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Abstract

Background: Exosomes and other extracellular vesicles (EVs) have emerged as an important mechanism of cell-to-
cell communication. However, previous studies either did not fully resolve what genetic materials were shuttled by
exosomes or only focused on a specific set of miRNAs and mRNAs. A more systematic method is required to identify
the genetic materials that are potentially transferred during cell-to-cell communication through EVs in an

unbiased manner.

Results: In this work, we present a novel next generation of sequencing (NGS) based approach to identify EV
mediated MRNA exchanges between co-cultured adipocyte and macrophage cells. We performed molecular and genomic
profiling and jointly considered data from RNA sequencing (RNA-seq) and genotyping to track the “sequence
varying mRNAs" transferred between cells. We identified 8 mRNAs being transferred from macrophages to adipocytes
and 21 mRNAs being transferred in the opposite direction. These mRNAs represented biological functions including
extracellular matrix, cell adhesion, glycoprotein, and signal peptides.

Conclusions: Our study sheds new light on EV mediated RNA communications between adipocyte and macrophage
cells, which may play a significant role in developing insulin resistance in diabetic patients. This work establishes a new
method that is applicable to examining genetic material exchanges in many cellular systems and has the potential to

be extended to in vivo studies as well.

Keywords: Extracellular RNA (exRNA), Exosome, Cell-to-cell communication, RNA-seq, Macrophages, Adipocytes,
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Background

Cell-to-cell communication plays a key role in maintaining
the integrity of multicellular systems. The most studied cell-
to-cell communication mechanisms include chemical or
hormone-mediated signaling and direct cell-to-cell contacts.
In late 19905, exchange of cellular information was also
demonstrated to occur via release of intracellular contents
packaged in lipid bilayer vesicles called extracellular vesi-
cles (EVs) or exosomes as reviewed by Colombo et al. [1].
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Various types of EVs exist and are generally classified ac-
cording to their sub-cellular origins. Microvesicles (MVs)
are EVs formed and released by budding from cells plasma
membrane and display a diverse range of sizes (100—
1000 nm in diameter). Exosomes, in contrast, are of endo-
somal origin and are released as a consequence of multi-
vesicular endosomes fusing with the plasma membrane
and are generally small in size (30—150 nm). Importantly,
EV secretion appears to be conserved throughout evolu-
tion and is a characteristic of most cell types including
adipocytes, macrophages, hematopoietic, neuronal, fibro-
blastic, and various tumour cells [2, 3]. Furthermore, these
EVs have been found to contain various types of cargo,
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such as mRNA, microRNA, proteins, lipids, and DNA
[4-6], representing diverse ways of mediating cell-to-
cell communications. As EVs contain surface mole-
cules that can be recognized by recipient cells, these
molecules can be readily shuttled from one cell to an-
other and thereby influence the biological state of the
recipient cell in multiple ways [1].

With the potential of EVs as critical mediators of cell-
to-cell communication, they have become a key focus of
research for numerous pathological settings as bio-
markers as well as mediators of disease. A role for EVs
has been subsequently identified in various disease set-
tings, including diabetes, cardiovascular disease, inflam-
mation and pain, degenerative brain disorders and
cancer, to name a few. For example, Deng et al. demon-
strated that exosome-like vesicles obtained from obese
mice was sufficient to induce insulin resistance when
injected into wild-type C57BL/6 mice [2]. Ibrahim et al.
pinpointed exosomes secreted by human cardio sphere-
derived cells (CDCs) as critical agents of regeneration of
injured heart muscle and cardio protection. They found
that the injection of exosomes into injured mouse hearts
recapitulated the regenerative and functional effects pro-
duced by CDC transplantation, whereas inhibition of
exosome production by CDCs blocks these benefits [7].
With respect to cancers, exosomal microRNAs and
RNA are in fact being used as diagnostic biomarkers for
several cancers such as ovarian cancer [8]. Moreover,
exosomes have been adopted as carriers to load MHC
class I and class II peptides for vaccinating metastatic
melanoma patients [9] and to deliver antitumor micro-
RNA let-7a to treat breast cancer in mice [10]. The
readers are referred to recent review articles for detailed
roles of exosomes in disease processes [11, 12].

