mock immu

noprecipitation (IP) controls (STAR Methods). As expected, 

intact L1 transcripts are exclusively recovered in the ORF1p 

(Figure S3) and ORF2p-enriched fraction (Figure 2C). ORF1p- 

and ORF2p-enriched L1 transcripts have CpG forces consistent 

with high xCpG observed in fully intact transcripts, significantly 

higher than controls. We then probed whether L1 RNA with 

high xCpG is bound by PRRs that activate innate immune re

sponses. We selected ZCCHC3, a protein recently described 

as a co-sensor of cGAS,53 since it has been found to interact 

with and inhibit L1 in an RNA-dependent fashion.54,55 With 

RIP-seq, we found a substantial enrichment in high xCpG L1 

RNA associating with ZCCHC3, compared to controls and 

non-intact L1 (Figure 2D). Taken together, our findings show 

that high xCpG L1 RNA is more likely to associate with L1 proteins 

and with a putative innate immune sensor of L1 RNA, validating 

our predictions and providing mechanistic insight into previous 

observations.56–59 We therefore suggest that high xCpG is associ

ated with both replication-competent L1 and innate immune 

sensing of L1-associated transcripts.

Evolutionary dynamics of forces on CpG dinucleotides

To gain an understanding of how selective forces could affect 

evolution of repeat families, we first simulated the strong-selec

tion, weak-mutation (or sequential fixation) dynamics of a single 

3,000-bp stretch of DNA under two scenarios (Figure 3A). In the 

first scenario, all sites are free to mutate, while, in the second 

scenario, 200 CpG sites are maintained by strong selection 

(i.e., mutating these corresponds to an effectively infinitely dele

terious fitness effect). In the limit of long times (as measured by 

Kimura distance), trajectories drawn from the two scenarios 

separate from each other along the force axis. We simulated 

each scenario 20 times to highlight the relative trajectory-level 

consistency of this stochastic process.

We next calculated the relaxation dynamics for all single 

HSATII and L1 inserts (Figure 3B), with a neutral background 

model where insertions evolve according to a Kimura model 

with respective mutation rates for transitions and transversions 

and increased mutation probability in CpG loci (STAR 

Methods; Table 1).60 Such known and experimentally measured 

mutational biases have been invoked to explain reduced CpG 

content in some vertebrate genomes.61–63 For HSATII, we 

observed higher xCpG than expected from the Kimura-based 

neutral model, which implies selection acting on these repeats 

to maintain their high CpG content (regression analysis 

described in STAR Methods). For non-intact full lengh L1s, we 

observed that their CpG content decays to the genomic mean 

in a predictable way, which is consistent with an underlying 

neutral model of sequence evolution (Figure 3B). Taken together, 

this suggests that intact functional L1 inserts are selected to 

maintain high xCpG even outside of their promoter regions (as 

most preserved CpGs do not occur there; Figure S1). We further 

probed the evolutionary dynamics of xCpG for all repeat families 

annotated in the Dfam database64 as a function of the Kimura 

distance to the consensus insert. Alu repeats, when considered 

as one family, show a pattern of relaxation to equilibrium, indic

ative of neutral evolution. However, the younger AluY and, to a 

lesser extent AluS, are far from their predicted equilibria and still 

possess PAMP-like high CpG content (Figures 3C and 3D).

To demonstrate the general consistency of our approach with 

viral mimicry, we quantified motif-usage mimicry between the 

human genome and human-infecting viruses.29,32 We quantify 

the selective forces on all single, di-, and tri-nucleotide motifs65

Table 1. Ratios of dinucleotide mutation rates and a 

corresponding value of the equilibrium force on the CpG 

dinucleotide

μTiCpG:μTvCpG:μTi:μTv x
eq

CpG

40:10:4:1 − 1.9

40:4:4:1 − 1.8

40:1:4:1 − 1.7

4:4:4:1 − 0.3

20:4:4:1 − 1.2

27:2:4:1 − 1.4

Rates are shown for transition and transversion with and outside of CpG 

context.
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in viruses that infect humans (Figure S4A) and compare them to 

different regions in our genome. Consistently, we find broad 

mimicry of motifs used by infectious viruses, with some variation 

between viral families.29 These viruses, which devote most of 

their genomes to encoding proteins, show stronger overall sim

ilarity to motifs in the coding regions of the human genome, yet 

large variation exists in non-coding regions. Of note, specific 

repeat classes, identified above by our methods, such as Alu re

peats and HSATII, exhibit an enrichment of non-self motifs that 

exceeds what is typical in the actual human-infecting viruses un

der consideration (Figure S4B).

Landscape and evolution of selective forces on dsRNA

In addition to motifs, PRRs also detect nucleic acid structures, 

such as dsRNA, a PAMP associated with virus infection.66 We 

therefore extended our framework to quantify biases in RNA sec

ondary-structure formation, defining the double-stranded force, 

xds, to quantify the presence of longer double-stranded seg

ments that exceeded their expected frequency from a null model 

(STAR Methods). We scanned the entire genome in windows of 

3,000 bp, comparable to the typical lengths of long non-coding 

RNAs67 (Figure 4A). 88% of regions with high double-strand 

force (xds > 0:5) show a mean length of 40 bp, overlap with known 

repeats, and are depleted in coding regions (Figure 4B). More 

than 43% of these segments correspond to AluS inverted re

peats (IRs). 75% of all IR Alu in the human genome are AluS 

IRs, and, if we filter for only IR Alu with high xds, the proportion 

increases to 86%. Under a model in which Alus are inserted 

into the genome in positions chosen uniformly at random,68

this high fraction of IR-AluS with high xds can be statistically ex

plained by the high fraction of AluS with respect to the other Alu 

subfamilies (STAR Methods). Another source of complementary 

fragments is ORF2, fragments of which are generated by 5′ trun

cated insertions of L1 and are statistically likely to be co-located. 

We quantified the sequence complexity of complementary seg

ments based on an estimate of their Kolmogorov complexity, the 

shortest possible description based on a fixed language (STAR 

Methods; Figure S5A), further verifying that regions able to 

form long dsRNAs are not exclusive to simple repeat regions. 

We also detected several previously unannotated IRs prone to 

forming long dsRNA with high double-strand force (Table S3).

To validate that predicted dsRNA-forming regions can engage 

PRRs, we sequenced ligands to the J2 monoclonal antibody in a 

set of patient-derived colorectal cancer cell lines (STAR 

Methods). J2 binds dsRNA greater than 40 bp, nearly identical 

in length to the average length of complementary segments 

when xds > 0:5 (Figure 4C). Consistent with predictions, we 

show an enrichment of high-xds regions in J2 antibody-binding 

transcripts and with a similar profile to the previously published 

MDA5 agonists. We found AluS repeats constitute 84% of the 

enriched IR-Alus, again in agreement with the value predicted 

for high-xds sequences with our framework. As an additional 

source of validation, we used two published genome-wide data

sets of dsRNA agonists16,69 for the MDA5 receptor, a PRR that 

senses long dsRNA.70 MDA5 ligands show a bivalent distribution 

with a peak at xds = 0 and a predominant peak at xds > 0:5. The 

ligands derived from IRs, and notably from AluS IRs, are only pre

sent in the high-xds peak. In agreement with our theoretical pre

diction that 86% of all IR-Alus in the human genome with high xds 

are AluS, we found that 89% of enriched IR-Alus in the MDA5 

agonist experiment are AluS IRs, consistent with a similar profile 

to those found by the J2 antibody (Figure 4D). When studying the 

enrichment under DNA hypomethylating 5-azacytidine, we find a 

bivalent peak; when only looking at IR-Alus, we find they share 

A B

C D

Figure 3. Evolutionary dynamics of CpG di

nucleotides in repeats 

(A) Temporal dynamics of CpG force in strong- 

selection, weak-mutation simulations of a single 

3,000-bp stretch of DNA under two scenarios, one 

with and one without 200 CpG sites preserved by 

selection (20 trajectories). 

