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SUMMARY
RAS genes are the most frequently mutated oncogenes in cancer, yet the effects of oncogenic RAS
signaling on the noncoding transcriptome remain unclear. We analyzed the transcriptomes of human
airway and bronchial epithelial cells transformed with mutant KRAS to define the landscape of KRAS-regu-
lated noncoding RNAs. We find that oncogenic KRAS signaling upregulates noncoding transcripts
throughout the genome, many of which arise from transposable elements (TEs). These TE RNAs exhibit dif-
ferential expression, are preferentially released in extracellular vesicles, and are regulated by KRAB zinc-
finger (KZNF) genes, which are broadly downregulated in mutant KRAS cells and lung adenocarcinomas
in vivo. Moreover, mutant KRAS induces an intrinsic IFN-stimulated gene (ISG) signature that is often
seen across many different cancers. Our results indicate that mutant KRAS remodels the repetitive non-
coding transcriptome, demonstrating the broad scope of intracellular and extracellular RNAs regulated
by this oncogenic signaling pathway.
INTRODUCTION

Most of the human genome is noncoding and transcribed into

RNA (Djebali et al., 2012). Moreover, about half of the human

genome is comprised of transposable elements (TEs) (Lander

et al., 2001), and TEs contribute substantially to the noncoding

transcriptome (Kelley and Rinn, 2012; Rinn and Chang, 2020).

TE RNAs (Burns, 2017) and other classes of noncoding RNAs

are often altered during cancer (Slack and Chinnaiyan, 2019)

and epigenetic reprogramming (Kim et al., 2015), where activa-

tion of RAS signaling leads to the repression of microRNAs

(Kent et al., 2010) and the upregulation of long noncoding

RNAs (lncRNAs) (Kim et al., 2015), respectively, via changes in

chromatin accessibility. In lung cancers, RAS mutations are pre-

sent in one-third of lung adenocarcinomas (Cancer Genome

Atlas Research, 2014) and serve as driver mutations that initiate

tumorigenesis (Jackson et al., 2001). Although RAS genes are
This is an open access article und
among the most frequently mutated oncogenes in cancer (Si-

manshu et al., 2017), how oncogenic RAS signaling regulates

the noncoding transcriptome remains unknown.

To investigate the role of mutant KRAS in reprogramming the

transcriptome during early stages of cellular transformation, we

characterized the composition of both intracellular and extracel-

lular RNA, including protein-coding RNA, lncRNA, and TE RNA,

using human airway epithelial cells (Lundberg et al., 2002) and

human bronchial epithelial cells (Ramirez et al., 2004) with

constitutively active mutant KRAS. We show that oncogenic

KRAS induces TE RNA and cell-intrinsic interferon (IFN)-stimu-

lated gene (ISG) signatures and that KRAB zinc finger (KZNF)

genes are globally downregulated both in vitro and in mutant

KRAS lung adenocarcinomas in vivo. Moreover, our findings

indicate that significant upregulation and extracellular secretion

of TE RNAs and ISGs are transcriptomic signatures of mutant

KRAS signaling.
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Figure 1. Mutant KRAS signaling activates an intrinsic ISG signature

(A) Volcano plots depicting significant differential expression observed in key gene sets (interferon [IFN] response alpha/gamma: IFN, KRAS signaling up: KRAS,

zinc-finger genes: ZNF).

(legend continued on next page)
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RESULTS

Transcriptomic reprogramming by mutant KRAS
To determine the transcriptomic landscape of protein-coding

and noncoding RNAs regulated by oncogenic RAS signaling,

we performed RNA sequencing (RNA-seq) on human airway

epithelial cells (AALE) that undergo malignant transformation

upon the introduction of mutant KRAS (Lundberg et al., 2002).

We compared the transcriptomes of AALE cells transduced

with control lentiviral vector to AALEs that were transduced by

mutant KRAS-containing lentiviral vector and performed differ-

ential expression analysis. We identified thousands of signifi-

cantly differentially expressed protein-coding RNAs (n = 1,028

upregulated, n = 1,194 downregulated), including ISGs, KRAS

signaling genes, and zinc-finger genes (Figures 1A and S1A),

as well as hundreds of significantly differentially expressed

lncRNAs (n = 116 upregulated, n = 163 downregulated) (Fig-

ure S1A), demonstrating the broad extent to which mutant

KRAS reprograms the transcriptome (Figures S1A and S1B).