Despite the seemingly extensive characterization of
EVs to date, however, limitations exist. First, though sev-
eral studies have identified many genetic materials
within EVs, they were not detailed as necessarily being
transported and released into recipient cells [13]. Sec-
ondly, there is a lack of estimation of the transferring
rate, e.g., the proportion of total genetic materials (in the
form of mRNA, miRNA, protein, etc.) being transferred
from one cell to another. Mittelbrumn et al. demon-
strated the existence of antigen-driven unidirectional
miRNA transfer from the T cell to the antigen-presenting
cells [14]. However, it is not clear if the unidirectional
transfer is true between other cell types. For these rea-
sons, a more systematic method is needed to identify
the genetic materials that are potentially transferred
during cell-to-cell communication through EVs in an
unbiased manner.

In this study, we jointly consider data from RNA se-
quencing and genotype array to systematically discover
mRNA exchanges between two co-cultured cell lines of
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different genetic backgrounds. We relate those ex-
changes to potential EV mediated transfer by verifying
them with mRNA sequencing of purified EVs. Given the
precedent for potential crosstalk between macrophages
and adipocytes in adipose tissue under obese conditions
leading to insulin resistance [15], we chose to apply our
novel methodology to co-cultures of human differenti-
ated adipocytes and macrophages.

Methods

Experimental design and data generation

Experimental design

Our main experiment was performed on an in vitro
co-culture cellular system, in which two types of human
cells, namely, the adipocytes and macrophages were
cultured in transwell plates with porous membrane
inserts (pore size of 0.4 pum) to prevent them from being
mixed together (Corning, Inc. Costar, NY, USA, see
Additional file 1). The porous membrane allows small
particles (size less than 0.4 pm) to pass through, making
EV mediated mRNA exchanges between the two cell lines
possible, which has been demonstrated by Garcia et al.
[16] and Zheng et al. [17] (Fig. 1a and Additional file 1:
Figure S1). The two cell lines were derived from donors
with no known familial relationships. Therefore, a large
number of single nucleotide polymorphic (SNP) markers
between the two cell lines were expected which would
allow us to easily distinguish cell origins. With this expe-
rimental setting, we planned to address: if there are
mRNA exchanges detectable between the two cell lines;
what the genes being transferred and their functions are;
and finally if any transferred mRNAs are likely mediated
by EVs in the media.

Data generation

We performed genotype profiling using the Illumina
HumanOmni2.5Exome-8 BeadChip for the two cell
lines with two technical replicates for each cell line
(Adipocyte (AD) B1/B2 and Macrophage (MO) B1/B2).
We also performed RNA-seq profiling for both single
cultured and co-cultured cells. For single cultured cells,
we generated RNA-seq data from two replicate cell pel-
let samples (ADaloneN1/N2, and MOaloneN1/N2). For
the co-culture cells, we obtained the RNA-seq data
from triplicate cell pellet samples in the adipocyte layer
(ADcoN1-N3) and triplicate cell pellet samples in the
macrophage layer (MOcoN1-N3). EVs were isolated
using sequential ultracentrifugation and western blot-
ting demonstrated enrichment for CD9 expression, a
marker of endosomal origin. Considering the prece-
dence set in the field, where a mixture of exosomes and
MYV is likely, we are being conservative and referring to
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Fig. 1 The experimental workflow used to identify mRNA transfers between adipocytes and macrophages in a co-culture system: (@) A schema
illustrating the experimental design for cell culture and sample collection including (a) adipocyte cells cultured alone, from which two cell pellet
samples ADaioneNT and AD, N2 were retrieved for RNA-seq, adipocyte B1 and B2 were technical duplicates of genotyping using lllumina Omni2.5
SNP array, and an exosome extraction ADeyosome Was prepared for RNA-seq; (b) same as (a) but for macrophage cells; (c) co-culture of two cell lines,
from which three adipocyte cell pellet samples AD,N1-N3, three macrophage cell pellet samples MO.,N1-N3, and an exosome sample ADMOeyosome
were profiled by RNA-seq. b The analytical pipeline including the pre-processing of (a) genotype data and (b) RNA-seq data, (c) the Bayesian model to
call mRNA transfers between two cell lines, and (d) the final output of this pipeline

what we isolated in the media broadly as EVs also
referred to as ‘exosome-like vesicles’. We performed
RNA-sequencing on isolated EVs from media of single
cultured and co-cultured cells and profiled the data
of ADexosome, MOexosome, and ADMOexosome
(Fig. 1a). The readers are referred to Additional file 1
for details regarding genotyping and RNA sequencing on
both cells and EVs.

