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ABSTRACT

Extracellular vesicles (EVs) are small particles that are released by cells and mediate cell-cell communication by transferring
bioactive molecules such as RNA. RNA cargo of EVs, including coding and non-coding RNAs, can change the behaviour of
recipient cells, affecting processes including gene expression, proliferation, and Fapoptosis. CircRNAs are stable and resistant
to degradation and have been shown to be enriched in EVs. They play key roles in gene regulation and are also emerging as
promising biomarkers for disease diagnosis due to their stability and disease-specific expression. Although microRNAs (miRNAs)
are the most well studied RNA cargo of EVs, very little is known about the mechanisms of enrichment of circular RNAs (circRNAs)
as well as long linear RNAs. Here, we take a comprehensive genome-wide approach to investigate the role of structuredness and
shape along with GC%, size, exon count and coding potential, in the sorting and enrichment of circular and long linear RNAs
into EVs. We developed a model using these parameters to predict the likelihood of EV packaging of RNA and it was validated
by using single molecule RNA imaging of EV bound RNAs. Furthermore, we found that structuredness could explain the relative
enrichment of circRNAs over their linear counterparts. These results were validated on existing public databases of circular and
linear RNAs in EVs. By identifying and analysing these factors, we aim to better understand the complex mechanisms behind
EV-mediated RNA transfer and its impact on cell communication in both health and disease. This mechanistic understanding of
RNA enrichment in EVs is crucial for engineering EVs with selective RNA cargo.

1 | Introduction play a crucial role in intercellular communication (Gurung et al.

2021; Yafiez-Mo et al. 2015). EVs transfer bioactive molecules,
Extracellular vesicles (EVs) are small membrane-bound particles including proteins, and various types of RNAs, between cells
that are secreted by cells into the extracellular environment and and thereby influence recipient cell behaviour (Pitt et al. 2016).
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Among the diverse cargo of EVs, RNA molecules have gar-
nered significant interest due to their potential in regulating
gene expression in recipient cells (Prieto-Vila et al. 2021). The
RNA cargo in EVs is biologically active and can significantly
alter the behavior of recipient cells (Valadi et al. 2007). For
instance, microRNAs (miRNAs) delivered by EVs can suppress
the expression of target genes by binding to complementary
mRNA sequences, leading to gene silencing (Ong et al. 2014; Ding
et al. 2015; Vifias et al. 2016). This process can influence cellular
functions in recipient cells such as proliferation, differentiation
and apoptosis (He et al. 2020; Ding et al. 2021; Raimondo et al.
2020). The selective enrichment of certain RNA species in EVs
suggests that RNA packaging into EVs is a highly regulated pro-
cess rather than a random event. Most research on RNA sorting
into EVs has focused on small non-coding RNAs, primarily miR-
NAs. RNA-binding proteins like Y-box-binding protein 1 (YBX1),
Heterogeneous nuclear ribonucleoprotein A2/B1 (hnRNP A2/B1),
and synaptotagmin-binding cytoplasmic RNA-interacting protein
(SYNCRIP) have been postulated to assist in sorting miRNAs
by binding to small motifs called “zip codes” within the RNA
sequence (Liu et al. 2021; Shurtleff et al. 2016; Villarroya-Beltri
et al. 2013; Santangelo et al. 2016). A comprehensive review
by Leidal and Debnath further elaborates on these miRNA
sorting mechanisms into EVs, highlighting the complexity of this
process (Leidal and Debnath 2020). However, recent work has
suggested that the enrichment of miRNAs in EVs might have
been overstated, and that the majority of miRNAs reported as
EV cargo could simply be part of the EV biocorona (Albanese
et al. 2021). On the other hand, the mechanisms underlying the
sorting and selection of longer linear RNAs, such as long non-
coding RNAs (IncRNAs), and circular RNAs (circRNAs) into EVs
remain largely unknown. These RNA species have recently been
appreciated to be highly enriched in EVs (Kenneweg et al. 2019;
Li et al. 2015), prompting further investigation into their sorting
mechanisms.

CircRNAg, in particular, have recently garnered significant atten-
tion due to their unique structure and high stability as they
are resistant to exonucleases (Zhou et al. 2020). CircRNAs are
produced by back-splicing where a downstream 5’ splice site
attacks an upstream 3’ splice site joining the intervening sequence
into a circular form (Kristensen et al. 2019). CircRNAs play a
crucial role in regulating cellular gene expression in various
ways. An in-depth review by Kristensen et al. highlights the
diverse functions of circRNAs, including their ability to act
as sponges for miRNAs by binding them and preventing their
interaction with target mRNAs, thus modulating gene expression
(Kristensen et al. 2019). Additionally, circRNAs can interact with
RNA-binding proteins, influencing cellular processes such as
transcription and splicing (Kristensen et al. 2019). Furthermore,
the expression of circRNA is often dysregulated in many patho-
logical conditions such as cancer, cardiovascular diseases, and
neurological disorders (Verduci et al. 2021; Wang et al. 2023). Due
to their stability and disease-specific expression, circRNAs are
emerging as promising biomarkers for diagnostics (Allegra et al.
2022). Detecting specific circRNAs in body fluids such as blood
or urine could help in the early detection of diseases (Lin et al.
2020; Peter et al. 2021; Zhu et al. 2020). Interestingly, circRNAs
were reported to be enriched in EVs compared to their cognate
linear isoforms (Lasda and Parker 2016). This enrichment was
first identified by Li et al., who identified over 1000 circRNAs

in human serum exosomes and demonstrated their enrichment
in liver cancer cell exosomes (Li et al. 2015). Although initially
considered a passive process for cells to eliminate these stable
RNAs, mounting evidence suggests functional roles for EV-bound
circRNAs, implying a selective packaging process (Wang et al.
2019). For instance, a recent study by Ngue et al. revealed that
circRNAs in breast cancer EVs are associated with chemotherapy
resistance, highlighting their potential as both biomarkers and
therapeutic targets (Ngue et al. 2023). Furthermore, Chen et al.
demonstrated the presence and potential roles of circRNAs in
bronchoalveolar lavage fluid (BALF) EVs during lung inflam-
mation, expanding our understanding of circRNA functions in
disease contexts (Chen et al. 2024). Most recently, Zhao et al.
also found enrichment of circRNAs in EVs from human biofluids
(Zhao et al. 2024). Despite these advances, the mechanisms
underlying the sorting and enrichment of circRNAs into EVs
remain elusive.