Mutant KRAS induces intrinsic ISG expression
To explore the biological pathways that are perturbed by onco-

genic RAS signaling, we performed gene set enrichment analysis

(GSEA) (Powers et al., 2018) using genes that were differentially

expressed in our mutant KRAS AALE cells. GSEA revealed that

the three most significantly enriched pathways were the IFN-a

and -g responses, as well as the hallmark inflammatory response

(Figure 1B), along with increased KRAS signaling from mutant

KRAS(G12D), increased metabolic gene expression, and

decreased expression of epithelial-to-mesenchymal transition

(EMT) genes (Figure 1B).

To further validate the connection observed between mutant

KRAS and ISG expression, we compared mutant KRAS-

induced ISGs in AALE cells to those that were induced in hu-

man bronchial epithelial cells (HBECs) in response to mutant

KRAS(G12V) (Figure S1C). We observed a strong concordance

between mutant KRAS-induced ISGs in AALE and HBEC cells

(Figure 1C), confirming our previous results. We then examined

the promoter regions (±500 bp) of upregulated ISGs and iden-

tified motifs enriched in comparison to non-differentially ex-

pressed (DE) ISGs (Figure 1D), including the key IFN response

regulators IRF1, IRF7, and STAT2 (Jefferies, 2019). To deter-

mine the in vivo relevance of our findings in both mutant

KRAS AALE and HBEC cells, we examined ISG expression in

mutant KRAS(G12D) lung adenocarcinomas (LUAD) from The

Cancer Genome Atlas (TCGA), which revealed a subset of

ISGs that were upregulated in KRAS(G12D) tumors when

compared to lung cancer samples with wild-type (WT) KRAS

(Figure 1E). These results indicate that mutant KRAS signaling

activates an intrinsic ISG response in lung cells both in vitro

(AALE, HBEC) and in vivo (TCGA LUAD).
(B) Significant gene set enrichment analysis (GSEA) results observed in mutant

normalized enrichment score (NES), and annotated with the number of genes ob

(C) Differential expression of ISGs in mutant KRAS AALEs compared to mutant K

(D) Differentially expressed transcription factors (TFs) with binding motifs enriche

(E) Hierarchical clustering of expression Z score in TCGA LUAD RNA-seq data fo

LUAD samples based on KRAS G12D mutation status; presence of IRF9/1/7 bin
Epigenetic reprogramming of ISGs by mutant KRAS
To elucidate potential mechanisms involved in inducing

ISG signatures in mutant KRAS AALE cells, we performed

the assay for transposase-accessible chromatin using

sequencing (ATAC-seq) (Buenrostro et al., 2015). In mutant

KRAS AALEs, open chromatin was significantly enriched at

gene promoters for upregulated ISGs (Figure 2A). Open chro-

matin peaks were uniquely present in mutant KRAS AALEs

when compared to control AALEs at 183 transcriptional start

sites (TSSs), including 11 ISGs that were specifically and

significantly upregulated by mutant KRAS signaling (Fig-

ure 2B). In addition, we observed strong enrichment of

ATAC signal at the TSS of the significantly upregulated IRF9

gene, which forms the ISGF3 transcription factor (TF) com-

plex with STAT1 and STAT2 (MacMicking, 2012), and also

strong enrichment at the TSS of IRF7, IFI27, OAS2, IFI44,

and MX1 (Figure 2C). In conjunction with the motif enrichment

analysis (Figure 1D), these results show that oncogenic KRAS

signaling induces the epigenetic activation of ISG TFs and

their downstream ISG targets.

The genome-wide effects of mutant KRAS-mediated epige-

nomic reprogramming were further assessed with the Genome

Regions Enrichment of Annotations Tool (GREAT) (McLean

et al., 2010). GREAT analysis orthogonally confirmed the enrich-

ment of accessible chromatin regions near ISGs and showed the

enrichment of related molecular functions, including double-

stranded RNA binding. Notably, the cellular components most

enriched were extracellular in nature, including extracellular

vesicle and extracellular exosome (Figure 2D).

Mutant KRAS reprograms the extracellular
transcriptome
To test whether extracellular RNAs secreted from mutant KRAS

cells also exhibit differential expression relevant to intracellular

reprogramming events, we isolated extracellular vesicles from

the culture media of control and mutant KRAS AALEs (Enderle

et al., 2015; Liu et al., 2017). Extracellular vesicles isolated

from mutant KRAS AALEs comprised different sized vesicles

that were �90, �150, and �213 nm in diameter, while vesicles

from control AALE media were predominantly �196 nm in size

(Figure 3A).