Data processing and quality control

NGS data processing

We first conducted a multiple-step quality control (QC).
Briefly, we filtered out ribosomal RNAs (rRNAs) using
SortMeRNA [18] and trimmed Illumina adaptors using
Trimmomatic [19] on raw pair-ended RNA-seq reads (of
length 100 bps) for each sample. 11~90 M pairs of reads
were obtained after these two QC steps for all samples
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except ADexosome which generated much fewer reads
(528 K pairs reads). These reads were then mapped to
reference human genome (hg38) using an annotation file
(GENCODE V21) by STAR (2.4.0.1) [20]. The mapping
rates were over 90% for all cell samples and over 80%
for exosomes (Additional file 1: Table S1). The uniquely
mapped reads were further processed by several steps,
such as marking duplicates, SplitN'Trim, reassigning
mapping quality, base call recalibration, etc., similar to
the protocol used in [21] (Fig. 1b). SAMtools mpileup
[22] was used to retrieve the base profile at each locus
(see Additional file 1 for more details). We disregarded
mapped indel, placeholder, and reference skip bases and
only considered remaining bases for our analysis.

We adopted TopHat, HTSeq, and edgeR/DEseq proto-
cols [23] to identify differentially expressed genes be-
tween single-cultured and co-cultured samples. Cufflinks
protocol [24] was used to quantify gene expression, and
GATK [21] to call variants in each sample. For cross
sample quality control, we applied Principal Component
Analysis (PCA) and the results based on the first two
PCs for gene expressions were plotted in Additional file 1:
Figure S2. We also showed the consistency of genotypes
on common SNPs across 10 cell samples and 2 exosome
samples in Additional file 1: Figure S3. Both gene ex-
pression levels and variants were consistent with sample
annotations, suggesting no sample mislabelling occurred.
To maximize the power of detecting mRNA transfer,
we also merged RNA-seq reads from the same cell
lines and denoted them as ADalone, ADco, MOalone,
and MOco, respectively.

Analytical procedures for identifying transferred mRNAs

At a SNP locus, five typical scenarios of nucleotide base
composition exist as illustrated in Fig. 1b (c). We define
a SNP as a “tag” SNP if it satisfies the following two cri-
teria: (1) shows a polymorphism between the two cell
lines; and (2) it has a homozygous genotype in the re-
cipient cell. Tag SNPs are informative to us to infer if
donor cells have provided some copies of their mRNAs
to the recipient cells using RNA-seq data. Two candi-
date tag SNPs are highlighted by grey background shad-
ing. Using the first highlighted case as an example, the
genotype at this locus is “CT” for macrophages and
“CC” for adipocytes. For adipocytes under co-culture
condition, the mapped reads data contain both “C” and
“T” bases, in which the “T” bases may come from mac-
rophages during in vitro co-culture. Alternatively, it is
possible that the “T”s in the adipocytes may originate
from other mechanisms such as sequencing error, map-
ping error, and RNA editing. We developed a Bayesian
model to distinguish mRNA transfers from the alterna-
tive mechanisms. Considering adipocytes co-cultured
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with macrophages, for a given locus, the Bayesian
model takes the following as inputs: (1) the genotype
information of donor (macrophage) and recipient (adi-
pocyte) cell lines; (2) the counts of the nucleotides at
the locus, and (3) base qualities of the reads mapped to
the locus.

Specifically as shown in Additional file 1: Figure S4,
we denote the mapped RNA-seq read data at a particular
genome position from four profiles by A, Ac, M; and
Mg, corresponding to adipocyte alone, adipocyte co-cul-
tured, macrophage alone, and macrophage co-cultured
cells, respectively. Let G, and G, be the genotypes of
donor cells and receptor cell respectively. When examin-
ing the sequence data of adipocyte co-cultured with
macrophage, G; would be the genotype of macrophage
(donor cell) and G, would be the genotype of adipocyte
(receptor cell). We assume that the read depth of Acis N
and denote £, (0 < £, < N) as the number of reads in A that
were transferred from donor cells. Obviously, a gen-
etic material transfer happens at the position of con-
sideration if £, > 1.

We frame the question as a Bayesian inference. We
calculate the Bayes factor r to measure the confidence
ratio of observing the data under two hypotheses, i.e.,
there exists at least one transfer vs. there is no transfer
(null hypothesis).