Most studies focus on the role of RNA binding proteins (RBPs) in
mediating selective enrichment of RNAs as reviewed in Fabiano
et al., but exactly how RBPs distinguish between RNAs that
contain the same recognition motifs is not known (Fabbiano
et al. 2020). This is particularly relevant for circRNAs as they
share their sequence with their linear counterparts but show
differential enrichment into EVs (Li et al. 2015; Zhao et al. 2024).
Much of our understanding of RNA biology has focused on its
primary sequence. Although secondary structure is appreciated
for certain RNA classes like tRNAs and ribozymes (Assmann et al.
2023), recent advances in structural and computational tools have
revealed that all RNAs adopt complex tertiary structures, consist-
ing of stem-loops, pseudoknots, and multi-helix junctions, which
ultimately dictate their 3D shape and cellular fate (reviewed in
(Cao et al. 2024)). RNA folding is a dynamic process influenced
by intrinsic factors (size, nucleotide order, and composition) and
extrinsic factors (RBPs, ionic concentration) (Bushhouse et al.
2022). Although experimental structure determination of RNA
is challenging, intrinsic features like length, GC content, and
nucleotide order can be used to predict the thermodynamic free
energy (AG) of folded structures (Bellaousov et al. 2013; Lorenz
et al. 2011; Low and Weeks 2010; Zuker 2003), which, along with
other attributes, can be used to predict RNA structuredness (Busa
et al. 2021; Radecki et al. 2018). Genome-wide RNA structure
profiling methods, such as DMS-MaPseq, SHAPE-Seq (Mortimer
et al. 2012), icSHAPE and SHAPE-MaP (Wang et al. 2020), along
with computational modelling tools like 3dRNA (Zhang et al.
2022), RNABIND (reviewed in (Strobel et al. 2018)), have been
developed to probe RNA 3D structure. Although the field of RNA
structural biology is still emerging, it is evident that significant
structural heterogeneity exists among cellular RNA molecules.
RNA structure has a profound effect on its function. For instance,
highly structured mammalian RNAs often have shorter half-
lives (Fischer et al. 2020; Guo et al. 2020). With current and
emerging technologies, the field is well-equipped to investigate
RNA structure, and the impact of RNA structuredness on RNA
biology is beginning to be appreciated (Dominguez et al. 2018).
The role of RNA structure in maintaining RNA-RBP specificity
and stability of interaction is also garnering interest (reviewed
in (Chekulaeva 2024)). Recent work from Leung lab and others
hasimplicated RNA structuredness in RNA function and targeted
decay (Fischer et al. 2020), characterizing a novel structure-
based pathway where highly structured mRNAs and circRNAs
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are targeted for degradation by RBPs (Guo et al. 2020). However,
the role of RNA structure in intercellular transport, particularly
for EV RNA, remains largely unexplored. Understanding this
role is crucial for deciphering RNA transport mechanisms. We
hypothesize that EV enrichment of RNAs is a cumulative effect
of multiple cis and structural elements of the RNA molecule.

In this study, we performed a genome-wide analysis investigating
the role of various factors for circRNA enrichment into EVs,
including the presence of motifs for RBP binding, GC content,
size, exon count, and coding potential. Some of these factors
particularly the small size and the role of RBPs have been reported
individually in previous studies to impact RNA transport (Han
et al. 2022; Zhao et al. 2024) but their cumulative effect is not
fully explored. Most importantly, we evaluated the role of RNA
structuredness as a critical novel factor affecting RNA enrichment
into EVs. Furthermore, we also analysed the role of these factors
on the transport of long linear RNAs including mRNAs and
IncRNAs and developed a model to predict the probability of
a given RNA molecule to be enriched in EVs. We also utilized
our recently developed single molecule imaging techniques called
SPIRFISH, to visualize the presence of EV enriched RNA in EV
(Troyer et al. 2024). Our study aims to develop a comprehensive
model to understand the process of RNA packaging into EVs. By
identifying and characterizing these factors, we hope to shed light
on the intricate processes underlying EV-mediated RNA transfer
and their implications for cell-to-cell communication in health
and disease. This research has the potential to advance our under-
standing of EV biology and open new avenues for diagnostic and
therapeutic applications leveraging EV-RNA interactions.

2 | Results

2.1 | CircRNAs Are Less Structured Compared to
Their Linear Counterparts

Numerous studies have investigated the enrichment of miR-
NAs into EVs and reported several RBPs that are involved in
facilitating miRNA enrichment (Garcia-Martin et al. 2022). We
reasoned that this alone cannot explain the higher enrichment
of circRNAs over their cognate linear isoforms (Li et al. 2015;
Zhao et al. 2024) and that there must exist other factors that
distinguish circRNAs from their linear isoforms. This is because,
with the exception of the back-splice junction, circRNAs are
a subset of linear isoforms. However, since most RBPs bind
3’UTRs of mRNAs rather than the coding sequence, we sought
to compare the motif counts of RBPs in circRNAs to the 3’'UTRs
of their cognate linear isoforms. We utilized exoRBase which is
a database containing circRNAs reported in human blood EVs
(Lai et al. 2022). We then compiled a list RBPs reported to be
involved in RNA transport in EVs and obtained their motifs from
ATtRACT database (Giudice et al. 2016). Results show that for the
overwhelming majority of RBPs, 3’'UTR of linear isoforms had
higher RBPs motif counts compared to circRNAs (Figure 1A).
This prompted us to investigate other factors that could explain
this preferential enrichment of circRNAs.

Recently, structure of RNA has been implicated in multiple
aspects of its life from its inception to degradation (Fischer

et al. 2020). Therefore, we wondered if structure could explain
circRNAs enrichment in EVs. We investigated multiple structure-
related parameters and compared those in circRNAs from
exoRBase to their cognate linear isoforms (Lai et al. 2022). There
parameters include minimum free energy (MFE), maximum
ladder distance (MLD), number of stems (SL), number of multi-
loops of order three or higher (ML), number of base pairs (BP),
and the 90% percentile of pair distance (BP90). We directly
compared these parameters for circRNAs from exoRBase to their
linear isoforms from the same respective transcript. Results show
that multiple factors including MFE, BP, MLD and BP90 were
different between the two populations (Figure 1B). All param-
eters, with the exception of ML, showed noticeable differences
between circRNAs and their linear counterparts. CircRNAs were
on average less structured (indicated by higher size-normalized
MFE) and less compact (indicated by higher size-normalized
MLD and BP90). Although, these parameters were normalized to
RNA length, other factors such as dinucleotide frequency, could
affect RNA structure (Clote et al. 2005). Thus, we performed an in-
silico analysis to look at changes in structure-related parameters
upon linearization of circRNAs. Most parameters were unaffected
by the linearization process with the exception of MFE which
showed that linearization led to a lower MFE value for almost
all circRNAs we tested (Figure 1C). We found that linearization
of circRNAs increases the structuredness of RNAs (indicated by
lower MFE) whereas other parameters were largely unaffected by
the shape of RNA. Conversely, in-silico circularization of mRNAs
showed a reduction in the structuredness of those RNAs while the
other parameters were largely unaffected (Extended Figure 1A).
These data suggest that structuredness of RNA could explain
the preferential enrichment of circRNAs in EVs compared to
their linear counterparts. Next, we sought to understand if these
parameters can contribute to the circRNA enrichment in EVs. We
utilized detection frequency as a proxy for EVs enrichment and
arbitrarily chose a cutoff threshold of 0.5 to compare circRNAs
with high and low detection frequency in exoRBase. We analysed
these circRNAs for structure parameters, size, GC%, and exon
count. CircRNAs in exoRBase with high detection frequency
showed a similar significantly lower structuredness (indicated
by higher size-normalized MFE and lower number of base
pairs) than those with low detection frequency. They were also
significantly less compact (indicated by higher size normalized
MLD and a smaller number of multi-loops) (Figure 1D). Recent
studies have investigated the role of other cis elements including
size, GC%, and number of exons in sorting linear RNAs into EVs
(O’Grady et al. 2022). This prompted us to investigate the role
of these cis elements in circRNAs enrichment in EVs. Results
showed that circRNAs with high detection frequency were con-
sistently significantly smaller but had less exons per kilobase of
transcript (Figure 1E and Extended Data Figure 1C). GC% did
not show a significant difference between the two populations
(Extended Data Figure 1B). Since some circRNAs have also been
reported to be translated into peptides, we sought to investigate
whether the coding potential of circRNAs in the cell would
affect their EVs enrichment (Legnini et al. 2017; Jiang et al. 2021;
van Heesch et al. 2019). We compared the coding probability of
circRNAs and found that circRNAs with high detection frequency
showed significantly lower coding probability than those with
low detection frequency (Extended Data Figure 1D).
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FIGURE 1 | CircRNAs are less structured compared to their linear counterparts: (A) Average motif count difference between exoRBase

circRNAs and the 3° UTR of their linear counterparts for five RBPs. Motifs of RBPs are shown in brackets. (B) Distribution of size-normalized structure
parameters of circRNAs in exoRBase and their cognate linear isoforms. (C) Change in structure parameters of exoRBase circRNAs after in-silico
linearization. (D) Violin plot of size-normalized structure parameters of exoRBase circRNAs with high detection frequency compared to those with
low frequency. (E) Violin plot of size distribution of exoRBase circRNAs with high detection frequency compared to those with low frequency. Structure
parameters are MFE: minimum free energy; MLD: maximum ladder distance; SL: number of stems, ML: number of multiloops of order 3 or higher;
BP: Number of paired bases; BP90: 90th percentile of pair distance. p values were calculated using Mann-Whitney’s test, NS: no significant difference,

*p < 0.05, **p < 0.01, ***p < 0.001.