RNA isolated and sequenced from these vesicles exhibited

mutant KRAS-dependent differential expression of both pro-

tein-coding genes (n = 17 upregulated, n = 140 downregulated)

and lncRNA (n = 5 upregulated, n = 8 downregulated)

(Figures 3B and S2A). We also observed significant correlation

between differentially expressed ISGs in our intracellular and

extracellular RNA-seq datasets that largely agreed with intracel-

lular epigenetic changes (IFI6, MX1, IFI27, and OASL)

(Figures 3C and 3D). Furthermore, GSEA showed that IFN-a

and -g signatures were enriched in both intracellular and
KRAS AALE differentially expressed genes ranked by adjusted p value (padj),

served out of the total genes in each gene set.

RAS HBECs.

d in differentially expressed ISG promoter regions.

r ISGs upregulated in mutant AALE and exhibiting strong segregation in TCGA

ding motifs in promoter regions of labeled ISGs.
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extracellular RNA (Figure 3E), indicating that extracellular RNAs

reflect intracellular ISG changes due to mutant KRAS signaling.

To determine the effects of oncogenic KRAS on noncoding

RNA secretion, we also characterized the TE RNAs that were

preferentially packaged and released in extracellular vesicles.

We found significant upregulation of predominantly long terminal

repeat (LTR) RNAs such as LTR12, MER11C, and LTR27C, along

with LINE, DNA, and Satellite repeat RNAs in mutant KRAS AALE

extracellular vesicles (Figure 3F). Moreover, TE RNAs repre-

sented approximately 50% of the extracellular RNA released

from mutant KRAS AALE cells, suggesting their preferential

secretion in extracellular vesicles (Figures S2C and S2D).

Regulation of TE RNAs by mutant KRAS
Given the prevalence of secreted TE RNAs, we investigated

intracellular TE RNA dynamics in response to mutant KRAS

signaling in AALE cells. Analogous to extracellular RNAs, LTR

RNAs were among the most significantly upregulated TE RNAs

in response to oncogenic KRAS signaling, including LTR12C

RNAs (Figure S3A). In addition, LINE RNAs such as L1MEc and

DNA element RNAs such as Tigger5 were also significantly en-

riched in mutant KRAS AALEs (Figure S3A). Furthermore, we

examined TE RNAs in mutant KRAS HBEC cells, which similarly

exhibited significant upregulation of TE RNAs in response to

mutant KRAS when compared to control HBECs (Figure S3A).

LTR12C RNAs were again the most significantly upregulated

TE RNAs in mutant KRAS HBEC cells (Figure S3A), further vali-

dating our intracellular and extracellular RNA analyses in mutant

KRAS AALE cells.

Based on the functions of KZNF genes in silencing TE RNAs in

other contexts (Imbeault et al., 2017), we examined whether

KZNFs could be involved in TE RNA regulation in both mutant

KRAS AALE and HBEC cells. Given the broad downregulation

of KZNFs in mutant KRAS AALEs (Figure 1A), we also analyzed

KZNF expression in mutant KRAS HBECs, which similarly ex-

hibited significant downregulation of KZNFs, many of which

overlap with KZNFs downregulated in mutant KRAS AALEs (Fig-

ure S3B). To determine the potential relationship between our

upregulated TE RNAs and our downregulated KZNFs, we looked

for significantly enriched motifs in TE RNAs using a previously

described KZNF-specific motif set (Barazandeh et al., 2018),

which confirmed the presence of binding motifs for significantly

downregulated KZNFs in the significantly upregulated TE RNAs

(Figure S3C). We also used the KNZF binding scores generated

from previous chromatin immunoprecipitation sequencing

(ChIP-seq) experiments (Imbeault et al., 2017) to rank TE RNAs

targeted by KZNFs, finding that many of the upregulated TEs

were among the top 10–20 targets of downregulated KZNFs in

mutant KRAS AALEs (Figure S3D), their extracellular vesicles

(Figure S4A), and in mutant KRAS HBECs (Figure S4B). We
Figure 2. Mutant KRAS signaling mediates epigenomic reprogrammin

(A) Mean ATAC-seq counts per million (CPM) (95% confidence interval [CI]) in prom

and control (CTRL) AALEs.