N
Z P[tr = i|AC7 Gra Gd]
i=1

r =

Plt, = 0JAc]

We reject null hypothesis, and claim a positive genetic
material transfer if ris greater than a predefined thresh-
old. We assume that the true genotype of the donor and
receptor cells are known, ie., G,and G,are predefined
constants (based on genotype array data). We next cal-
culate P[t,=i| Ac] with 0<i<N, that is, the posterior
probability of exactly i nucleotides being transferred
given Ac.

To calculate P[t,=i| Ac, G, G,], based on Bayesian
rule,

) PlAclt, =i, Gy, Gy|Plt, = i,G,, G,
P[tr:’|ACvGrde]: [C" P[z“fc é] [G;] r d]
k] ry

 PlAclt, = i, Gy, GdlPlt, = i)P[G,, GJ]
B PlAc, G, G4]

(1)

where the denominator P[Ac, G,, G4] is a constant and is
often omitted in Bayesian calculation. The P[¢, =i, G, G,]

= P[t, = i]P[G,, G4] holds as we assume that the number of
reads being transferred is independent of the genotype of
donor or acceptor cells.
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It is of note that we derive G, and G, based on geno-
type array data, but given we also have the RNA-seq
data, an alternative approach is to estimate P[G,] and
P[G,] by P[G,| A]] and P[G,| M;], which could be calcu-
lated in the same way as McKenna et al. [25]. This alter-
native approach can be wuseful when genotype
information is not available.

P[t,=1i] is the prior “belief” that i reads were from
transfer at the position under consideration. Without
much prior knowledge of transfer, we assume a uniform

1
~ifi=0
i

prior, so that, P[t, =i] = . That is to

1
W,ifiio

assume equal probabilities of having genetic material
transfer and not having a transfer, and further assume
that the probability of transferring i nucleotides to be
equal for any i with 1 <i<N.

To calculateP[Ac|t,. =i, G, G,l, we that
reads are independent to each other, thus P[Ac|t, = i,
G,, Gy = HinlP[b,-|tr =i,G,,Gy], where b; is the nu-
cleotide observed for read j. For N reads in Ac, if i of
them were from transfer, each read has a probability
of £ for coming from a transfer and a probability of
N=L for not from transfer. Thus, Plbj|t, = i, G,,Ga] = %
Plbj|Ga] + 8 P[bj|G,] . In addition, for those trans-
ferred reads, they are from either one of the parental
chromosomes in the donor cell. By assuming that the
probability of transferring from maternal chromosome
is equal to the probability from paternal chromosome,
(i.e., we ignore the situation of allele specific expression),
we get P[bj|Ga] = Plbj|{A1, A2 }] = 3 P(bj|A1] + 3 P(bj|As],
where the genotype G, =1{A;, Ay} is decomposed into its

assume
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two alleles. The probability of observing a base given an
allele is

—Q

10
1-10° ,if b= A
PlblA] = -Q

7lf bjiA

1 10
=10
3

Where Q is the phred scaled recalibrated quality score
at the base. Similarly, we can calculateP[b;| G,].

Based on the method described above, we calculate the
Bayesian factor for each locus. We call genetic material
transfer occurred at a locus if the Bayes factor is greater
than a predefined threshold S (8 = 20). We performed the
analysis on all ~605,000 tag SNPs (Fig. 2) with read depth
equal to or greater than 10 in the co-cultured samples. Fi-
nally, we evaluated the possibility of mRNA transfers be-
ing mediated through exosomes by cross-referencing to
the identity of mRNAs in the EVs (Fig. 1b).

It is of note that a very small fraction of loci showed
inconsistency between the genotyping data and the
RNA-seq reads profile. For example, at chr1:145,746,933,
the genotype of adipocyte cell line is “GG”, however all
the 56 reads and all the 38 reads mapped to this locus
are “C’s in ADaloneN1 and ADaloneN2, respectively
(Additional file 2: Dataset S1). Such inconsistent loci
were likely caused by genotyping errors, alignment er-
rors, errors in the reference genome, etc., and could be
problematic for our down-stream analysis. Therefore, we
filtered out genotypes if in the single cultured recipient
cells, the proportion of reads different from genotype
was larger than a predefined threshold y. With y=
0.005, 9861 (2.26%) and 14,028 (3.22%) loci were