These data suggest that EVs enriched circRNAs have a distinct
profile of sequence features that distinguish them from their
cognate linear isoforms as well as from other cellular circRNAs.

2.2 | CircRNAs Are Enriched in EVs

To validate these results, we prepared RNA sequencing libraries
of total RNAs from DLD-1 cells and their isolated EVs. EVs
from DLD-1 cells were isolated and characterized according to
MISEV guidelines (Théry et al. 2018) (Figure 2A and Extended
Data Figure 2A-D). Although circRNAs are much more stable
compared to linear RNAs—due to their lack of free ends—they
represent a small proportion of cellular RNAs (Zhang et al.
2019). To enrich circRNAs, RNA from both cell and EVs fractions
were treated with RNase R which digests linear RNAs and,
thus, enriches circRNAs. We obtained high-quality reads from
sequencing of RNA libraries with a high percentage of reads
from both cells and EV samples aligning to the human genome
(Extended Data Figure 3A). CircRNAs were then identified from
sequencing data and analysed for enrichment in EVs. First, we
did observe a significant increase in the ratio of circRNAs to
linear RNAs after RNase R treatment in both cellular and EVs
fractions (Extended Data Figure 3B). Consistent with previous

reports of circRNAs enrichment in EVs, we found that in control
samples (no RNase R treatment), the ratio of circular to linear
RNAs was significantly higher in EVs compared to cells (0.288
vs. 0.178; p < 0.001, Mann-Whitney’s test) (Figure 2B). This
suggests that circRNAs are more enriched in EVs compared to
the cell which is in line with previous reports (Li et al. 2015;
Lasda and Parker 2016). We detected around 30% overlap with
circRNAs in exoRBase 2.0 but a smaller overlap (13%) with
circBase (Figure 2C and Extended Data Figure 3C) (Glazar et al.
2014; Lai et al. 2022). The vast majority of detected circRNAs
were exonic (defined as both start and end positions located in
exons) while only a small fraction (1.8%) was intronic (Extended
Data Figure 3D). All of the intronic circRNAs had low number of
reads and were excluded during differential expression analysis
(Extended Data Figure 3E). We further analysed the coverage
of exons along multi-exonic circRNAs (two or more exons) and
found a much lower coverage of introns compared to exons. This
was particularly lower in circRNAs in EVs compared to cellular
circRNAs (Extended Data Figure 3F). Moreover, we compared
the raw counts and normalized counts of different classes of
RNAs in EVs. Since, using the number of back-splice junctions
severely underestimates circRNAs counts, we remapped the reads
of RNase R-treated samples to circRNAs detected using back-
splice junctions. When comparing the number of transcripts of
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both circRNAs and linear RNAs (mRNA, IncRNAs and other
RNAs) that are detected in EVs, we observed higher average
count of circRNAs transcripts compared to linear classes of RNAs
(Figure 2E). There were more circRNAs detected in at least
one or two of the three replicates compared to linear RNAs.
Moreover, RNA counts from all classes were normalized using
DESeq2 and their differential enrichment in EVs were analysed.
CircRNAs showed the highest enrichment in EVs followed by
mRNAs, IncRNAs and, finally, other RNAs (Figure 2F). These
results are again consistent with previous reports and highlight
the preferential enrichment of exonic circRNAs in EVs.

Overall, we observed a high correlation between the abundance of
circRNAs in cells and in EVs (r = 0.84) and we validated selected
enriched and depleted circRNAs using RT-qPCR (Figure 2G-
H and Extended Data Figure 3G). These results validate that
circRNAs are one of the major RNA cargoes in EVs.

23 |
in EVs

Role of Cis Elements in Enriching CircRNAs

We reanalysed motif enrichment of RBPs on cells and EVs
circRNAs in our RNA seq dataset. Results were consistent with
exoRBase circRNAs (Figure 3A). 3 UTRs of linear transcripts
contained on average more motifs of most RBPs compared to
cells and EVs circRNAs. Analysing circBase circRNAs showed
similar results (Extended Data Figure 4A). Next, we categorized
circRNAs based on their enrichment in EVs as either EVs-
enriched (EVE), cell retained (CR) or those whose enrichment is
not significant (NS), and we then compared the motif occurrence
of all RBPs from previous analysis. For all RBPs, there was
either no difference or a significantly higher fraction of CR
circRNAs containing RBPs motifs compared to EVE circRNAs
(Figure 3B). These results, once again, indicate that circRNA
enrichment in EVs could not be solely explained by the presence

of “Zipcodes”. We then sought to study the sequence of features
of cell and EVs circRNAs. Consistent with results from exoRBase
circRNAs, results showed that EVE circRNAs were significantly
less structured (indicated by higher size-normalized MFE and
smaller number of base pairs) and less compact (indicated
by higher size-normalized MLD and BP90 and lower number
of multi-loops) (Figure 3C). EVE circRNAs were also smaller
significantly smaller than CR circRNAs and had higher number
of exons per kilobase transcript (Figure 3D and Extended Data
Figure 4B).

GC%, however, did not show a significant difference between
EVE and CR circRNAs (Extended Data Figure 4C). Finally,
coding probability of EVE were lower than that of CR circRNAs
(Extended Data Figure 4D). This could indicate that translation
of circRNAs might impeded their enrichment of EVs. Overall,
these data validate the results of sequence analysis of exoRBase
circRNAs and highlight the different sequence features profile of
EVs enriched circRNAs characterized by lower structuredness,
lower compactness and smaller size.

2.4 | Role of Cis Elements in Enriching Linear
RNAs in EVs

Next, we investigated if the same factors under study are also
involved in the EVs enrichment of linear RNAs. To this end,
we first separated all linear RNAs from Gencode v32 into three
categories: protein-coding genes, labelled as mRNAs, long non-
coding RNAs labelled as IncRNAs and all other classes of linear
RNAs labelled as others. We then quantified linear RNAs in our
RNA-Seq data and categorized them into EVE, NS or CR based
on their enrichment in EVs. We used qPCR to validate select
mRNA and IncRNA candidates from both EVE and CR cate-
gories and obtained consistent results to our RNA-Seq datasets
(Figure 4A-D).
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(EVE), cell retained (CR), or those with no significant difference (NS) as well as their respective mRNA counterparts. (B) Change in structuredness
(MFE) after linearization of EVE, NS or CR circRNAs sequences. (C) Density plot of the structuredness of circRNAs and their mRNA counterparts.
(D-E) Change in structuredness (MFE) after circularization of mRNAs and IncRNAs sequences, respectively. (F) Gel image of WT HeLa cells, or cells

expressing linear GFP or circular GFP (circGFP) in cells and EVs using both convergent and divergent primers. (G) Sequence of circGFP covering the

back-splice junction.