(B) xCpG for the full length non-intact inserts of 

LINE-1 and HSATII in human genome as a function 

of average distance from the full length intact se

quences (for LINE-1) or the distance from the 

consensus sequence (for HSAT-II). The fit from the 

force-relaxation model is shown for both sequence 

families together with the force dynamics from the 

Kimura model for neutral evolution. 

(C) Decay of CpG force with increasing distance 

from the subfamily consensus for the full-length 

Alu elements that are likely retrotransposition 

competent (sequence data from Bennett et al.). 

p < 2 × 10− 16 (linear regression with CpG force as 

dependent variable and Alu family and the number 

of changes from the subfamily consensus as inde

pendent variables, t = 166, 12,528 degrees of 

freedom, two tailed t test for the slope; 95% confi

dence interval for the slope [− 0.0306:− 0.0299]). 

(D) The mean xCpG of all inserts in a repeat family as 

a function of the Kimura distance from the consensus sequence for each family (gray points). The binned mean is given in orange, and repeat families of note are 

highlighted with different colors. Repeat annotations are taken from Dfam.
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the same xds peak, indicating IR-Alus is the predominant foldable 

RNA species induced (Figure S5B).

When double-stranded segments are preserved, we expect 

xds to be much higher than expected under a neutral Kimura 

model. As done for CpG dinucleotides, we first performed a nu

merical simulation to understand how selective forces can be 

used to detect selection on double-strandedness (Figure 4E). 

Simulations were performed as described above for CpG evolu

tion, with the only difference being that a 200-bp reverse-com

plementary stretch of sequence is held fixed. We further found 

that multiple subfamilies, particularly AluY and AluS, maintain 

high positive xds values, predicting that their transcripts would 

form dsRNA (Figures 4F; Tables S2 and S3). These positive xds 

values are driven by the proximity between two Alus, where a 

copy in the positive orientation is inserted adjacent to one in 

the negative orientation, occurring in the same transcript and, 

by their complementary nature, forming dsRNA (STAR Methods).

Forces on PAMP-enriched repeats across genomes

To demonstrate the power of our approach and explore how viral 

mimicry is shaped over evolutionary timescales, we examined 

the presence and conservation of repeats with high forces on 

CpG dinucleotides and dsRNA across genomes in 20 spe

cies71,72 (Figures S6 and S7). Consistent with our assumptions, 

we found that forces on CpG dinucleotides and dsRNA are 

largely independent (Figure S8). For humans and mice, we 

show that forces on CpG dinucleotides are robust even when 

we exclude enhancers, regulatory regions from the FANTOM73

and ENCODE databases,74 or CpG islands. We found that high 

xds outlier regions occur in many species, even those lacking 

the Alu family, suggesting that foldable regions are not specif

ically a function of Alu repeats but could be a generic byproduct 

of transposon machinery across genomes (Figures S9A and 

S9B). As an example, we plot the xds distribution for the zebrafish 

genome, which has a clear set of high-xds regions and does not 

have Alu repeats (Figure 5A). Moreover, we find many of the 

genomic regions prone to dsRNA formation are not simply low- 

complexity regions. To the best of our knowledge, this is the first 

quantification of the presence of potential PAMP-forming repeat 

regions outside of primates and mouse models. The full list of re

gions with xds > 0:5 in the zebrafish genome is reported in 

Table S4.

Next, we compared the selective forces on repeat families in 

Hominoidea, whose most recent common ancestor dates to 

about 16 million years ago (mya).75 We scanned the genomes 

of five small and great apes and compared sequences with 

high xCpG and xds values. The number of high-xCpG sequences 

conserved between humans and other apes decreases expo

nentially with their evolutionary distance (Figure 5B), an ex

pected result given the high mutation rate in CpG motifs. 

Almost half of the high-xCpG subsequences in the human 

genome overlap with HSATII, found in primates after the 

branching of the Pongo genus from the other great apes. 

This allowed us to pinpoint the HSATII insertion in the primate 

A B

C D

E F

Figure 4. Landscape of selective forces on 

dsRNA for repeats 

(A) Type of repeat (as annotated in RepeatMasker) 

with the longest overlapping sequence in com

plementary sequences for high-xds (xds > 0:5) 

windows in hg38. 

(B) Histogram of xds calculated for mRNA coding 

sequences, non-coding RNAs, inserts, consensus 

sequences of repeats, and sequences obtained 

by randomly reshuffling mRNA coding sequences 

(red). 

(C) xds histograms in human genome (sliding 

window with transcript of length of 3 kb) compared 

to J2 binding RNA transcripts. Enriched tran

scripts have a positive log enrichment with respect 

to the control experiment. Inverted repeat (IR) 

transcripts are annotated repeats with another 

repeat of the same family in opposite genomic 

sense within 3 kb. 

(D) xds histograms in human genome (sliding win

dow with transcript of length of 3 kb) compared to 

MDA5 binding RNA transcripts. Enriched tran

scripts have a positive log enrichment with respect 

to the control experiment. There is a strong as

sociation between high xds and ability to bind 

MDA5 (Fisher’s exact test, odds ratio 4.5, 95% 

confidence interval [4.43:4.64], p < 2.2 × 10− 16). 

(E) Temporal dynamics of the double-stranded 

force in strong-selection, weak-mutation simula

tions of a single 3,000-bp stretch of DNA under 

two scenarios, one with and one without 200 CpG 

sites preserved by selection (20 trajectories). 

(F) xds for IR-Alu inserts in human genome as a function of average distance from the consensus sequence of each subfamily forming the IR. The Kimura model 

neutral dynamics is averaged over Alu subfamilies. Points highlighted are the Alu inserts that were experimentally found to bind MDA5.
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genomes between 13.8 and 8.9 mya. Since its insertion into the 

genome, HSATII sequences have been conserved to a much 

greater extent than other sequences in the high-CpG pool, 

while other CpG-containing regions have typically rapidly de

cayed (Figure 5C). We therefore conclude that PAMPs are 

maintained in HSATII. Unlike high-xCpG regions, which, apart 

from HSATII and Alus, rapidly equilibrate and are generally 

not conserved, we found high-xds windows more generally 

conserved across Hominoidea for all sequence families. Our 

findings imply that their demonstrated ability to engage dsRNA 

innate receptors is a conserved phenotypic feature along the 

lineage (Figure 5D). When focusing on high-xds regions that 

overlapped with repeats, we confirmed that inverted Alu re

peats are highly conserved since their appearance in primate 

genomes more than 16.3 mya (Figure 5E).

DISCUSSION

Quantifying the landscape of viral mimicry and how it is shaped 

by evolution is an open theoretical question. Our framework en

ables large-scale quantification of enrichment of immunogenic 

sequence features, which we have leveraged to assign function 

to non-coding regions of the genome.28 In our previous work, we 

used this framework to explore viral evolution, in particular the 

evolutionary history of the 1918 pandemic influenza strain. Our 

models showed that, after H1N1 entered its human host from 

an avian reservoir, its genome was depleted of CpG motifs to 

better resemble its new host genome. This led to the prediction, 

subsequently validated,38 that CpGs in RNA are PAMPs in hu

mans, and that viruses adapt to mimic host-sequence features 

and eliminate CpGs so they can avoid PRR detection.32 Here, 

we build on this theory in viral evolution to develop a framework 

to quantify selective forces on repeats in metazoan genomes, 

detect PAMP-enriched regions within those genomes, and 

show how selection likely has shaped their evolution. We quan

tify viral mimicry across 20 species, finding strong enrichment of 

PAMPs across species-specific repeat classes, strongly sug

gesting a shared evolutionary constraint acting across all spe

cies. It is natural, then, to ask what this shared constraint might 

be. We propose two non-exclusive hypotheses for the phenom

ena driving PAMP enrichment, one ‘‘repeat-centric’’ and one 

‘‘organism-centric.’’