(B) Differential expression of ISGs with unique peaks near TSS (only present in m

(C) ATAC-seq coverage in both mutant KRAS and CTRL AALEs for subset of ISG

(D) Significant Gene Ontology (GO) term enrichment over unique peaks detecte

annotations tool (GREAT) analysis.
then computed the average log2 fold change of downregulated

ZNFs with putative binding sites within upregulated TE RNAs,

which confirmed a negative association across all three contexts

of mutant KRAS transcriptional profiling (Figure S3E). These an-

alyses point to a coordinated, TE-KZNF axis that is dysregulated

by mutant KRAS.

KZNFs repress TE RNAs and ISGs activated by mutant
KRAS
To explore the mechanistic relationship between KZNFs and TE

RNA expression, we examined mutant KRAS A549 lung cancer

cells that overexpress ZNF257 or ZNF682 (Ito et al., 2020),

both of which we found to be significantly downregulated by

mutant KRAS signaling in AALE cells and putative regulators of

dysregulated TE families (Figures 1A and S3). Differential

expression analysis of RNA-seq data indicated significant down-

regulation of ISGs OAS1 and IRF9 in mutant KRAS A549 cells

overexpressing either ZNF257 or ZNF682 (Figure S5A), as well

as significant downregulation of TE RNAs that were upregulated

by mutant KRAS in AALE cells (Figure S5B). These findings

directly connect mutant KRAS-regulated KZNFs with control of

TE RNA and ISG expression.

Epigenetic silencing of KZNFs regulated by mutant
KRAS signaling
To determine the extent to which mutant KRAS signaling epige-

netically silences KZNF expression, we examined ATAC-seq

data for all significantly downregulated KZNF loci. We found

that mutant KRAS signaling substantially reduces chromatin

accessibility at TSS regions (Figure 4A). When we examined

genes with ‘‘unique’’ ATAC peaks that were only present in con-

trol AALEs but disappeared in mutant KRAS AALEs, we found

that many of these genes were KZNFs that were significantly

downregulated (Figure 4B). Six of these downregulated KZNFs,

ZNF90, ZNF826P, ZNF736, ZNF471, ZNF682, and ZNF853,

had peaks unique to control AALEs (Figure 4C). Downregulated

KZNF TSS regions were enriched in motifs for ETS (ETV1) and

ELK (ELK1) TFs (Figure 4D), known downstream effectors of

the RAS signaling pathway (Simanshu et al., 2017).

Downregulated KZNFs in vivo are associated with poor
outcomes in lung cancer
Finally, we explored the clinical significance of the mutant KRAS-

induced KZNF silencing we identified in AALE and HBEC cells.

Evaluation of KZNF expression in TCGA LUAD RNA-seq data re-

vealed their significant downregulation in mutant KRAS(G12D)

samples when compared to WT KRAS lung cancer or matched

normal samples, respectively (Figures 5A and 5B). Furthermore,

LUAD samples in the lowest third of KZNF expression demon-

strated a significant decrease in overall survival probability
g of ISGs

oter regions of upregulated ISGs (log2 fold change >1.5) in both mutant KRAS

utant KRAS or control AALEs).

s with unique peaks detected near TSS.

d in mutant KRAS AALEs as determined by genomic regions enrichment of

Cell Reports 40, 111104, July 19, 2022 5



A

D

E F

C

B

(legend on next page)

6 Cell Reports 40, 111104, July 19, 2022

Report
ll

OPEN ACCESS



Report
ll

OPEN ACCESS
(Figure 5C), highlighting the clinical impact of the mutant KRAS-

mediated KZNF downregulation we found in AALE and HBEC

cells.

DISCUSSION

Collectively, our findings demonstrate the transcriptomic and

epigenomic impact of oncogenic KRAS signaling on TE RNAs

and ISGs. Our study suggests that KZNF repression by mutant

KRAS signaling leads to de-repression of TE RNAs, triggering

an intrinsic ISG response (Figure 5D). This model is supported

by broad and significant downregulation of these same KNZFs

in mutant KRAS-driven lung adenocarcinomas in vivo. Our con-

clusions are based on deeply sequencing and analyzing the

intracellular and extracellular transcriptomes and epigenomes

of mutant KRAS-transformed lung cells, building on previous

work in which we discovered the coordinate regulation of non-

coding RNAs and RAS signaling in the context of epigenomic re-

programming (Kim et al., 2015).