To determine the role of RNA features in EVs enrichment, we
first investigated structure parameters. We found that all EVs
enriched classes of linear RNAs showed a similar significantly
lower structuredness (indicated by higher size-normalized MFE
and less base pairing) compared to CR linear RNAs (Figure 4E
and Extended Data Figure 5A). We further dissected mRNAs into
their constituting parts: 5 UTR, CDS and 3’UTR. Results showed
that the difference in structuredness was attributed to 3'UTR
and CDS while 5UTRs had similar structuredness between
EVE and CR mRNAs (Extended Data Figure 5B). LncRNAs
showed significantly lower compactness (indicated by higher
size-normalized MLD and BP90 (Extended Data Figure 5A). EVE
mRNAs and IncRNAs were significantly smaller and both had
more exons per kilobase transcript (Figure 4F and Extended
Data Figure 5C). The smaller size of EVE mRNAs was mainly
attributed to 3’UTRs (Extended Data Figure 5D). Furthermore,
we found that all linear RNA showed lower GC% for those
enriched in EVs (Extended Data Figure 5E). Once again, the
difference in GC% was attributed to 3’UTR and CDS (Extended
Data Figure 5F). In contrast to circRNAs, we found that the coding
probability of EVE IncRNAs was higher than that of CR IncRNAs
(Extended Data Figure 5G). Furthermore, we compared mRNAs
with high detection frequency in exoRBase to those with low
frequency and we found the results to be highly consistent with
our dataset. (Extended Data Figure 6A-D).

Finally, we sought to correlate RNA abundance in EVs with
proteins abundance in the cell, we performed mass spectrometry
analysis of DLD-1 whole-cell lysate. We then correlated tran-
script per million (TPM) values for mRNAs with intensity-based
absolute quantification (iBAQ) for proteins (Schwanhdusser et al.
2011). Surprisingly, Spearman’s correlation of protein abundance
with RNA abundance in EVs was higher than the correlation with
RNA abundance in cells (0.487 vs. 0.457, p value = 0.002). We
also saw a significantly higher protein abundance of EVE mRNAs
compared to CR mRNAs (Figure 4G). Interestingly, EVE mRNAs

were enriched in processes related to translation, cell division,
chromatin remodelling and DNA repair (Figure 4H).

These data suggest that similar sequence features (lower struc-
turedness and smaller size) distinguish linear RNAs that are
enriched in EVs.

2.5 |
in EVs

Circularization Enhances RNAs Enrichment

Since, a given gene can be spliced differently to produce both
linear RNAs as well as circRNAs and thus linear RNAs harbour
most of the same cis elements that are found in circRNAs. We
wondered if the linear counterparts of EV-enriched circRNAs
have an equal probability to be enriched into EVs and vice versa.
We compared the abundance of linear cognates of circRNAs and
found a Spearman correlation of 0.007 indicating no correlation
between the enrichment of linear and circular transcripts from
the same gene into EVs. Furthermore, we analysed the differ-
ential EV-enrichment of linear isoforms of all circRNAs in our
dataset. The distributions of the fold change of linear counterparts
were almost identical regardless of the level of enrichment of
the circRNAs (Figure 5A). These data further confirm that there
is a distinct and independent mechanism for the enrichment
of circular and linear RNAs into EVs despite sharing the same
sequence.

We then sought to validate the role of RNA shape on its
structuredness using RNAs in our dataset. We performed in-
silico linearization of circRNAs sequences and calculated the
difference in their structuredness scores (size-normalized MFE)
and compared it to their original scores. Indeed, most circR-
NAs from all gained structuredness (—AG/nt) after linearization
indicated by lower (MFE) (Figure 5B). 98.3% of circRNAs had
lower structuredness compared to their linearized sequences.
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FIGURE 6 | Prediction of RNA enrichment in EVs: (A) Receiver operating characteristic (ROC) curve for EV enrichment prediction models for
circRNAs and mRNAs. AUC is shown in brackets. (B) Heatmap of z-scores of sequence features of ZBTB44 and EIF3B mRNAs. (C) Grouped bar
graph comparing the number of CD81+ particles (determined by capture spot) that are detected by interferometry and additionally are determined
to be smFISH+. Bars show the mean particle counts across three independent SP-IRIS microchip experiments; error bars represent standard deviation.
Statistical testing was performed by ordinary one-way ANOVA with Sidak’s multiple comparisons test. **** p < 0.0001. (D) Representative red channel
fluorescent images detecting smFISH+ particles from (top to bottom) CD63, CD81, CD9 capture spots on the SP-IRIS microchips for ZBTB44 and EIF3B

RNAs.

Furthermore, we found larger gains in structuredness after in
silico linearization for EVs-enriched circRNAs than those with no
enrichment or cell-retained circRNAs (Figure 5B). Furthermore,
when we compared the structuredness of circRNAs to that of their
linear counterparts, we observed that circRNAs, on average, had
significantly lower size-normalized structuredness (indicated by
higher MFE/nt) than their linear counterparts (Figure 5C).

Conversely, we investigated whether linear RNAs would become
less structured after circularization. In-silico circularization of
mRNA sequences from our dataset, led to lower structuredness
(Figure 5D). Similarly, IncRNAs showed lower structuredness
after circularization (Figure 5E). These data suggest that cir-
cular conformation leads to lower structuredness of circRNAs
which could explain their EVs enrichment over their linear
counterparts.

To experimentally verify these in silico results, we designed a
linear and circular version of GFP, and we cloned either linear
GFP or circular form of GFP (circGFP) in HeLa cells and isolated
RNAs from both cellular and EV fractions of cells expressing
these GFP variants. We found that circGFP could be detected in
EVs but not linear GFP (Figure 5F). To confirm the circularity
of the circGFP, the PCR products from both cellular and EV
fractions were extracted and sequenced to confirm the presence

of the back-splice junction (Figure 5G). These results validated
our findings that circularization of a linear RNA could increase
its enrichment in EVs likely by lowering its structuredness.

2.6 | Prediction of RNA Enrichment in EVs and
Visualization of EV Bound RNAs Using SPIRFISH

Combining all of the above information, we sought to build
a model that can predict the enrichment of RNAs in EVs.
Starting with circRNAs, we developed two random forest mod-
els that takes the cis element information of circRNAs and
mRNAs, respectively, as input, including structure parameters
(MFE, MLD, SL, ML, BP and BP90), GC% and AT%, size, exon
count per kilobase, and coding probability for circRNAs. The
models achieved an area under the curve of receiver operating
characteristic curve (AU-ROC) of 78.3% and 70.2%, respectively
(Figure 6A).

We then ranked the importance of sequence features from the
model and found the three most important variables are size,
coding probability and compactness (MLD) for circRNAs and
AT%, GC% and structuredness (MFE) for mRNAs (Extended Data
Figure 7A, B). To showcase the applicability of this model, we
selected two mRNAs: ZBTB44 which was predicted to be enriched

8 of 17

Journal of Extracellular Vesicles, 2025



FIGURE 7 | Model of RNA sorting into EVs: MVB, multivesicular
body. Different coloured proteins are depicting unique proteins that
interact with high or low structured RNAs. Created with BioRender.com.

in EVs and EIF3B which was predicted to not be enriched in EVs
by our model). ZBTB44 and EIF3B mRNAs had different profiles
of sequence features and thus their EV enrichment scores for
were 83.34% and 19.8%, respectively (Figure 6B). We utilized our
recently developed SPIR-FISH method that allows simultaneous
detection of protein and RNAs in single EVs (Troyer et al. 2024).
Using smFISH probes for both ZBTB44 and EIF3B, we found
that ZBTB44 showed significantly higher particle count that were
smFISH+ compared to EIF3B indicating the presence of ZBTB44
in individual EVs (Figure 6C, D and Extended Data Figure 7C).