The repeat-centric hypothesis states that PAMPs are benefi

cial to the repeat family themselves, with PAMP enrichment fa

voring repeat-family survival and expansion. The foundation of 

this hypothesis is that PAMP enrichment can be correlated 

with retrotransposition competence. Indeed, this has been 

shown in Alu subfamilies where retrotransposition rapidly 

A

B C

D E

Figure 5. Evolution and conservation of 

forces on PAMPs 

(A) Complexity of sequences in complementary 

regions found in the Danio rerio genome as a 

function of segment length. Dashed lines corre

spond to the complexity of a completely random 

sequence (top line) and trivial region consisting of 

a single nucleotide (bottom). 

(B) Scatterplot of the overlap coefficient between 

the high-xCpG (xCpG > 0) sequences in the human 

genome and those of other primates versus the 

most recent common ancestor (MRCA) time.56

Two high-xCpG sequences are considered over

lapping if they result as a hit from BLAST (STAR 

Methods). The blue curve denotes an exponen

tial fit. 

(C) Barplot presenting overlap with repeats of 

conserved high-sequences. The x axis indicates 

the MRCA time (0 mya are human sequences). 

Sequences are counted as repeats if they overlap 

with annotations in the Dfam database. The + or −

sign after the repeat name indicates the sense in 

which the repeat is annotated in the database. 

Non-repeat sequences do not overlap with any 

repeat in the database. 

(D) Same analysis as (B) but with high-xds se

quences (greater than 0.5). 

(E) Barplot presenting overlap with repeats of 

conserved high-xds sequences. The x axis indicates 

the MRCA time (0 mya are human sequences). 

Sequences are counted as repeats if they overlap 

with annotations in the RepeatMasker database. 

Sequences are counted as IRs if the two comple

mentary regions overlap with two annotations in the 

RepeatMasker database with the same name but 

inverted sense (+/− or − /+). "Non-IR" indicates 

cases where the two repeats in the two inverted senses and in the same window have a different name. "Non-repeat" indicates cases where one or both the two 

complementary regions do not overlap with any known repeat.
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decays with distance from the consensus sequences, which are 

typically enriched for CpG dinucleotides. We showed that 

younger Alu subfamilies, which are more likely to retain the ability 

to retrotranspose,76 tend to be enriched for CpGs, suggesting 

that CpG enrichment is correlated with retrotransposition 

competence of Alu subfamilies. Likewise, functional copies of 

L1 maintain atypically high CpG content compared to non-func

tional copies. Our coIP assays with L1 ORF1p and ORF2p pro

teins as bait indeed capture high xCpG L1 RNA, as does the innate 

immune sensor ZCCHC3, which was recently linked to the CpG- 

dependent ZAP sensor,77 further validating our approach. These 

data confirm that our predicted functional L1 transcripts are 

indeed binding the L1 ORF2p reverse transcriptase and are 

innate agonists. Moreover, CpG-rich 5′ UTRs in L1 have been 

found to be prone to Z-DNA formation and interaction 

with ZBP1, indicating a second mode by which regions that 

over-represent CpGs can signal innate immunity.5 These results 

suggest another aspect of the repeat-centric model whereby 

active L1 species derive a selective benefit from innate immune 

restriction, as undetected L1 species would have a deleterious 

effect on cellular and potentially organismal fitness (e.g., through 

ORF2p-derived endonuclease-induced DNA damage and a 

highly processive insertion mechanism).78 Therefore, several 

lines of evidence presented here suggest that there are aspects 

of the repeat life cycle that favor PAMP enrichment. However, we 

would expect these selective pressures to be repeat family spe

cific, given differences in different family lifecycles.

Our alternative organism-centric hypothesis is that repeat- 

associated PAMPs directly enhance organismal fitness by acting 

as a signal of dysregulated cells, triggering inflammation and 

improving the chances of eliminating dysregulated cells by pro

grammed cell death or by immunosurveillance. Thereby, repeats 

are consistently selected to be enriched in PAMPs across many 

independent introductions across species. This scenario repre

sents a novel form of repeat ‘‘domestication,’’ a reversal of the 

typical scenario where a genetic parasite selfishly co-opts host 

functions: here, the host co-opts features of the parasite, 

leveraging them with potentially profound consequences for 

the organism. Repeats may be domesticated for other purposes, 

particularly in differentiated cell states. For instance, Alus can 

become hotspots for RNA editing or altered gene expres

sion,79–82 or HSATII may have a DNA-regulatory function, as its 

DNA sequences can sequester chromatin-regulatory proteins 

and trigger epigenetic change.83 We argue that the innate im

mune system provides an independent explanation for how the 

endogenous repeat landscape is broadly shaped, as it has a 

non-specific function, separated from the regulation of a partic

ular gene. We hypothesize that repeats are prone to forming 

PAMPs through their sequence similarity and rate of generation, 

such as the high rate of inversion from L1-mediated reverse 

transcription.48,84

A consequence of this hypothesis is that viral mimicry is 

capable of exerting a selective pressure on cells, as has been 

proposed during development.21,22 In this sense, our framework 

assigns a quantitative phenotype to classes of non-coding RNA 

that can be used to help interpret RNA expression data. Such a 

genotype-phenotype map is an important open problem in RNA 

biology.85 Our recent work has shown viral mimics impact can

cer evolution in pancreatic cancer25; however, a lack of early- 

stage cancer datasets often prevents an analysis of how the 

mimicry response acts earlier in cancer evolution. We analyzed 

a published early-stage dataset in melanoma,86which had 

shown early expression of repeats to be associated with inflam

matory signaling and better outcomes. Similarly, we found that 

premalignant lesions of the fallopian tube show early expression 

of dsRNA-forming repeats and the consequent chronic viral 

mimicry response shapes the antitumor immune response 

post-transformation.27 Likewise, chronic interferon signaling 

has been linked to resistance to immunotherapy.87 An initial 

analysis shows that stratifying patients using the dsRNA force 

annotations and RNA expression is associated with survival 

(Figure 6), consistent with our hypothesis that viral mimicry is a 

fitness challenge for tumors with translational implications. Addi

tionally, in cell lines where drugs inhibited RNA splicing and 

induced intron retention,88 we found the overexpression of re

peats for which we had predicted high xds (Figure S10). Previous 

work hypothesized that dsRNA formed from introns is a check

point against intron retention.89–91 For drugs less associated 

with intron retention, the effect was consistently weakened or 

absent. Collectively taken, this evidence is supportive of the or

ganism-centric hypothesis.

The analysis presented here supports our previous hypothesis 

that regions with the capacity to form dsRNA and enriched for 

CpGs are spread across the genome where they can act as trig

gers for a broader viral mimicry warning system upon disruption 

of several cellular processes, including DNA methylation, chro

matin organization, and RNA metabolism.92–95 One such warn

ing signal is the expression of transcriptionally repressed repeats 

after mutations in p53, a key sensor of DNA damage. Therefore, 

repeat expression can serve as a backup for p53 loss of func

tion.20,27,96 Indeed, the ancient age of some innate receptors, 

such as dsRNA receptors; the clear co-evolution of zinc-finger 

proteins with transposons94; and evidence of potential dsRNA- 

forming SINEs other than Alus (Figures S7 and S8) together sug

gest that viral mimicry is an ancient and broad metazoan charac

teristic. The DNA-damage response and innate immunity may 

well have co-evolved over long evolutionary timescales. By 
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Figure 6. Using the double-stranded force framework to interpret 

clinical data 

Kaplan-Meier curves stratified by mean expression of SINEs originating from 

loci with predicted high dsRNA force (xds > 0:5) in red (N = 18) and low pre

dicted form in blue (N = 26), based on survival data in the Badal et al. melanoma 

cohort (p = 0.0022, log-rank test; STAR Methods).
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quantifying loci prone to forming PAMPs, future work will be able 

to define the mechanisms of PAMP formation in the genome with 

greater specificity, such as the coupling of specific active LINE 

elements to dsRNA formation by SINE elements in trans, their 

evolutionary age, and specific SINE subfamilies.