Adipocyte B1

Adipocyte B2 Macrohpage BI Macrophage B2

SNP genotyped

583651 ) (2583651 ) (2583651 ) (2583651 )

|

Quality control

C 2528663 ) (2529030 > (2490745 ) (2490714

Reproducibility

Polymorphism ("tag" SNP)

Common genotype/Common loci W
99.998%

2480959/2481022

99.997%
J

Common genotype between two cell types/Common loci

1873028/2477568 75.599%

Fig. 2 Genotyping quality control and comparison between adipocyte and macrophage cell lines: There are two cell lines each with two technical
replicates for their genotyping profiling (Adipocyte B1/B2 and Macrophage B1/B2). The number in each eclipse denotes the number of SNPs kept at
that step for the corresponding sample. There are 604,540 “tag” SNPs showing polymorphisms between the two cell lines
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filtered out for adipocytes and macrophages, respect-
ively (Additional file 2: Dataset S1).

Estimating FDR

We calculated the Bayesian factors for triplicate
co-cultured samples (i.e, ADcoN1-N3: adipocytes
co-cultured with macrophages, and MOcoN1-N3: mac-
rophages co-cultured with adipocytes) and ranked target
loci accordingly (loci with larger Bayesian factor rank to
the top) in each sample. We then adopted a robust rank
aggregation method [26] to identify loci that were
ranked consistently better than expected under null hy-
pothesis of uncorrelated inputs and assigned a signifi-
cance score (p-value) to each locus. Finally, we adjusted
the p-values for multiple comparisons to estimate the
false discovery rate (FDR).

Results

Identify mRNA transfers potentially mediated by EVs in
co-cultured adipocytes and macrophages

We explored mRNA transfers in two directions, i.e.,
from macrophage to adipocyte and from adipocyte to
macrophage, respectively.

From macrophage to adipocyte

Ten thousand ninety-five loci survived the filtering steps
in the analytical procedures. We further required the po-
tential transfer loci to (1) have Bayesian factor larger
than or equal to 20 in at least one sample (i.e., ADcoN1-
N3), and (2) contain at least 2 reads that are potentially
transferred from donor cells (e.g., “T” allele for the ex-
ample in analytical procedures in ADco (the merged
data from ADcoN1-N3)). Three hundred twenty-one
loci satisfied such requirements (Additional file 3:
Dataset S2). Among these loci, we identified 8 (corre-
sponding to 8 unique genes) that are putative mRNA
transfers from macrophage to adipocytes with high
confidence (FDR < 0.1, Table 1). All these 8 genes were
likely mediated by EVs as they were all expressed in both
MOexosome and ADMOexosome (Table 1). It is of
note that the number of total transcripts in GENCODE
V21 is 60,566, among which 13,697 have FPKM larger
than 0 and only 1966 larger than 1 in ADMOexosome
RNA expression. The Fisher’s exact test indicates that the
overlap between inferred transferred genes and those
expressed in ADMOexosome are very significant (p-value
<2.2E-16) (Table 2). We also used Integrative Genomics
Viewer (IGV) [27] to visually verify the 8 genes and
showed the alignment (of MOaloneN1-N2, ADcoN1-N3,
and ADaloneN1-N2) at chr19:10,286,547 (ICAMI) in
Additional file 1: Figure S5. As shown in Additional file 1:
Figure S5, the read counts summarized by IGV were
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consistent with the read counts we calculated and
listed in Table 1.

A close inspection of the individual genes showed that
several of them belonged to the extracellular space
(GO:0005615; PAPPA, ICAM1, CTSZ and COL6A3) and
lysosome (GO:0005764 NPCI and CTSZ) GO categories.
One unifying theme identified from the top three transfers
was related to impacting pathways associated with insulin
resistance. For example, our top hit JCAMI (Intercellular
Adhesion Molecule 1) from macrophages to adipocytes is
an endothelial- and leukocyte-associated transmembrane
protein long known for its importance in stabilizing cell-
cell interactions and facilitating leukocyte endothelial trans-
migration [28]. It has also been demonstrated to associate
with insulin resistance and diabetic retinopathy in type 2
diabetes (T2D) mellitus [29, 30]. Interestingly, although
ICAM-1 is often annotated as a transmembrane protein,
two types of extracellular ICAM-1 have also been detected
outside of cells or in serum including a soluble form and a
membranous form associated with exosomes.