These results highlight that these sequence features are important
contributors to RNA cargo selection and can be used to predict
RNAs enrichment in EVs with reasonable accuracy.

3 | Discussion

In this study, we evaluated the role of several cis factors in
the enrichment of different RNA species into EVs. Our findings
suggest that RNA packaging into EVs is dependent on a com-
bination of RNA cis elements including GC%, size, the number
of exons, structuredness and the coding potential for non-coding
RNAs. Although numerous studies have investigated the role of
GC%, size and exons count in RNAs enrichment in EVs, this is
the first study exploring the role of structuredness and coding
potential of RNA in its extracellular transport as well as looking
at combinatorial effect of multiple cis factors. We used a genome
wide approach to characterize long RNA cargo of EVs. Our
data validated the fact that circRNAs are more abundant in EVs
compared to other long linear classes of RNA, such as mRNAs
and IncRNAs which was also reported by other studies (Li et al.
2015; Lasda and Parker 2016). The process of EVs cargo selection
is likely a highly regulated one where the cellular function and
homeostasis of a given RNA could affect its enrichment in EVs.
For example, CDR1as, a circRNA well known for its sponging
function of miR-7, was not enriched in EVs when miR-7 mimics
were introduced in the cell while its cellular levels increased (Li
et al. 2015). Thus, RNA cargo selection for EVs could potentially

be a yet another tool in the arsenal of cell to regulate its gene
expression (O’Grady et al. 2022).

The most common mechanism explored for RNA transport thus
far relies on the ability of RBPs to recognize specific sequence
motifs in the RNA sequences. RNA-RBP interactions are often
attributed to sequence motifs, also known as “zip codes”, recog-
nized by RBP RRMs. These motifs, typically up to 25 nucleotides
long with a core sequence of 4-5 nucleotides, are often located
at the 3’ end of the RNA. Several subcellularly localized RNAs
contain consensus zip codes (Hamilton and Davis 2007; Martin
and Ephrussi 2009), which have also been implicated in RNA
packaging into intracellular compartments (Arora et al. 2022).
Recent efforts have focused on identifying such zip codes for
RBPs that can be responsible for EV RNA targeting, primarily
for miRNAs (Mukherjee et al. 2016; Oka et al. 2023; Santangelo
et al. 2016; Shurtleff et al. 2016; Villarroya-Beltri et al. 2013) and
to a lesser extent for mRNAs (Bolukbasi et al. 2012; Szostak
et al. 2014). A purine-rich zip code has also been reported for
circRNA sorting (Zhang et al. 2019). However, the presence
of these zip codes alone cannot fully explain the differential
sorting and transport of RNAs (Jankowsky and Harris 2015),
especially in the case of circRNAs, which share the same sequence
as linear counterparts but exhibit distinct localization patterns.
For instance, several studies showed preferential enrichment of
circRNAs over their linear counterparts in EVs (Zhao et al. 2024).
The altered conformation resulting from circularization likely
affects the presentation or sequestration of zip codes compared
to linear RNAs (Choudhary et al. 2019). Although protein struc-
tural biology and computational tools have provided significant
insights into RRM structure and function, the arrangement of zip
codes within folded RNA structures and how these arrangements
influence RBP recognition remains unclear (Dominguez et al.
2018). This RBP-dependent RNA transport is studied both in the
context of the transport of different RNA species within the cell
as well for its extracellular Transport (Batish et al. 2012; Fabbiano
et al. 2020). For instance, it was believed that neuronal RNAs are
transported to distal dendrites via packaging into RNA granules
using RBPs by virtue of having the RBP recognition motifs termed
as “zip codes”. However, it was shown that addition of zip codes
from a dendritically localized RNA to an exogenous RNA does not
result in its packaging into RNA granules. In fact, single molecule
imaging revealed that RNA granules do not have aggregates of
RNAs of same or different species implying that these zip codes
do not direct the packaging of RNAs into granules (Batish et al.
2012). Similarly, several zip codes have been identified for EV
bound RNAs particularly for miRNAs. We evaluated the presence
of these zip codes in EV-enriched circRNAs and long linear
RNAs and could not find preferential enrichment of zip codes in
circRNAs over their linear counterparts. These results signify that
the presence of RBP recognition motifs on RNAs cannot solely
dictate the packaging of a given RNA species into EVs, and that
certain constraints on RNA transport apply in conjunction.

Recent work has identified the correlation of other RNA cis
factors with EVs enrichment. Of note, size and GC content are one
of most evaluated features. CircRNAs in EVs were also reported to
have smaller size and lower GC% compared to cellular circRNAs
(Zhang et al. 2019). Consistently, we observed that circRNAs
enriched in EVs in our dataset as well as in public databases have
a smaller size. Further, GC% of circRNAs with high detection

9 0of17



frequency in exoRBase was significantly different. In our dataset,
although the GC% difference was not significant, it was slightly
lower than that of cell-retained circRNAs. Given the small size of
EVs, it is perhaps reasonable to assume that smaller RNAs would
have a higher tendency to be packaged as compared to longer
RNAs. Furthermore, O’Grady et al., have recently examined the
correlation of cis elements such as GC%, size and exon counts
with EVs enrichment of linear RNAs and found that EV enriched
linear RNAs tend to have smaller size, contain a larger number
of exons and have relatively higher GC% (O’Grady et al. 2022).
We found similar results for the size and exon count for mRNAs
and IncRNAs, but our data suggest that linear RNAs that are EVs
enriched have lower GC% compared to those retained in the cell.
Some studies, however, have found no difference in GC content
of long RNAs between EVs and human plasma while others
reported lower GC% of circRNAs in EVs fractions compared to
cellular fractions in HepG2 cells (Rodosthenous et al. 2020; Zhang
et al. 2019). This inconsistency could be attributed to different
cell types used in those studies and, therefore, might suggest an
inconsequential role of GC content in enriching RNAs in EVs.

The coding potential is a relatively less explored feature of
RNA that we showed to be correlated with EV enrichment.
Interestingly, we found that coding potential has opposite effects
for circular and linear RNAs. Analysis of RNAs from public
datasets confirmed the effect we observed in our own data. EVs
were enriched with circRNAs of lower coding potential and
IncRNAs of higher coding potential than their respective cellular
fractions. Although some circRNAs were recently reported to
encode peptides, they still represent a small fraction of identified
circRNAs. For instance, about 1200 circRNAs are predicted to
have the ability to be translated into peptides (Li et al. 2021).
This number diminishes in comparison to over 90,000 circRNAs
reported in circBase and over 289,000 reported in more recent
databases such as CircNet 2.0 (Glazar et al. 2014; Chen et al. 2022).
Conversely, regulatory functions of circRNAs including miRNAs
sponging and protein interactions remain the main functions
reported for circRNAs. For instance, the number of predicted
circRNA-miRNA interactions are over nine million (Chen et al.
2022). On the other hand, Almeida et al. have reported numerous
IncRNAs in EVs that were predicted to encode peptides and have
experimentally confirmed several of those peptides (Almeida
et al. 2022). Perhaps, cells prioritize circRNAs with non-coding
functions and IncRNAs with translation capabilities to be trans-
ported into EVs. Furthermore, we quantified the correlation of
protein abundance with mRNAs abundance in cells and obtained
similar results to what is reported in literature (Jarnuczak et al.
2021). It is intriguing to see a small, albeit significant, increase in
correlation of protein abundance with mRNAs abundance in EVs
compared to cells. Our data also indicate EV enriched mRNAs
had higher cellular protein abundance. It is possible that cells
might opt to restrict the transport of mRNAs with low protein
abundance as their function could be needed in the cell.