We hypothesize that this repeat-mediated immune response 

is particularly important during development, a time when an 

acute infection, transcriptional dysregulation, or genome-desta

bilizing endogenous retroelements are potentially catastrophic, 

particularly since the cooperative response of a fully differenti

ated immune system is still lacking. The stem-like cells in early 

cancer may reactivate this response, as we show in melanoma, 

and as tumors progress they likely adapt to evade it. While we 

focused here on two PAMPs, our framework is generalizable to 

other, more complex patterns,11 which comprise the full extent 

of viral mimics in the genome. Our ultimate goal is to learn the 

‘‘PAMP code’’ maintained within genomes.

Limitations of the study

Our study has demonstrated a theoretical framework for capturing 

viral mimicry. However, future work will be needed to fully eluci

date the breadth and mechanisms underlying this phenomenon. 

This can be challenging, as viral mimicry often emanates from re

petitive regions of the genome, where traditional genetic tools can 

lack in efficacy. An additional limitation is the lack of complete dif

ferentiation between innate immune function and other regulatory 

functions that repeats may perform as they are domesticated into 

the genome, particularly given one is not entirely exclusive of the 

other. Our study also suffers from less thorough annotation of re

peats and study of their function outside of humans and model or

ganisms such as mice, zebrafish, and yeast.

RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and will 

be fulfilled by the lead contact, Benjamin D. Greenbaum (greenbab@mskcc. 

org).

Materials availability

This study did not generate new materials.

Data and code availability

• J2 RIP-seq data of the POP92 cell line are deposited under Gene 

Expression Omnibus (GEO) series GEO: GSE305619, and matched 

RNA-seq control data are deposited under series GEO: GSE145639. 

ZCCHC3 and ORF1p RIP-seq data for N2102Ep cell line with 250-bp 

reads are deposited under GEO series GEO: GSE305618. ORF1p and 

ORF2p RIP-seq data with 50-bp reads are deposited under series 

GEO: GSE280626.

• Code for the computation of dinucleotide forces is available in the following 

public repository: https://github.com/crankycrank/DimerForces (DOI: 

https://doi.org/10.5281/zenodo.16576248).

• Code for the computation of dsRNA forces is available in the following 

public repository: https://github.com/adigioacchino/DSForces.jl (DOI: 

https://doi.org/10.5281/zenodo.16616688).
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STAR★METHODS

KEY RESOURCES TABLE

METHOD DETAILS

Experimental methods

RNA extractions and co-immunoprecipitations (RIP) from embryonal carcinoma cells

Embryonal carcinoma cells were cultured at 37◦C in humidified incubators maintained with 7% CO2 atmosphere. N2102Ep Clone 

2/A6 cells (Merk, #06011803) were cultured in DMEM (high glucose, no sodium pyruvate; Thermo Fisher, #11965092), supplemented 

with 10% (v/v) fetal bovine serum, 1x penicillin/streptavidin and 2 mM Glutamine (Thermo Fisher, #25030024). Large-scale growth, 

harvesting, cryo-milling, and co-IP was achieved as previously described,52,98–100 and summarized as follows. α-ORF1p-, α-ORF2p-, 

and α-ZCCHC3-targeted co-IPs used in-house made101 magnetic affinity media: for α-ORF1p [15 μg antibody/mg magnetic beads], 

we used the 4H1 monoclonal antibody (Millipore Sigma, #MABC1152); for α-ORF2p [10 μg/mg magnetic beads] we used the clone 9 

monoclonal antibody97; for α-ZCCHC3 [10 μg/mg magnetic beads] we used the rabbit polyclonal antibody (Proteintech, #29399-1- 

AP). Co-IPs were conducted using 100 mg cell powder, extracted at 25% (w/v) in 20 mM HEPES pH 7.4, 500 mM or 300 mM NaCl, 

1% (v/v) Triton X-100, 1x protease inhibitors (Roche, #1187358001), and 0.4% (v/v) RNasin (Promega, #2515). Centrifugally clarified 

cell extracts were incubated with affinity medium (20 μL of slurry for α-ORF1p and α-ORF2p, later used in 50bp RIP-seeq as 

described26 and 15 μL of slurry for α-ORF1p and α-ZCCHC3 later used in 250bp RIP-seq) for 30 min at 4◦C. The solutions were 

made with nuclease-free H2O and experiments were conducted using nuclease-free tubes and pipette tips. Macromolecule extrac

tions performed on this cell line as described typically yielded between 450 and 500 μL of soluble extract at 6–8 mg/mL of protein as 

assessed by Bradford assay (Thermo Fisher, #23200). After target capture, washing the media was performed with the same solution 

without protease inhibitors and with RNasin at 0.1% (v/v). RNAs were eluted from the affinity media after RIP with 250 μL of TRIzol 

Reagent (Thermo Fisher, #15596026). After adding chloroform to the TRIzol eluate, the separated aqueous phase (containing RNAs) 

was obtained using Phasemaker tubes (per manufacturer’s instructions; Thermo Fisher, #A33248), and was then combined with an 

equal volume of ethanol and further purified using a spin-column according to the manufacturer’s instructions (Zymo Research, 

#R2060). For α-ZCCHC3 co-IP, two 100 mg-scale preparations were pooled prior to spin column purification. Eluates from α-ORF1p 

and α-ORF2p co-Ips, later used in 50-bp RIP-seq, were not treated with DNase I on-column, this was done during the sequencing 

library preparation (described, below); eluates from α-ORF1p and α-ZCCHC3 later used in 250-bp RIP-seq were DNase I treated on- 

column. Purified nucleic acids from all co-IPs were eluted in 6-10μL of nuclease-free water; 0.5-1μL was used for quality analysis and 

the remainder conserved for RNA-seq. Mock RNA co-IP controls were prepared in an identical manner using either naive polyclonal 

mouse IgG (control for α-ORF1p; Millipore Sigma, #I5381) or naive polyclonal rabbit IgG (control for α-ORF2p: Innovative Research, 

#IRBIGGAP10MG; control for α-ZCCHC3: Millipore Sigma, #I5006). Total RNA controls were prepared by combining up to 35 μL of 

the clarified cell extracts with up to 500 μL of Trizol, vortex mixing for 1 min, then snap freezing in liquid N2 - and then later proceeding 

as above.

REAGENT or RESOURCES SOURCE IDENTIFIER

Cell lines

N2102Ep Clone 2/A6 cells Merck 06011803

POP92 Princess Margaret Cancer Center N/A

Antibodies

α-ORF1p 4H1 monoclonal ab Millipore, Sigma MABC1152; RRID: AB_2941775

α-ORF2p Abcam in house97

α-ZCCHC3 Proteintech 29399-1-AP; RRID: AB_2918294 

Naive polyclonal rabbit IgG (control for 

α-ZCCHC3)

Millipore, Sigma I5006; RRID: AB_1163659

Naive polyclonal mouse IgG (control for 

α-ORF1p)

Millipore, Sigma I5381; RRID: AB_1163670

Naive polyclonal rabbit IgG (control for 

α-ORF2p)

Innovative Research RBIGGAP10MG; (no RRID)

J2 SCICIONS 10010500; RRID: AB_2651015
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cDNA library preparation and RNA-Immunoprecipitation sequencing (RIP-seq)

50bp α-ORF1p and α-ORF2p RIP-seq

RNA extractions were quantified and quality controlled using RNA Pico Chips (Cat. #5067-1513) on an Agilent 2100 BioAnalyzer. 