In addition to inflammatory mediators like ICAM-1,
factors related to extracellular matrix (ECM) components
of the adipose tissue have recently emerged as important
mediators in obesity-related pathogenesis. In particular one
of the most abundantly expressed collagens in the adipose
tissue forming part of the ECM structure is COL6 and its
alpha 3 chain, COL6A3 has been associated with adipose
tissue inflammation and fibrosis. In collagen VI knockout
(KO) mouse for example on an ob/ob background, adipo-
cytes of the knockout mice were larger than wildtype and
blood glucose was normalized suggesting that elements of
the ECM restrict expansion of adipocyte during obese in-
sults. Relevance has also been observed in obese humans,
with elevated levels of collagen VI being detected as well as
significant correlations with macrophage infiltration. Ob-
serving mRNA for COL6A3 in exosomes from macro-
phages suggests another level by which the ECM may be
influenced by the cells of the adipose tissue depots [31, 32].

Finally, rounding out the top three hits, is Pregnancy-
associated plasma protein-A (PAPP-A), a secreted metallo-
proteinase. PAPP-A cleaves insulin-like growth factor
binding proteins (IGFBPs), thereby functioning as a
growth-promoting enzyme by releasing bioactive IGF in
close proximity to the IGF receptor. As PAPP-A has dem-
onstrated to have fat depot-specific expression in humans
and mice, and as the IGF signalling is known to regulate
various adipose tissue processes in part through influencing
the insulin/insulin receptor signalling axis, exosomal de-
rived PAPP-A mRNA may serve as another mechanism
whereby PAPP-A elicits its autocrine/paracrine actions [33].

From adipocyte to macrophage
Thirty-seven thousand eight hundred fifty-three loci sur-
vived the filtering steps in the analytical procedures,
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Table 2 Number of genes involved in the transfer from adipocytes to macrophages, those possibly mediated by exosomes, and

their overlap significance

# transcripts # Sig FPKM >0 FPKM >1
measured in Gene® b c
All overla -value all overla -value
ADMOccsome P g P P
AD to MO 60,566 20 13,697 <2.2E-16 1966 5 <22E-16
MO to AD 60,566 8 13,697 <2.2E-16 1966 2 < 22E-16

*The significant gene is defined at FDR <= 0.05

PAll (overlap) denotes the number of transcripts with FPKM > 0 (and overlapping with significant genes) for ADMOexosome
“The p-value is obtained by testing the overlapping significance between “All” and “Sig Gene” using the Fisher's exact test with all 60,566 transcripts measured

as background

among which 599 are potentially involved in the mRNA
transfer from adipocyte to macrophage (Additional file 4:
Dataset S3). There are 21 high confidence loci with FDR
<0.1, among which 17 are likely mediated by EVs as
listed in Table 3. The Fisher’s exact test indicates that
the overlap between our inferred genes and those
expressed in ADMOexosome are also very significant
(p-value <2.2E-16) (Table 2). Furthermore, GO ontology
analysis of these genes indicated that several of these
genes were annotated under the extracellular vesicular
exosome (GO:0070062) category (FCER2, UBL3,
AHNAK, DSTN, SOD2, HSPG2 and LAMCI). Similarly,
we used Integrative Genomics Viewer [27] to visually
check the 17 genes and an example at chr6:75,666,836
(SENP6) is shown in Additional file 1: Fig. S6.

A search in PubMed for a role for our top 3 mRNA
transfers, namely, PIEZO1, RMRP and LAMCI indicate
their relevance in cellular communication processe-
s.PIEZO1 is an ion channel mediating mechanosensory
transduction in mammalian cells [34]; RMRP is a
IncRNA with multiple RNA targets [35] and LAMCI is a
member of laminins(subunit gamma 1), which are a fam-
ily of extracellular matrix glycoproteins [36]. Moreover,
LAMCI is also a candidate gene for diabetic nephropa-
thy [37]. Several other significant mRNA transfers in-
clude HSPG2 and SPTLC2. SPTLC2 encodes an enzyme
involved in sphingolipid synthesis, which has been
shown upon heterozygous deficiency to protect mice
from insulin resistance [38]. Finally, the neuroblast
differentiation-associated protein AHNAK is highlighted
for its important role in the regulation of thermogenesis
and lipolysis in WAT via b-adrenergic signalling.
AHNAK-/- mice under a high-fat diet had enhanced in-
sulin sensitivity and browning of the WAT depot [39].
Interestingly, AHNAK is a large plasma membrane pro-
tein of various functions including plasma membrane
support, calcium signalling as well as regulated exocyt-
osis via its key membership of a specialized vesicle,
called enlargeosomes. Enlargeosomes are non-secretory,
cytoplasmic vesicles competent of regulated exocytosis
after rising intracellular calcium and contribute to
plasma membrane repair and vesicle shedding [40, 41].
Finding that AHNAK mRNA is transferred from adipocyte