One of the key findings of this study is the role of structuredness
on RNA transport. Our data suggest that structuredness is a novel
factor that could explain the preferential enrichment of circRNAs
in EVs. Recently, RNA secondary structure was reported to play
a major role in determining the decay of cellular mRNAs and
circRNAs. This process has been termed as structure-mediated

RNA decay (Fischer et al. 2020). Specifically, highly structured
linear and circular RNAs are more prone to decay in the cell
compared to those with lower structuredness (Fischer et al. 2020).
Here, we report that structured RNA decay does have implica-
tions on the transport of RNAs into EVs wherein highly structured
RNAs tend to be retained in the cell and not get packaged into
EVs while less structured RNAs tend to get enriched into EVs.
We applied our observations to publicly available datasets for
circRNAs as well as linear RNAs and found that structuredness
was consistently inversely correlated with EVs enrichment of
RNAs. Furthermore, our data suggest that circularization of
RNA leads to a decrease in its structuredness, and that this
could explain the preferential enrichment of circRNAs in EVs
over their cognate linear isoforms. Specifically, we found that
most circRNAs have lower size-normalized structuredness than
their linear isoforms and that the enrichment of circRNAs is
independent of their linear isoforms. This selective enrichment
may be due to the enhanced stability of circRNAs as they are less
likely to be targeted by structure-mediated RNA decay pathway.
Furthermore, it is likely that different RBPs recognize RNAs
based on their structure instead of just the sequence motifs. In
other words, the actual “zipcode” might lie in the secondary
structure of RNA instead of its linear sequence.

Thus, we found that a combination of multiple factors contributes
to the enrichment of circRNAs in EVs. The higher abundance of
circRNAs in EVs could enhance their role in modulating gene
expression in recipient cells, suggesting a preferential mechanism
for EV-mediated transfer of regulatory RNAs as well as miRNAs
which had been extensively reported in literature (Bao et al. 2018;
Abels et al. 2019; Harmati et al. 2019). Our data indicate that there
is a selection process in the cell where RNAs of different classes
either get sorted to EVs or are retained in the cell based on their
cis elements (Figure 7). It is likely that this process is mediated
by RBPs that recognize these elements along the RNA sequence
and effect their transport (O’Grady et al. 2022). For instance, RBPs
could bind to stem-loop or other structured parts of an RNA
leading to its retention in the cell whereas those lacking such
structured elements are free to bind other RBPs that facilitate
their enrichment in EVs.

Cellular origin could impact RNA profiles in EVs and hence
conducting such analysis using a few cell lines under specific
conditions may not fully capture the diversity of RNA enrichment
patterns in EVs (Vaka et al. 2023). For this reason, we sought
to validate our results using existing publicly available databases
such as exoRBase. In the case of circRNAs and mRNAs, we were
able to validate most of the results from our datasets. It is possible
that different factors could be at play in different cell types or
in response to various environmental conditions. Furthermore,
although we have focused in this study on the cis elements of
RNAs that are correlated with their enrichment in EVs, these
effects are probably mediated through a network of RBPs in the
cell. Ongoing work aims to identify RBPs that are potentially
involved in RNA sorting into EVs and investigate the specific
molecular mechanisms underlying these interactions. Functional
validation experiments, such as RNA immunoprecipitation or
knockdown studies, are then needed to confirm the role of these
proteins in RNA packaging and to determine if other unidentified
factors contribute to this process.
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Differentiating reads originating from circRNAs and mRNAs in
RNA-Seq data has been quite challenging. To investigate circR-
NAs, we utilized RNase R treatment in this study which is a 3’-5’
exoribonuclease that degrades linear RNAs with high processivity
and, thereby, enriching circRNAs. However, RNase R’s activity is
not 100% effective in degrading linear RNAs. Specifically, RNase
R needs at least seven unstructured nucleotides at the 3’ end of
RNAs to be able to bind those RNAs (Vincent and Deutscher
2006). Moreover, it was reported RNase R is interrupted by inter-
nal G-quadruplex structures (Xiao and Wilusz 2019). Therefore, it
remains difficult to accurately distinguish reads from linear and
circular transcripts. Hence, we relied on back-splice junctions to
count circRNAs for most of our analysis. Although this definitely
gives an underrepresented count of circRNAs in a sample, it lends
more confidence to the conclusion of our analysis. This could
explain the discrepancy between studies reporting circRNAs
enrichment in EVs and those unable to detect such enrichment.
The latter studies have likely relied solely on back splice junctions
to quantify circRNAs enrichment (Pérez-Boza et al. 2018). Full-
length RNA-Seq, and perhaps in conjunction with short-read
sequencing, could be able to address this challenge and to further
identify alternatively spliced circRNAs isoforms that share the
same back splice junction (Xin et al. 2021; Kontos et al. 2023).
Furthermore, imaging approaches such as circFISH can be used
to experimentally quantify the difference between circular and
linear transcripts of a given gene (Koppula et al. 2022).

Although our study sheds light on new factors influencing RNAs
enrichment in EVs, several limitations need to be acknowledged.
The methods used for EV isolation could introduce biases in
the types of RNAs detected and EVs of different size could have
different cargo (Tang et al. 2017; Barreiro et al. 2020). In this
study, most of our EVs population were within the size range
of small EVs (SEVs) (<200 nm) (Welsh et al. 2024). It would be
interesting to see if these findings would be applicable to EVs of
larger size ranges. Moreover, in some EVs isolation techniques,
other extracellular components, such as lipoproteins or protein
complexes could be co-isolated with EVs, which could confound
the analysis of RNA content. For this reason, we included
a size exclusion step in our EV isolation protocol to remove
such confounding factors. Additionally, many of the steps in a
RNA-Seq protocol can introduce biases, particularly for samples
with low quantity and/or quality of RNA which can eventually
affect the comprehensiveness of RNA profile analysis (Shi et al.
2021). Further studies using a broader range of cell types and
experimental conditions would be important to generalize these
findings. Furthermore, our study primarily focused on the steady-
state levels of RNA in EVs without considering the dynamics of
RNA packaging and release. RNA content in EVs may change
over time or in response to cellular or environmental stimuli, and
these temporal dynamics were not captured in our experimental
design. Longitudinal studies with time-course analysis would
provide a more comprehensive understanding of how RNA cargo
is selectively packaged into EVs under such different conditions.
Addressing these limitations in future research will be critical to
fully understanding the mechanisms governing RNA enrichment
in EVs and their potential applications in therapeutics.

Our study provides insights into the factors that govern RNAs
enrichment in EVs, emphasizing the selective nature of RNA
packaging influenced by various RNA cis elements. Ongoing

work in our lab is focused on determining if RNA structure
plays a role in intracellular RNA transport as well and to
characterize RBPs that are involved in distinguishing EV cargo
based on RNA structure and the underlying mechanisms for this
selection process. Understanding these mechanisms is crucial
for leveraging EVs in therapeutic applications as RNA delivery
vehicles. Future work should focus on elucidating the detailed
molecular mechanisms driving selective RNA packaging and
enrichment and how these processes are altered in different
pathological states. This could pave the way for more precise use
of EVs in therapeutics applications.

4 | Materials and Methods

4.1 | Cell Culture

DLD-1 cells (a generous gift from Leung lab (Johns Hopkins,
MD, USA)), HEK-293T, and HeLa cells were cultured in DMEM
(Millipore Sigma, St. Louis, MO, USA, D6429) supplemented with
10% FBS (Millipore Sigma, St. Louis, MO, USA, F2442) and 1%
penicillin/streptomycin (Millipore Sigma, St. Louis, MO, USA,
P4333). All cells were grown in a humidified incubator at 37°C
and with 5% CO2. HeLa cells were transduced with lentiviruses
to generate stable engineered cell lines. Briefly, second generation
lentiviral vectors were used along with either a plasmid express-
ing linear (Addgene 12154) or a plasmid expressing circular GFP
(circGFP) (a gift from Guarnerio Lab) in 293T cells to produce
lentiviruses that were collected, concentrated and then added to
HelLa cells (Guarnerio et al. 2019). Successfully transduced cells
were sorted using Fluorescence Activated Cell Sorting (FACS)
(BD FACSAria IT1, San Jose, CA, USA).