The molecular basis for the intrinsic ISG signature we observe

in mutant KRAS AALE cells differs from TE RNA-induced IFN re-

sponses in cancer cells treated with DNA methyltransferase in-

hibitors (Chiappinelli et al., 2015; Roulois et al., 2015), as we

instead find a prominent role for broad KZNF suppression during

the early stages of mutant KRAS-driven cellular transformation.

Our studies also suggest that oncogenic KRAS signaling is suf-

ficient to induce at least a subset of the intrinsic ISG signatures

that are observed across many cancers and cancer cells lines

with ADAR dependencies (Gannon et al., 2018; Liu et al., 2019).

We also present further evidence for the utility of extracellular

RNAs in detecting intracellular RNA changes in cancer cells (Re-

ggiardo et al., 2022). Notably, we show the secretion of specific

TE RNA and ISG signatures that are aberrantly upregulated in

mutant KRAS lung cells. The enrichment of TE-derived noncod-

ing RNAs in extracellular vesicles (Wang et al., 2021) released

from mutant KRAS cells highlights their potential utility as RNA

biomarkers for diagnosing RAS-driven cancers.

Limitations of the study
AlthoughwedescribehowmutantKRAS regulates the intracellular

and extracellular transcriptomes in the context of lung cells, KRAS

mutations are also prevalent in pancreatic and colorectal cancer

cells. Additional studies using mutant KRAS pancreatic and colo-

rectal cells, as well as additional analyses using corresponding

TCGA RNA-seq data, would be needed to determine the broader

physiological relevance of our findings across other cancer types

driven by oncogenic RAS signaling. Moreover, while our results

show that mutant KRAS is sufficient to activate a high ISG signa-
Figure 3. Mutant KRAS signaling induces secretion of TE RNAs and IS

(A) Size distribution of extracellular vesicles (EV) isolated from control (CTRL) an

(B) Volcano plot of differentially secreted GENCODE protein-coding RNAs and ln

(C) Scatterplot comparing differentially expressed genes between intracellular an

formula and goodness of fit displayed.

(D) Upset plot summarizing overlap of differentially expressed upregulated (up) a

(E) Significantly enriched gene sets detected in both in and ex contexts.

(F) Differential secretion of TE RNAs in EVs from mutant KRAS AALEs when com

Ex, extracellular; in, intracellular.
ture that is seen across many human cancers, additional experi-

ments (e.g., CRISPR) that correct mutations in KRASwould reveal

whether oncogenic RAS signaling is necessary for high ISG

expression in tumor cells. Lastly, the biomarker potential of extra-

cellularRNAs thatarepreferentiallysecreted fromcancercellswith

oncogenic RAS signaling would require validation using blood

samples from patients with lung and other cancers having acti-

vating driver mutations in RAS pathway genes.
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Figure 4. Mutant KRAS signaling epigenetically silences KZNFs in vitro

(A) Mean ATAC-seq CPM (95% CI) in promoter regions of downregulated KZNFs (<�4.5 log2 fold change) in both mutant KRAS and control (CTRL) AALEs.

(B) Differential expression of KZNFs with unique peaks near TSS (only present in mutant KRAS or control AALEs).

(C) ATAC-seq coverage in both KRAS and CTRL AALEs for subset of KZNFs with unique peaks detected near TSS.

(D) Volcano plots of differentially expressed TFs in mutant KRAS AALEs with significant TF motif enrichment in downregulated KZNF gene promoters.

chr, chromosome.
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Figure 5. Broad downregulation of KZNFs in mutant KRAS LUAD in vivo

(A) Hierarchical clustering of expression Z scores in TCGA LUADRNA-seq data for KZNF genes downregulated inmutant KRAS AALEs; KZNFswith unique peaks

in their promoter regions in control AALEs are labeled.

(legend continued on next page)
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R – apeglm Zhu et al. (2019) https://doi.org/10.18129/B9.bioc.apeglm

R – fgsea Korotkevich et al. (2016) https://doi.org/10.18129/B9.bioc.fgsea

R – tximeta Love et al. (2020) https://doi.org/10.18129/B9.bioc.tximeta

R – stats R core team https://www.R-project.org/

R – msigdbr Dolgalev (2022) https://cran.r-project.org/web/packages/msigdbr/

index.html

R – GenomicRanges Lawrence et al. (2013) https://doi.org/10.18129/B9.bioc.GenomicRanges

R – BSgenome.Hsapiens.UCSC.hg38 Bioconductor https://doi.org/10.18129/B9.bioc.BSgenome.