RNA-Seq cDNA libraries were prepared using the Trio RNA-Seq Library Prep kit (Tecan, #0357-A01) with AnyDeplete Probe Mix- 

Human rRNA (Tecan, #S02305). DNase treatment preceded cDNA synthesis. cDNA synthesis: 3 - 5ng of input RNA from α-ORF1p 

RIPs and mock IPs, 1 ng from α-ORF2p RIPs and mock IPs, and 50 ng of total RNA were used with 8 (2 + 6) cycles of pre-depletion 

PCR library amplification and 8 (2 + 6) cycles of post-depletion amplification; the libraries were purified using Agencourt AMPure XP 

beads (Beckmann Coulter), quantified by qPCR, and the size distribution was checked using the Agilent TapeStation 2200 system. 

Final libraries were sequenced, paired-end, at 50 bp read-length on an Illumina NovaSeq 6000 v1.5 with 2% PhiX spike-in.

250bp α-ORF1p and α-ZCCHC3 RIP-seq

RNA extractions were quantified and quality controlled using an Agilent TapeStation 4200 and High Sensitivity RNA ScreenTape (Agi

lent, #5067–5579). RNA-seq cDNA libraries were prepared using the SMARTer Stranded Total RNA-Seq Kit v3 - Pico Input Mamma

lian (Takara, #634485), including rRNA depletion during library construction. cDNA synthesis: 5 ng of input RNA from α-ORF1p RIPs, 

α-ZCCHC3 RIPs and total RNA, and 1 ng of input RNA from mock IPs were used with 5 cycles of pre-depletion PCR amplification and 

12 cycles (α-ZCCHC3 RIPs and total RNA) or 14 cycles (mock IPs) of post-depletion amplification. Libraries were purified using 

NucleoMag beads supplied in the library preparation kit and subsequently quantified using the Qubit 4 Fluorometer and the Qubit 

dsDNA HS assay kit (Invitrogen, #Q32854). The size distribution was checked using the TapeStation 4200; noting that primer dimers 

(∼ 150bp) were persisted in the mock IP libraries (motivating an additional round of cleaning). To treat all libraries equally, they were 

pooled in a 4:4:4:1 ratio (α-ORF1p RIPs, α-ZCCHC3 RIPs:total RNA:mock IP) based on molarity of fragments of interest (range ∼ 200- 

1000 bp). An additional round of cleanup with NucleoMag beads was done to remove the primer dimers. A size selection of the final 

library pool was performed on a 2% E-gel EX (Invitrogen, #G401002) to exclude small fragments (less than about 200bp) and the DNA 

was eluted from the gel slices using the Zymoclean Gel DNA Recovery Kit (Zymo, #D4001), followed by quantification (Qubit) and 

quality control (TapeStation). Final libraries were sequenced, paired-end, at 250bp read-length on an Illumina NovaSeq 6000 

platform.

RIP-seq read mapping and quantification

Reads were mapped to the hg38 genome for human samples using STAR v2.7.7a taking into account known splice sites from Gen

code annotation.102 STAR mapping parameters were set to as described in Software Quantifying Interspersed Repeat Expression 

(SQuIRE).103 Quality filtered reads were mapped to annotated repeat loci in SQuIRE. SQuIRE pipeline quantifies locus-specific repeat 

expression by redistributing multi-mapping read fractions in proportion to estimated TE expression with an expectation maximization 

algorithm. Samples extracted at 300mM and 500mM NaCl were used as replicates to increase statistical power after checking for 

transcript composition similarity (Figure S3).

CpG quantification for repeats in hg38

Sequences of repeats were extracted from hg38 based on the coordinate annotation in RepeatMasker. xCpG was then calculated for 

those hg38 derived repeat sequences. L1 inserts reported in RepeatMasker are considered intact whenever they have minimum 80% 

overlap with inserts annotated as full-length intact in the L1Base database.

Selection of RIP-Seq enriched repeats/transcripts

Samples extracted at 300mM and 500mM NaCl were used as replicates to increase statistical power after checking for transcript 

composition similarity (via hierarchical clustering). Targeted protein enriched transcripts were selected by Log2(Co-IP/mock) > 3, 

Log2(Co-IP/total RNA) > 3, and Benjamini-Hochberg adjusted p value < 0.05. Similarly, target protein depleted transcripts were 

selected by Log2(Co-IP/mock) < − 3, Log2FC(Co-IP/total RNA) < − 3, and Benjamini-Hochberg adjusted p value < 0.05 for samples 

collected using the same extraction and sequencing protocol and, Log2(Co-IP/mock) < − 1, Log2FC(Co-IP/total RNA) < − 1 was used 

for selection when comparing results generated using different protocols.

Immunoprecipitation of double-stranded RNA by J2 antibody

The patient-derived colon cancer stem cell (CSC)-enriched spheroid line POP92 was used for J2 immunoprecipitation.104,105 Protein 

G Dynabeads were washed twice and resuspended in antibody conjugation buffer (1x PBS, 2mM EDTA, 0.1% BSA (w/v). 5 μg of anti- 

dsRNA mAb (J2) (SCICONS, cat# 10010500) were bound to 30 μL of washed beads overnight at 4◦C on a rotating wheel. 107 POP92 

cells per IP were fixed with 0.1% paraformaldehyde at room temperature (RT) for 10 min. Immediately, cells were quenched by add

ing glycine and washed twice with cold PBS. Crosslinked cells were lysed in lysis buffer (20mM Tris [pH 7.5], 150mM NaCl, 10mM 

EDTA, 10% Glycerol, 0.1% NP-40, 0.5% Triton X-100, supplemented with protease inhibitor tablet) for 15 min on ice. Following a spin 

at 12,000g at 4◦C for 15 min, supernatant was transferred to a new eppendorf. The lysate was then immunoprecipitated using 30 μL 

antibody-conjugated Dynabeads per IP reaction overnight at 4◦C in a rotator. Following magnetic separation, beads were washed 

three times with high salt wash buffer (20 mM Tris pH 7.5, 500 mM NaCl, 10 mM EDTA, 10% glycerol) and resuspended in 1X TBS. Per 

IP, 2 μL of Promega RNasinPlus RNase inhibitor (Fisher Scientific, PRN2611) and 0.5 μL of proteinase K (NEB, P8107S) was added. 

Decrosslinking was performed for all the IP samples at 65◦C for 15 min. The Direct-zol RNA MiniPrep kit (Zymo Research, R2051) was 

used to extract RNA from IP supernatant. Samples were treated with Turbo DNase to remove any DNA contamination in the extracted 

RNA. Library prep was performed using Illumina Stranded total RNA ligation with Ribo Zero plus according to the manufacturers pro

tocol. Samples were sequenced on a NovaSeq 6000 using paired end reads with 100 cycles.
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Analysis of J2 immunoprecipitation RNAseq

RNAseq controls not enriched with J2 antibody from untreated POP92 cells were downloaded from GEO (submission GEO: 

GSE145639; samples GEO: GSM4322694 and GEO: GSM4322693).16 25 bp of J2 RNAseq reads were cut off with cutadapt to match 

the length of RNAseq control reads. All samples were aligned to the human genome hg38 using STAR with default settings.102 BAM 

files were sorted using samtools. The compressed xds table was used to count fragments in the RNAseq data, see above for details 

on how this table was generated. The table describes windows for the genome as well as a complementary sequence which can form 

a double stranded sequence. Every complementary sequence has a seqA and a seqB part which was split into two different files. 

featureCounts was used to count the number of fragments aligning to seqA and seqB in J2 and RNAseq control BAM files including 

information about strand and reporting multimapping and muti-overlapping reads as fractional counts.106 Counts for each seqA and 

seqB were then merged for each complementary sequence. For each complementary sequence log2FC (mean J2/mean control) was 

calculated.