4.2 | EVsIsolation and Characterization

DLD-1 cells were grown in T-175 flasks to 50%-70% confluency
and were washed twice with sterile PBS. The growth medium
was then replaced with serum-free growth medium, and cell
culture conditioned medium (CCM) was collected after 48 h.
Collected CCM was spun down using ThermoFisher Sorwall
WX80 centrifuge at 10,000xg for 30 min at 4°C with max.
acceleration and deceleration using Open-Top Thinwall Ultra-
Clear Tubes (Beckman Coulter, 344058) and AH-629 swinging
bucket rotor (K factor: 242). The subsequent supernatant from
the spin was centrifuged again at 100,000xg for 70 min at
4°C. Resulting pellet was resuspended in 1 mL PBS and loaded
onto a qEVI Legacy 70 nm column (Izon) prewashed with
Dulbecco’s phosphate buffered saline (DPBS, Gibco) and four 1-
mL fractions were collected using automated fraction collector
(Izon) with default settings. Fractions were combined and further
concentrated with Amicon 15 Ultra RC 10 kDa filters (Millipore
Sigma at room temperature (RT, approx. 22C) till final volume.

Flow NanoAnalyzer (NanoFCM, Inc) was used to measure the
concentration and size of particles following the manufacturer’s
instructions. Briefly, the instrument was calibrated separately for
concentration and size using 250 nm PE- and FITC- fluorophore-
conjugated Silica Nanospheres (NanoFCM, QS2502) and a Silica
Nanosphere Cocktail #1 (NanoFCM, S16M-Exo), respectively.
Samples were diluted in DPBS, and events were recorded for
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1 min. Using the calibration curve, the flow rate and side
scattering intensity were converted into corresponding particle
concentrations and size. We have submitted all relevant data of
our experiments to the EV-TRACK knowledgebase (EV-TRACK
ID: EV250065) (EV-TRACK Consortium et al. 2017)

4.3 | Western Blot

The volume of the final product normalized for all samples. 10 uL
of the sample were mixed with 8 uL of 1x PBS and were lysed in
1x radioimmunoprecipitation assay buffer (RIPA, Cell Signalling
Technology, 9806) for 30 min at RT. Lysates were heated at 100C
for 5 min with Laemmli sample buffer (Bio-Rad, 1610747).

Samples then were subjected to SDS-PAGE using a 4%-15%
Criterion TGX Stain-Free Precast gel (Bio-Rad, 5678084), then
transferred onto a PVDF membrane (Invitrogen, IB24001) using
iBlot 2 semi-dry transfer system (Invitrogen) for 1 min at 20 V,
4 min at 23 V and 2 min at 25 V. Blots were incubated for
1 h in PBST (PBS with 0.05% Tween-20 (BioXtra, P7949) and
5% Blotting Grade Blocker (Bio-Rad, 1706404) (PBST-Milk) and
incubated overnight (approx.16 h) in primary antibodies (CD63
BD Biosciences, 556019 1:1000 dilution, CD9 Biolegend, 312102
1:1000 dilution; Syntenin-1 Abcam, ab133267 1:1000 dilution; GM-
130 Santa Cruz, sc-55590 1:500 dilution; and Ago-2 Abcam 186733
1:1000 dilution). Membranes were washed three times in PBST-
milk before incubation with species-specific HRP-conjugated sec-
ondary antibodies (m-IgGx BP-HRP Santa Cruz, 616102 1:10000
dilution; or Mouse anti-Rb IgG HRP, Santa Cruz 2327 1:10000
dilution). SuperSignal West Pico PLUS Chemiluminescent Sub-
strate (Thermo Scientific, 34580) was used for detection, and blots
were visualized with an iBright 1500FL Imager (Thermo Fisher).

4.4 | Transmission Electron Microscopy
Extracellular vesicle preparations (10 pL) were imaged as
described in Huang et al. (2020) with a Philips CM120 instrument
and an 8-megapixel AMT XR80 charge-coupled device (Huang
et al. 2020).

4.5 | RNA Extraction, Library Preparation and
Sequencing

RNA extraction and total transcriptome sequencing were con-
ducted as described in Huang et al. (2024). In brief, total RNA
was extracted from cells with Trizol (Thermo Fisher, 15596018)
or 100 puL EVs with Trizol LS (Thermo Fisher; 10296028). After
homogenization, RNA was isolated using miRNeasy solutions
(Qiagen, 217004) with Zymo-Spin columns (Zymo Research,
C1003-50). RNA purity and concentrations were measured using
Nanodrop (Thermo Scientific, Waltham, MA, USA, ND-2000).

RNAs from cells (2,000 ng) and EVs (960 ng) was incubated
with 1 U/pug RNase R (Lucigen, RNR07250) at 37°C, 30 min and
purified by RNA Clean&Concentrator-5 (Zymo Research, R1014).
cDNA libraries (100 ng RNA, with/without RNase R) were made
with “IDT for Illumina RNA UD” indices by Stranded Total RNA
Prep Ligation w/Ribo-Zero Plus (Illumina, 20072063). Yield/size

distribution were assessed by Fragment Bioanalyzer (Agilent,
DNA 1000, 5067-1505). Multiplexed libraries were equally pooled
to 2.5nM and sequenced by NovaSeq 6000/S1 Reagent Kit version
1.5 (Illumina, 300 cycles; 20028401).

4.6 | RT-qPCR and Sanger Sequencing

Total RNA was extracted from cells or EVs by lysis in Trizol
(Sigma, St. Louis, MO, USA, T9424) using the phenol-chloroform
method, following the manufacturer’s protocol. RNA purity
and concentrations were measured using Nanodrop (Thermo
Scientific, Waltham, MA, USA, ND-2000). Equal concentrations
of RNA from cells and EVs were used for cDNA synthesis using
iScript Reverse Transcription Supermix (Bio-RAD, Hercules, CA,
USA, 1708841), and gene expression was analysed using iTaq
Universal SYBR Green Supermix (Bio-RAD, Hercules, CA, USA,
1725124) according to the manufacturer’s protocol. All of the
experiments were performed in triplicates. CT values were used
to calculate fold change (2724€T) using Actin (ACTB) RNA as
control (Schmittgen and Livak 2008). The p values were obtained
using Student’s ¢ test. PCR products were visualized by agarose
gel electrophoresis to confirm amplification and assess fragment
size. Circular GFP (circGFP) amplicons from cellular and EVs
fractions were purified using QIAEX II Gel Extraction Kit
(Qiagen, Hilden, Germany, 20021) and sent for Sanger sequencing
(Azenta Life Sciences, South Plainfield, NJ, USA). All the primer
sequences used are provided in Table SI.