Hsapiens.UCSC.hg38

R – survival Therneau (2022) https://cran.r-project.org/package=survival

R – rGREAT Bioconductor https://doi.org/10.18129/B9.bioc.rGREAT

R – MEMES Nystrom and McKay, 2021 https://doi.org/10.18129/B9.bioc.memes

R – bamsignals Bioconductor https://doi.org/10.18129/B9.bioc.bamsignals

R – MotifDB Bioconductor https://doi.org/10.18129/B9.bioc.MotifDb

R – UniversalMotif Bioconductor https://doi.org/10.18129/B9.bioc.universalmotif

R – ComplexHeatmap Gu et al. (2016) https://doi.org/10.18129/B9.bioc.ComplexHeatmap

Other

HTML code notebook, repo This paper https://github.com/rreggiar/aale-KRAS-G12-

transformation
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Lead contact
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Kim (daniel.kim@ucsc.edu).

Materials availability
This study did not generate new unique reagents.

Data and code availability
d Bulk RNA-seq and ATAC-seq data have been deposited at GEO (GSE120566) and are publicly available as of the date of pub-

lication. Accession numbers are also listed in the key resources table. This paper also analyzes existing, publicly available data.

These accession numbers for the datasets are listed in the key resources table.

d All original code has been deposited at Zenodo and is publicly available as of the date of publication. DOIs are listed in the key

resources table.

d Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS

Immortalized lung epithelial cells (AALE cells; XX), derived at Dana-Farber and immortalized by SV40 large-T antigen (Lundberg et al.,

2002) were obtained as a gift from the laboratory of Eric Collison (University of California, San Francisco). The AALE stable cell lines

pBABE-mCherry Puro (control) (Lu et al., 2017) and pBABE-FLAG-KRAS(G12D) Zeo (mutant KRAS) were generated using retroviral

transduction, followed by selection in puromycin or zeocin. Cells were cultured at 37�C and 5% CO2 in SABM Basal Medium (Lonza

SABM basal medium, CC-3119) with supplements and growth factors (Lonza SAGM SingleQuots Kit Suppl. & Growth Factors, CC-

4124).

HBEC3kt cell lines (HBEC cells; XX) were obtained as a gift from the laboratory of Harold Varmus (National Human Genome

Research Institute and Weill Cornell Medicine). The HBEC stable cell lines pLenti6/V5-GW/lacZ (control) (Vikis et al., 2007) and

pLenti-KRASV12 (mutant KRAS) were generated using lentiviral transduction, followed by selection in blasticidin. Lentiviral plasmids

were obtained as a gift from the laboratory of John Minna (The University of Texas Southwestern Medical Center) (Sato et al., 2013;

Vikis et al., 2007). Cells were cultured at 37�C and 5% CO2 in Keratinocyte Serum-Free Media (KSFM) with supplements (Invitrogen,

#17005042).
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METHOD DETAILS

RNA-seq
For AALE cell lines, bulk RNA was isolated from cells using Quick-RNA MiniPrep kit (Zymogen) and RNA was quantified via

NanoDrop-8000 Spectrophotometer. 1ug of total RNA was used as input for the TruSeq Stranded mRNA Sample Prep Kit (Illumina)

according to manufacturer protocol. Library quality was determined through the High Sensitivity DNA Kit on a Bioanalyzer 2100

(Agilent Technologies). 6 multiplexed libraries, 3 biological replicates of each condition, were sequenced as HiSeq400 100PE runs.

For HBEC cell lines, cells grown in 10 cmplates (n = 3 per cell line) were washed twice in cold DPBS then collected in Tri-reagent for

storage at �80�C until the bulk RNA was extracted using Direct-Zol RNA Miniprep Kit (Zymo Research). Concentrations of purified

RNA in nuclease-free water were determined by Nanodrop-2000 Spectrophotometer and by Qubit RNA BR Assay (ThermoFisher

Scientific). Quality RIN numbers ranging from 9.4-10 were determined by TapeStation 4150 RNA ScreenTape Analysis (Agilent Tech-

nologies) before sending RNA to UC Davis DNA Technologies and Expression Analysis Core Laboratory for poly-A strand specific

library preparation to obtain 60 million paired end reads by NovaSeq S4 (PE150) sequencing.

ATAC-seq
100,000 AALE cells were collected and centrifuged at 500xg for 5 min at 4C. Pellets were washed with ice-cold PBS and centrifuged.