Analysis of MDA5 protection assays

Raw sequencing data was downloaded from GEO: GSE103539 and GEO: GSE14563969 and aligned to hg38 using STAR. The 

following settings were used to increase the mapping due to the repetitive nature of the data16: –outFilterMultimapNmax 1000 –out

SAMmultNmax 1 –outFilterMismatchNmax 10 –outMultimapperOrder Random –winAnchorMultimapNmax 1000. After mapping, the 

data were processed as described above for J2 immunoprecipitation.

QUANTIFICATION AND STATISTICAL ANALYSIS

Quantification of forces on sequence features

We define a Maximum Entropy (MaxEnt) framework107 to determine the least constrained probability distribution over the set of se

quences s = {s1; s2…sL} of length L compatible with the observed occurrences (measurement) of a set of M features N = {N1;

N2…NM}. The distribution is written as

P(s|x) =
1

Z(x)
exp

(
∑M

m = 1

xm Nm(s)

)

: (Equation 1) 

Here Z(x) is a normalization factor:

Z(x) =
∑

s′

exp

(
∑M

m = 1

xm Nm(s
′)

)

; (Equation 2) 

where the sum runs over all possible sequences s′ having length L. The set of parameters x = {x1;x2;:::;xM}, hereafter called selective 

forces, is chosen so that the average value of each feature over the distribution P matches the observed number of this feature Nobs in 

one or more reference sequences:

Nobs
m =

∑

s

P(s|x) Nm(s) =
∂log Z(x)

∂xm

: (Equation 3) 

The above equalities define a set of M coupled, nonlinear equations, with a unique solution due to the convexity of log Z(x). The 

forces are analogous to chemical potentials in statistical physics.

We use our formalism to calculate selective forces on sequences due constraints imposed by: (1) the force due to potentially immu

nogenic CpG motifs, the CpG force, xCpG; (2) the forces on all nucleic acid motifs with length up to three nucleotides; and (3) the force 

on long complementary sequence stretches the double-stranded force, xds. For the latter case, we also use an equivalent minimal 

model to simplify the calculation. Details on these specific calculations are included in the Supplementary Methods.

Relationship between Maximum Entropy models and population genetic models

We have that the MaxEnt (ME) sequence distribution constraining a particular feature, m, over a set of sequences (e.g., insertions) in a 

single genome is given by:

PME(s) =
1

ZME

∏L

i

p0(si) exp[xmNm(s)]

where p0(si) is the null distribution of genomewide nucleotide usage statistics.

An ensemble of independent populations of sequences following Wright-Fisher (WF) dynamics in the weak mutation regime 

(μN ≪ 1, where μ is the mutation rate and N is the effective population size) can be described by the master equation:

∂tP(s; t) =
∑

r

[ur→sP(r; t) − us→rP(s; t)]

Cell Genomics 5, 101011, December 10, 2025 e3 

Article
ll

OPEN ACCESS



where the assumption is that each population remains essentially monoclonal, i.e., fixation is sufficiently fast. This assumption is sup

ported by the fact that human genomes are not particularly diverse – human pairwise diversity is roughly 0:1%, or roughly 1 single 

nucleotide variant per 1000 base pairs.

Fundamental to our analysis is that, given the reasonable assumptions that insertions of a single repeat family are approximately 

uniformly distributed along the genome and are therefore typically well separated from each other (longer than typical recombination 

length scales and therefore roughly independent from each other), we can make the approximation that a repeat family is an instance 

of such an ensemble. The transition rates between sequences are given by Kimura and Ohta108–110: 

ur→s = μr→sN
1 − e− 2[f(s) − f(r)]

1 − e− 2N[f(s) − f(r)]
:

We have that f(s) is the absolute fitness of a particular sequence, N is the population size, and μr→s is the underlying relative rate of 

the transition r→s. We can derive a stationary distribution:

PWF(s) =
1

ZWF

∏L

i

p0(si)exp[2(N − 1)f(s)]≈ 1

ZWF

∏L

i

p0(si)exp[2Nf(s)]

where the last approximation holds for sufficiently large N111.

The bare nucleotide frequencies p0 are identical between the ME and WF distributions and describe nucleotide usage statistics 

(i.e., a neutral null model where f = 0). In order for the two distributions to be equivalent, we must have:

2Nf(s) = xmNm(s):

Since xm and N do not depend on any particular sequence s, for equality to hold for all sequences, we must have:

f(s) = σNm(s)

where σ can be interpreted as a fitness effect size per unit of feature m. Therefore, the fitness effect size can be given in terms of the 

conjugate force scaled by the population size σ = xm=2N. Note that the actual fitness landscape describing immunological features 

in arbitrary regions of the genome is likely to be more complex than this simple linear model. In addition, the human population size N 
is certainly not fixed over the timescales we are considering. However, this model can be thought of as a first order approximation 

beyond neutral sequence drift.

There are good reasons to assume repeats operate in such a ‘strong selection-weak mutation’ (SSWM) regime to first order. This 

regime is quantitatively delineated by the conditions:

μLN ≪ 1 and |δ|N ≫ 1 

where μ is the per base mutation rate, L is the typical length (in bp) of a repeat locus, N is the effective population size, and δ is the 

typical fitness effect size. It has been estimated that μ ∼ 10− 830 and N ∼ 104112. For the repeat classes we consider, L⪅104 so that 

the first relation typically holds. Likewise, the typical fitness effect size for a sequence s is given by the fitness effect per feature m, 

σ = xm=2N, times the quantification of that feature, Nm(s). Plugging these in to the second condition, we obtain:

|xm| Nm(s)

2
≫ 1:

As is reported in the main text and below, we infer that typically |xm| ∼ O(1) for both the CpG and double-stranded forces so that 

the second condition holds for sequences where Nm(s)≫ 1, i.e., sufficient feature enrichment in an insertion is indicative of strong 

selection. It should be noted the assumptions of our model rely on patterns of fixed sequences, while other selection metrics can rely 

on extant (non-fixed) variation to infer selective coefficients due to selection in progress.33

Evolutionary dynamics of a sequence motif with force relaxation formalism

One can harness the formalism developed in Equations 1, 2, and 3 to study the evolutionary dynamics of number of motifs Nm, as it 

approaches the steady state (equilibrium) value N
avg
m

29. As a sequence evolves it undergoes mutations, which cause changes in the 

number of motifs (and hence associated value of xm). To model the evolutionary dynamics of sequences, we assume the number of 

motifs (Nm) evolves according to a linear response where the rate of change in the number of motifs is proportoinal to the deviation of 

the selective force from its equilibrium value. Such relaxation dynamics is given by

τ
dNm(t)

dt
= − xm(Nm(t))+ xeq

m ; (Equation 4) 

where τ sets the timescale. The number of motifs reaches its stationary (equilibrium) value when xm = x
eq
m at which point the selective 

force is balanced by entropic forces which randomize sequences. For the CpG motif, we set x
eq
m according to the value in the first line 

in Table 1.
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It is convenient to express Equation 4 as
τ

dxm

dt
= −

(
− xm(t) + xeq

m

)
var(xm|Nm) (Equation 5) 

where var(xm|Nm) is the variance of xm for a given Nm.