4.7 | SPIRFISH Imaging

SPIRFISH (single-particle protein and RNA analysis, combining
single particle interferometric reflectance imaging sensor with
single-molecule fluorescence in situ hybridization) was per-
formed as previously described (Troyer et al. 2024). Briefly, 45 uL
of EVs diluted to 4E+8 particles/mL (based on NanoFCM mea-
surement, detection range 45-180 nm) was incubated overnight
on Leprechaun Exosome Human Tetraspanin Kit (Unchained
Laboratories, #251-1044). The following day, unbound particles
were removed, fixed and permeabilized using ExoView Chip
washer following cargo protocol with reagents from Unchained
Laboratories, Leprechaun exosome cargo upgrade, #251-1049.
Chips were then incubated with fluorescent antibodies against
Syntenin-1 (from Cargo upgrade kit), and CD9 (from Tetraspanin
kit), and 4 pL of smFISH probes (from 50 ng/uL smFISH probe
stock for 1 h in the dark on a microplate shaker at 430 rpm at
37°C. After incubation, unbound antibodies were removed by
additional washes and chips were dried and scanned interfero-
metrically and fluorescently using the ExoView R100 instrument.
All the smFISH probes used are provided in Table S2.

4.8 | CircRNAs Analysis

For RNA-Seq data: Quality control of RNA-Seq data were per-
formed using FastQC and MultiQC (Ewels et al. 2016). Data
were aligned to human genome (hg38) using STAR 2.7.10b and
circRNAs were identified using CircExplorer2 2.3.8 (Zhang et al.
2016; Dobin et al. 2013). CircRNA exon sequence coordinates
were obtained based on all exon sequences in UCSC known
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gene annotations (v40) that overlap the circRNAs coordinates
reported by circExplorer2 using GenomicFeatures 1.54.4 R pack-
age (Lawrence et al. 2013). To ensure the accuracy of circRNAs
annotations, both start and end positions of circRNAs had to
match an exon boundary in the annotations. Next, circRNAs
sequences were extracted from human genome (hg38) using
BSgenome 1.70.2 R package. When comparing the enrichment of
circular and linear RNAs in EVs, Kallisto 0.44.0 was used to align
the reads from RNase R-treated samples to human genome (hg38)
and these counts were compared to mRNA counts obtained
from mock-treated samples (Bray et al. 2016). For circRNAs in
ExoRBase 2.0 and CircBase, transcripts with no stop codons were
first discarded from UCSC known gene annotations (v40) then
exons that intersect with circRNAs coordinates were obtained
using GenomicFeatures 1.54.4 R package) (Glazar et al. 2014; Lai
et al. 2022; Lawrence et al. 2013). Next, sequences were extracted
similarly. For circRNAs quantification, number of forward-splice
(fsj) and back-splice (bsj) junction reads were obtained using
CIRIquant 1.1 with default parameters (Zhang et al. 2020). Then,
the ratio of circular/linear RNAs were calculated as follows:
2 * bsj/(2 * bsj + fsj). Intron coverage information was obtained
using CIRI-AS 1.2 for all cells and EVs samples. Coverage of
circRNAs of two more exons were calculated as follows: First
and last exons coordinates were identified from Gencode v32
annotations and then these exons were scaled to 100 regions
and mean coverage for each region was calculated. In case of
circRNAs with more than 1 intron, all introns within circRNA
coordinate were first concatenated, scaled to 100 regions and then
processed as mentioned for exons.

4.9 | Linear RNA Analysis

For all linear RNA analysis, control (no RNase R treatment)
samples were used. First, Gencode v32 annotations was obtained
and divided into three categories: mRNAs containing protein-
coding RNAs, IncRNAs containing long non-coding RNAs and
others containing all other transcripts. Next, Gencode v32 anno-
tations were then used to further separate mRNA transcripts
into 5 UTR, CDS, and 3’UTR using GenomicFeatures 1.54.4 R
package, and their sequences were obtained from human genome
(hg38) using BSgenome 1.70.2 R package (Lawrence et al. 2013).
Individual indexes were built for the three linear RNA groups
from the extracted sequences using Kallisto 0.44.0 and reads
were then aligned to those sequences (Bray et al. 2016). Counts
were imported using tximport 1.30.0 R package and analysed for
differential expression using DESeq2 1.42.1 R package (Love et al.
2014). ExoRBase sequences were obtained by first matching the
gene ID from the database to that in Gencode v32 annotations and
then extracting the sequences from human genome (hg38) using
BSgenome 1.70.2 R package.

4.10 | Differential Expression Analysis

Differential expression was performed using DESeq2 1.42.1 R
package with default parameters (Love et al. 2014). RNAs
were labelled as EVs-enriched (EVE) if their adjusted p value
(FDR) < 0.05 and fold change > 0, or as cell-retained (CR) if
FDR < 0.05 and fold change < 0, or as not significantly different
(NS) otherwise.

411 | Gene Ontology and KEGG Enrichment

Gene ontology enrichment analysis of EVs enriched mRNAs was
performed using DAVID (Sherman et al. 2022), for biological
process (BP).

4.12 | Structure Parameters Analysis

RNAfold 2.4.13 from ViennaRNA package was used to calculate
the minimum free energy (AG) of RNAs which was normalized
to the length of RNAs (—AG/nt) (Lorenz et al. 2011). The “~circ”
option was used for circRNAs or to calculate (—AG/nt) of linear
sequence in circularization experiment. Due to size limitation
of RNAfold, sequences bigger than 32,767 nt were not included
in the analysis. RNA-fold output was then used to calculate
other parameters including maximum ladder distance (MLD),
number of stems (SL), number of multi-loops of order 3 or higher
(ML), number of base pairs (BP) and 90th percentile of base
pair distances (BP90). MLD, BP and BP90 were calculated using
custom script in python while SL and ML were calculated using
bpRNA (Danaee et al. 2018).

4.13 | Prediction of RNA Enrichment

Random forest model was implemented using randomForest
4.7-1.2 R package using default parameters for classification
of EVs enrichment of RNAs. All RNA groups were split into
training and test sets, with 80% allocated for training and 20% for
testing. Synthetic Minority Over-sampling Technique (SMOTE)
was applied to address class imbalance for the EV enriched class
(Chawla et al. 2002). Number of variables randomly sampled
as candidates at each split (mtry) was optimized using 10-fold
cross validation using caret 7.0-1 R package. Model’s performance
was evaluated on the held-out test set using receiver operating
characteristic (ROC) curves and their corresponding Area Under
the Curve (AUC) values. AUC curves were generated using
ggplot2 3.5.1 R package. Feature importance was assessed using
mean decrease in Gini.

4.14 | Protein Abundance

Cells were collected and rinsed three times with cold PBS, and
then lysed with SDS buffer (5% SDS, 100 mM Tris-HCI, pH = 8).
The lysate was digested using E3filter (CDS Analytical, Oxford,
PA, USA) as described previously (Martin et al. 2024). The digests
were desalted using C18 based StageTips, dried in SpeedVac, and
stored under —80°C before further analysis. The peptides were
analyzed on an Ultimate 3000 RSLCnano system in conjunction
with an Orbitrap Eclipse mass spectrometer and FAIMS Pro
Interface (Thermo Scientific) following a method published
previously (Martin et al. 2024). For data-independent acquisition
(DIA) and FAIMS settings, we adapted a protocol reported in a
previous paper (Elsayyid et al. 2025). The DIA mass spec data
were processed using Spectronaut software (version 19.1) with
most of the default settings (Bruderer et al. 2015). Briefly, a library-
free DIA analysis workflow with directDIA+ and an UniProt
human protein database (82,861 sequences; version July 2024)
were used. The settings for Pulsar and library generation include:
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Trypsin/P as specific enzyme; peptide length from 7 to 52 amino
acids; allowing two missed cleavages; toggle N-terminal M is
true; Carbamidomethyl on C as fixed modification; Oxidation on
M and Acetyl at protein N-terminus as variable modifications;
FDRs at PSM, peptide and protein level all set to 0.01. Next,
the output intensity-based absolute quantification (iBAQ) values
from the protein quantity report were correlated with TPM values
for mRNAs from Kallisto 0.44.0 (Bray et al. 2016).
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