Pellets were resuspended in ice-cold lysis buffer. Tagmentation reaction and purification were conducted according to manufac-

turer’s protocol (Active Motif). 2 Libraries, one from each condition, were sequenced on a NextSeq500 as 2 3 75 paired end reads.

Extracellular RNA-seq
The exoRNeasy serum/plasma maxi kit (Qiagen) was used to isolate extracellular vesicles, which were quantified using Nanoparticle

Tracking Analysis (Malvern, UK). 30 mL of AALE cell culture supernatant was filtered to remove particles larger than 0.8 um. The

filtrate was precipitated with kit buffer and filtered through a column to collect extracellular vesicles. These vesicles were then lysed

with QIAzol� lysis reagent. Total RNA was isolated using the indicated phase separation method and used to make 6 libraries, 3 bio-

logical replicates for each condition, for RNA-seq using the Smart Seq HT low input mRNA library prep kit (Takara). Libraries were

sequenced on an Illumina NextSeq500.

RNA-seq analysis
All fastq files were trimmed with Trimmomatic 2 (0.38) (Bolger et al., 2014) using the Illumina NextSeq PE adapters. The resulting

trimmed files were assessed with FastQC (Brown et al., 2017) and then processed with the following analytical pipeline:

Salmon (1.3.0)

pseudoalignment of RNA-seq reads performed with Salmon (Patro et al., 2017) using the following arguments:

–validateMappings –gcBias –seqBias –recoverOrphans –rangeFactorizationBins 4 using an index created from the GENCODE

version 35 (Frankish et al., 2021) transcriptome fasta file using decoy sequences to enable selective alignment. An additional, TE-

aware index was created in a similar fashion but supplemented with sequences generated from the UCSC Repeat Masker track.

DESeq2 (1.32.0)

Salmon output was imported into a DESeq object using tximeta (Love et al., 2020; Soneson et al., 2015) and differential expression

analysis was performedwith standard arguments (Love et al., 2014; Zhu et al., 2019). All results were filtered to have padj <0.05. In the

case where R could only generate 0.00 for the padj values, they were reset to the lowest non-zero padj value in the dataset. Where

count data was used, it was normalized across samples using DESeq.

Principal component analysis
PCA was performed in R using the function prcomp provided by the package stats (4.1.1). Input gene abundance data was first vari-

ance stabilized using DESeq2 and then filtered for genes with 0 standard deviation across the samples.

Motif discovery and enrichment analysis
All motif-based analysis was performed in R using packages memes (1.1.4), universalmotif (1.10.2), BSgenome.Hsapien-

s.UCSC.hg38 (1.4.3), MotifDBGenomicRanges (1.44.0) and MotifDB (1.34.0) (Bioconductor; Lawrence et al., 2013; Nystrom and

McKay, 2021). Enriched motifs were identified by using the runAME() function provided by memes with a control set to ‘shuffle’

the input sequences unless otherwise noted in the text. Individual motif occurrences were identified with the runFimo() function pro-

vided by memes.

Zinc finger gene analysis
ChIP-exo data and supplementary information were extracted from supplementary data provided by Imbeault et al. (Imbeault et al.,

2017). ZNF genes were cross referenced with DESeq2 and bed file of Repeat Masked TE inserts from the UCSCGenome Browser to

extract relevant differential expression data of ZNF proteins and Transposable Element transcripts using R. Promoter and motif

analyses performed as described above.
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Motif discovery was intersectedwith repeat-masked insertions and cross referencedwith ChIP-exo target data to identify potential

regulatory targets of differentially expressed KZNFs. KZNF targets were ranked by the score provided. Additional ZNF binding motifs

were acquired from Barazandeh et al.’s website (Key resources table) and converted to a database compatible with MEME suite

(Bailey et al., 2015; Barazandeh et al., 2018).

Gene set enrichment analysis
Differentially expressed geneswere ranked by the shrunken log2FoldChange values generated byDESeq2. Gene sets were acquired

using the R package msigdbr (7.4.1) (Dolgalev, 2022) and filtered to only contain gene sets with ‘Hallmark’ status.

The R package fgsea (1.18.0) (Korotkevich et al., 2016) was used to generate Gene Set Enrichment (Liberzon et al., 2011; Subra-

manian et al., 2005) estimates which were filtered to results with adjusted pvalues <0.05.

GREAT gene ontology analysis
The R package rGREAT (1.24.0) (Bioconductor) was used to process ATAC-seq identified peaks with GREAT and identify enriched

GO terms. ATAC-seq peaks unique to either CTRL or KRAS contexts were used as input with the background set to the entire peak

library comprised from both contexts.