If we can express var(xm|Nm) as a function of xm, it is possible to obtain a solution of Equation 5 that can then be fitted to the dataset 

with timescale τ, thus providing the approximation of relaxation dynamics, along with the estimate of the time it will take (and hence 

the number of the corresponding sequence motifs m) to reach its equilibrium value. For the case of HSATII and LINE-1 we fit 

var(xm|Nm) as a quadratic function of xm.

Kimura-based model of population genetics for the evolution of sequence motifs

In addition to the force relaxation model introduced above, we present an approach to study the neutral evolution of nucleotide 

sequence motifs based on the Kimura model of sequence evolution. We implement the model numerically and evolve a set of se

quences to provide a null model of neutral sequence evolution. For each simulation step, we pick a random base and mutate it to 

a randomly chosen different base with a given probability. We consider different possible mutation probabilities depending on the 

type of base it is mutating into, as transversion (purine mutating to pyrimidine or vice versa) and transition (purine mutating to purine 

or pyrimidine mutating to pyrimidine) substitutions in sequences have different likelihood.113

Additionally, in vertebrates and plants, mutations in CpG context are known to be more common due to CpG hypermutability.114

Hence, in the model implementation, we use different ratios of mutation rates μTiCpG: μTvCpG: μTi: μTv (corresponding to nucleotide 

transitions and transversions in CpG context and to transitions and transversion in non-CpG context). In particular, we consider pre

viously introduced ratios,113 which are listed in Table 1. The CpG equilibrium force can be computed analytically from the neutral 

relaxation in the Kimura model. As the transition-transversion bias does not affect the number of CpGs at equilibrium we can write 

for the evolution of the number of CpG in a sequence

Nt
CpG = Nt − 1

CpG − 2μNt − 1
CpG +

1

3
γ
(

Nt − 1
C − Nt − 1

CpG

)
+

1

3
γ
(

Nt − 1
G − Nt − 1

CpG

)
(Equation 6) 

while the number of C nucleotides NC evolves as

Nt
C = Nt − 1

C − μNt − 1
CpG − γ

(
Nt − 1

C − Nt − 1
CpG

)
+

1

3
γ
(

L − Nt − 1
C − Nt − 1

CpG

)
+

1

3
μNt − 1

CpG (Equation 7) 

and similarly for the number NG of G nucleotides. In these equations, μ is the probability of a substitution happening in a CpG 

context, and γ is the probability of the mutation happening outside a CpG context, and L is the length of the sequence. At equilibrium, 

we find

NCpG

L
=

1

14r+2 

NC

L
=

NG

L
=

3r+1

14r+2
(Equation 8) 

where r = μ=γ.

We can now compute the corresponding CpG force x
eq

CpG 
using the fact that the force is approximately equal to the logarithm of the 

relative frequency of the dinucleotide motif xCpG≈log(f(CpG)=(f(C)f(G)) )115. The ratios 40:10:4:1, 40:4:4:1 and 40:1:4:1, provide the 

closest approximation to relaxation to the force observed in the genome. For the neutral model, we used the 40:10:4:1 ratio as it was 

closer to the saturated value of xCpG of the LINE-1 elements.

For the schematic figures in the main text (3A and 5A), we simulated the neutral model with the 40:10:4:1 ratio. To illustrate the force 

dynamics corresponding to the preservation of sequence motifs, we ran a Kimura model simulation with a specified number of motif 

occurrences held fixed (200 CpG sites and a 200bp inverted segment, respectively), so that the mutation rate at these sites is effec

tively zero. This corresponds to a large, but inhomogeneous selective pressure on those specific prespecified motifs. For each 

sequence in the simulation, we compute the Kimura distance from the initial sequence and the motif conjugate force.

Analysis of forces across species

Values of xCpG or xds were computed for each 3000 kb sliding window of the genomes of the following species: Pan troglodytes trog

lodytes, Pan paniscus, Gorilla gorilla gorilla, Pongo abelii, Nomascus leucogenys, Canis lupus, Danio rerio, Mus musculus, Rattus 

norvegicus, Equus caballus, Bos taurus, Gallus gallus, Felis catus, Pteropus vampyrus, Caenorhabditis elegans, Saccharomyces 

cerevisiae, Meleagris gallopavo, Erinaceus europaeus, and Ornithorhynchus anatinus, in addition to humans.

To compute the distribution of a force across all windows, the values of that force were sorted numerically and every 100th entry 

was retained (entry number 50, 150, 250, …, etc.). Non-numeric values were excluded. Windows with one or more ambiguous char

acters were excluded. The distribution density was computed using a Gaussian kernel with bandwidth 0.05 as implemented in scikit- 

learn package.116 The density was computed for all points within the target interval ([-5:2] for xCpG, and [-2:3] for xCpG) with a step of 

0.005. We compute the FDR as the ratio of the cumulative area of the null model distribution to the right of the cutoff to the cumulative 
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area of the distribution to the right of the cutoff. The null model distribution is fitted as a Gaussian distribution with the peak at the point 

with the maximal density. The standard deviation was computed using the 20 points to the right of the peak.

For humans and mice, we also performed an additional analysis which excluded both cis-regulatory regions, enhancers and CpG 

islands. Coordinates of enhancers from the FANTOM database were lifted from hg19 to hg38, and mm9 to mm38 using the LiftOver 

program and chain files from UCSC.71,72,117 Coordinates of CpG islands for hg38 and mm38 were downloaded from UCSC (https:// 

genome.ucsc.edu). ‘‘Filtered’’ data for hg38 and mm38 in Extended Data Figure S9 consist only of the windows which have zero over

lap with CpG islands and enhancers. Coordinates of cis-regulatory regions were downloaded from the ENCODE portal (https://www. 

encodeproject.org/) for hg38 and mm10.118

These regions (FANTOM database, ENCODE database, CpG islands) were merged. Values of dsRNA and CpG forces were then 

computed for each window. Non-numeric values were excluded. For CpG force windows with at least one ambiguous character were 

excluded. Sliding windows the forces were computed for were split into overlapping (by any non-zero number of bases) with cis-reg

ulatory regions, enhancers or CpG islands and non-overlapping windows.

Analysis of evolutionary conserved sequences with high xCpG or xds

We considered the genomes of 5 species (Pan troglodytes troglodytes, Pan paniscus, Gorilla gorilla gorilla, Pongo abelii, Nomascus 

leucogenys) in addition to the human genome to look for conserved regions with high xCpG or high xds. After computing both forces for 

each species exactly as we did for the human genome, we considered the set of xCpG > 0 and xds > 0:5. We reduced the number of the 

CpG windows by clustering together all those which overlapped more than 1000 bases, and from each cluster we only considered the 

window with the highest value of xCpG. For the xds windows, we first excluded windows with complementary sequences, as being 

related sequences this would lower the complexity. For each window, we then extracted the subsequence spanning the pair of com

plementary sequences. Finally, we clustered together all overlapping sequences and from each cluster we only considered the win

dow with the highest value of xds.

We then ran the Basic Local Alignment Search Tool (BLAST) to compare each of these sequences with high xCpG or high xds ex

tracted from the human genome and we retained any significant match (whenever one sequence of a given organism matched with 

more than one human sequences we only kept the match with the highest BLAST score).119 The result of this procedure consists of 

two sets of sequences for each organism that are alignable to human sequences, one for the high xCpG and one for the high xds. We 

then computed the overlaps between the set A of high xCpG (or high xds) organism sequences and that of the human, B, defined as

O(A;B) =
|A ∩ B|

min(|A|; |B|)
; (Equation 9) 

where a sequence of A belongs to the intersection A ∩ B if and only if it is alignable with significant score by BLAST to a sequence of B. 

|A| is the size of the set A.