TCGA ZNF analysis
TCGA-LUAD phenotype and normalized count data were downloaded from the UCSC Xena browser TOIL data repository (Key re-

sources table) (Goldman et al., 2020). The files were combined and patients were grouped by their KRASmutation status and identity.

Heatmaps and associated hierarchical clustering were performed in R using the package ComplexHeatmap (2.8.0) (Gu et al., 2016).

Survival analysis was performed using the survival R package (3.3) (Therneau, 2022).

ATAC-seq analysis
The nf-core ATAC-seq pipeline was used to process ATAC-seq reads to alignments with BWA, narrow peak calls with MACS2, and

ultimately annotated peaks. Read count analysis was performed with the R package bamsignals (1.24.0) (Bioconductor) using the

sorted bam files produced by the nf-core pipeline.

QUANTIFICATION AND STATISTICAL ANALYSIS

All quantitative data for functional assays have been reported as means ± standard deviation. Statistical significance for these were

calculated using aWilcox-test (R –wilcox.test()) unless otherwise noted and p values <0.05 were considered significant. All statistical

analyses were performed with R (version 4.1.1) running from the Rocker ‘Tidyverse’ Docker container (rocker/tidyverse:4.1.1). Linear

regression was carried out with the lm() function.

ADDITIONAL RESOURCES

UCSC Genome Browser tracks generated from ATAC-seq data: https://genome.ucsc.edu/s/rreggiar/aale%2DKRAS%2DG12%

2Dtransformation.
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Figure S1. Mutant KRAS signaling induces global transcriptional changes. Related 

to Figure 1.  

A. Volcano plots of differentially expressed protein coding genes and lncRNAs in mutant 

KRAS AALEs. B. Principal component analysis (PCA) of control (ctrl) and mutant KRAS 

(kras) AALE RNA-seq libraries. Related to variance explained by each PC displayed with 

axis label. C. Volcano plots of differentially expressed protein coding genes and lncRNAs 

in mutant KRAS HBECs. D. Hierarchical clustering of expression z-scores in TCGA LUAD 

RNA-seq data for genes upregulated in mutant KRAS AALEs. Related to genes with IRF 

binding motifs in their promoter regions are labeled. 
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Figure S2. Mutant KRAS signaling significantly alters the RNA composition of 

secreted extracellular vesicles. Related to Figure 3. 

A. Principal component analysis (PCA) of control (CTRL) and mutant KRAS (KRAS) 

AALE extracellular (ex) RNA-seq libraries. Related to variance explained by each PC 

displayed with axis label. B. Distribution of insertion-level abundance for TE clades in 

extracellular RNA-seq libraries (Wilcoxon). C, D. Distribution of counts assigned to 

GENCODE coding, lncRNA, and TE clades in intracellular and extracellular RNA-seq 

libraries. 
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Figure S3. TE RNAs activated by mutant KRAS are enriched for KZNF motifs. 

Related to Figures 3 & 4.  

A. Volcano plots of differentially expressed TE RNAs in mutant KRAS AALEs and HBECs. 

B. Comparison of KZNF gene differential expression in mutant KRAS AALEs and HBECs. 

C. Differential expression of KZNFs with binding motifs in mutant KRAS-activated TE 

RNAs in AALEs. D. Ranking of KZNFs by binding score for mutant KRAS-activated TE 

RNAs in AALEs. E. Comparison of TE differential expression (x axis) to the average 

expression of ZNFs with putative binding sites within the TE based on motif library 

generated by Hughes et al. 
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Figure S4. KZNF binding scores highlight potential regulation of differentially 

expressed TEs in mutant KRAS AALE EVs and HBEC cells. Related to Figures 3 & 

4. 

A,B. Ranking of KZNFs by binding score for each upregulated TE RNA in mutant KRAS 

extracellular (ex) AALE and intracellular (in) HBEC RNA-seq data.   
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Figure S5. Mutant KRAS-regulated KZNFs repress ISGs and TE RNAs. Related to 

Figures 1, 2, 3 & 4. 

A. Scatter plots of differentially expressed genes between mutant KRAS A549 lung 

cancer cells overexpressing ZNF257 or ZNF682 and mutant KRAS AALEs. B. Volcano 

plots of differentially expressed TE RNAs in mutant KRAS A549 lung cancer cells 

overexpressing ZNF257 or ZNF682. 
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