To plot the overlaps versus the time since the most recent common ancestor, we have taken the latter from,75 obtaining 6.6 million 

of years ago for Homo Sapiens, Pan troglodytes troglodytes and Pan paniscus; 8.9 for Homo Sapiens, Pan troglodytes troglodytes, 

Pan paniscus and Gorilla gorilla gorilla; 13.8 for Homo Sapiens, Pan troglodytes troglodytes, Pan paniscus, Gorilla gorilla gorilla and 

Pongo abelii; and 16.3 for all the primate species considered here.

Afterward we focused on the annotations in RepeatMasker120 and Dfam121 databases to check for potential overlaps of the 

conserved sequences with annotated repeats in the human genome. For the set of high-CpG sequences we used the Dfam dataset 

as we found a better annotation for HSATII with respect to the one in RepeatMasker. We associated each conserved high-CpG 

sequence with a repeat if the corresponding window overlapped with its position as annotated in the database (for the windows over

lapping with more than one annotated repeats, the one with the largest overlap was considered).

For the set of xds sequences we used the RepeatMasker dataset. In this case, each xds window is characterized by two fully 

complementary sequences, and we searched for repeats overlapping with each of them (when overlaps with multiple repeats 

were found, the one with the largest overlap was considered). We observed 3 different cases: one or two of the two sequences 

do not overlap with any repeat annotated in RepeatMasker; each sequence overlapped with a repeat, both being of the same 

family and annotated in the two strands of the genome, e.g., one sequence overlapping with AluS+ and one with AluS- (IR re

peats); each sequence overlapped with a repeat, but of different families or of the same family but on the same strand of the 

genome (non IR repeats).

Sequence ensembles

The LINE-1 sequences were obtained from L1Base2 database.44 We separately downloaded all the sequences annotated as full- 

length intact and hence are more likely to still be active (146 for human genome and 2811 for mouse genome), and sequences an

notated as full-length non-intact (13148 for human genome and 14076 in mouse genome). Full-length intact sequences contain both 

an intact open reading frame and ‘‘the two ORFs, 5′ UTR-located internal promoter and 3′ UTR regions LINE-1s" (https://l1base. 

charite.de/l1iterature.php#l1s). We separately aligned each of the non-intact sequences with each of the respective intact sequences 

using pairwise alignment and calculated the Kimura distance between the sequences.122 We then calculated the average distance for 

each of the non-intact sequences from the intact-sequences, and furthermore calculated the number of CpG motifs in each 

sequence.
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Sequences of all inserts of HSATII and all other Human Genome repetitive elements considered in this work have been obtained 

from the Dfam database64 (version introduced in 2016). Each family of sequences in the Dfam database contains sequences of all its 

inserts in the human genome and their consensus sequence, as well as with the hidden Markov Chain Model (HMM) that we use to 

align inserts with respect to the consensus sequence. For comparison of sequences of inserts with respect to their consensus 

sequence, we only consider inserts of length longer than 150 bases. To quantify the difference between the insert sequence and 

the consensus sequence, we use the Kimura distance122 between the consensus and its inserts.

We note that we use the Kimura distance123 from the consensus sequence (for inserts from Dfam) or from average of all full-length 

non-intact sequences (for LINE-1s from L1Base2) as a measure of time, assuming that it is proportional to the time since insertion of 

the particular transposable element into the species genome. All the sequences studied in this work have been obtained from hg38 

genome assembly.

Search of long transcripts with complementary regions

We scanned the hg38 genome assembly for transcripts that can be possible source of long duplex formation. To this aim, for each 

window of length 3000 bases (taken in the positive sense of the read), we calculate the double-stranded force xds from

Nobs
ds (L; xds)≈ log L

log
1

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
exp(xds)α

√

+ c;

using the window-specific nucleotide frequencies to obtain α as further defined in the Supplementary Methods.

We considered windows resulting in xds > 0:5 as having a high double-stranded force when compared to the rest of the genome.

Sequence complexity quantification

We use an approximation of Kolmogorov complexity124 to quantify how ‘‘non-trivial" complementary segments are. Adopting an 

approach,125 we use the size (in bytes) of the sequence compressed with gzip software as a proxy of the Kolmogorov complexity. 

Simple sequences, e.g.,e.g. poly(AT) or poly(C) and poly(G), will have low complexity, as they can be compressed to a smaller size 

than a completely random sequence of the same length (which would have maximum complexity).

Estimate of genome regions with high double stranded force

To estimate xds for a given repeat loci, we intersect each repeat loci with the calculated 3kb genomic windows that have high dsRNA 

forces (xds > 0:5). The Start and End coordinates of the corresponding dsRNA sequence pairs, which overlap with the repeat loci that 

match the criteria: |log2FC(treated/untreated)| > 0.5 and FDR < 0.05, were used to annotate different genomic features. We counted 

the genomic features of the predicted double-stranded RNA sequences that overlap with the upregulated repeats (log2FC > 0.5 and 

FDR < 0.05), and of those that overlap with the downregulated repeats (log2FC < − 0.5 and FDR <0.05). These counts have been 

compared with the genomic feature counts of all dsRNA sequences that overlap with the transcribed repeats to calculate the 

odds ratio and p value using the Fisher Exact test.

Analysis of repeats for splice inhibitors

Raw RNAseq data (GEO: GSE95011) associated with the Seiler et al. study126 was downloaded from NCBI. Briefly, reads were 

trimmed and quality checked using skewer and then mapped to the human genome (hg38) and repetitive elements from Re

pBase.127,128 In quality check, Illumina reads were trimmed to remove N’s and bases with quality less than 20. After that, the quality 

scores of the remaining bases were sorted, and the quality at the 20th percentile was computed. Reads quality less than 15 at the 

20th percentile or shorter than 40 bases were discarded. Only paired reads that passed the filtering step were retained, and mapped 

to the reference genome (hg38) using STAR (v2.7) with default parameters.102 Gene counts were assigned based on Gencode anno

tation using featureCounts (Subread package) with the external Ensembl annotation. Repeat counts for a given subfamily were pri

marily quantified against RepeatMasker using featureCounts and then adding the counts of the unassigned reads that mapped to the 

Repbase consensus sequence. The repeat counts of a given family is therefore the sum of mapped reads to RepeatMasker and un

mapped reads against Repbase.

Analysis of repeats for melanoma cohort

Raw RNAseq data (GEO: GSE98394) associated with the Badal et al.86 study was downloaded from NCBI. Reads were mapped to 

hg38 using STAR102 (v2.7) with parameters set as described in Software Quantifying Interspersed Repeat Expression.103 Kaplan-Me

ier survival curves were generated using the survfit function from the R survival package, with the significance of differences in sur

vival between high and low expression groups evaluated using the log-rank test via the survdiff function. Double-stranded forces 

were calculated for inverted SINE elements near an ancohred SINE element.26 Mean expression levels of SINE loci with high dsRNA 

force and fpkm > 30 were calculated to stratify samples.

Cell Genomics 5, 101011, December 10, 2025 e7 

Article
ll

OPEN ACCESS



Counts filtering, normalization and statistical analysis

Gene expression in terms of log2-CPM (counts per million reads) was computed and normalized across samples using the TMM 

(trimmed-mean of M-values) method using the calcNormFactors() and cpm() functions from edgeR.129 These low-count values 

(CPM < 2) were removed before calculating the size factor for each sample. Filtered CPM was log2 transformed and used in heatmap 

visualization and downstream statistical analysis. On the heatmap, repeats (rows) were scaled by Z score scaling. Differential expres

sion analysis was performed using limma130 between splicing modulator H3B-8800 treated versus DMSO treated SF3B1-K700 

mutated cell line k562 for a given locus. The adjusted p-values were calculated using the Benjamini-Hochberg correction.131
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