to macrophages in exosomes suggests an additional level
of complexity to the role of AHNAK in exocytosis.

Although it remains to be ascertained whether these
mRNAs become functional proteins, evidence from
others suggest that mRNAs transferred via exosomes do
become functional proteins [4]. Thus these 25 genes
(from both directions) are viable candidates for further
studies with respect to communication between adipo-
cytes and macrophages.

Estimate the mRNA transfer rate between the two cell
lines

To estimate the transfer rate and test the performance
of our model at different transfer rates, we simulated
mRNA transfers at various rates and performed analyses
based on simulated data.

mRNA transfer simulation

The general work flow of the simulation process is
shown in Fig. 3. Using simulated mRNA transfer from
macrophages to adipocytes as an example, we randomly
selected a predefined fraction of reads from MOalone
and merged them with ADalone data. We then ran our
previously described pipeline on the merged ADalone
data to see how many loci with “transferred” reads could
be correctly identified. For each predefined transfer rate,
we performed 10 simulation runs (denoted as Afo; for
1<i<10with S indicates simulated data). Similarly, we
constructed MOS! for 1<i<10 to study genetic transfer
from adipocytes to macrophages. The simulation study
has its unique advantage since we know exactly if a base
mapped to a locus is from the donor cells or not, this
would allow us to assess the performance of our pipeline
of detecting mRNA transfer at different transfer rates.

Calling genetic exchange on simulated data and calculating
accuracy

We calculated the Bayesian factor at each “target” locus
for the simulated samples. By merging the results from
these samples and using Bayesian factor as a binary classi-
fier, we created receiver operating characteristic (ROC)
curves and calculated the area under curves (AUCs) of
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Input: AD,,,. and MO,
Recalibrated alignment file in bam format

4

Step 1: Down-sample MO, (AD,,,.) with
rate 1074, 1073, 1072, and 0.1 respectively (10 replicates)

i

Step 2: Merge AD,,,.. (MO,,,..) and
the down-samples of MO, (AD,;one)

{4

Output: Simulated AD, (MO, ) Samples in bam format
ADcoSi (MOcoSi) with 1 <=i<=10

known mRNA transfers

|

AD MO, one

alone

Original
Data

|
11

Simulated
Data

ADSi MOgSi

Fig. 3 A pipeline to generate simulated data for adipocytes co-cultured with macrophages: (a) Steps used to generate simulated data. b A schematic
to illustrate how we sampled reads from one type of cells and merged them with the reads from the other type of cells to simulate a sample with

our method at 4 different transfer rates, i.e., 0.0001, 0.001,
0.01, and 0.1 (Fig. 4). As shown in Fig. 4, our method per-
forms very well on identifying mRNA transfers at high
transfer rates. At transfer rate 0.1, we achieved AUCs of
0.95 for transfer from macrophages to adipocytes and 0.90
for transfer in the opposite direction. The performance of
our method decreases as transfer rate decreases. This is
not surprising since when transfer rate decreases, the
number of “alien” reads at each locus decreases, making
signal to noise ratio to drop.

Estimation of mRNA transfer rate in the co-cultured samples

We provided a rough estimation of the transfer rate in
our co-culture system by examining the difference in the
overall distribution of Bayesian factor statistics obtained
from the real co-culture data and the ones from simu-
lated samples. The rationale underlying this analysis is
that when the simulated transfer rate is similar to the
real transfer rate, the difference between the two distri-
butions should be minimal. It is of note that the num-
bers of reads are different in simulated samples and real
co-cultured samples; this may cause the distribution of
Bayesian factor statistics to change even when the
underlying transfer rates are the same. To adjust for
variation in the sample total read numbers to achieve a
fair comparison, we down-sampled the reads data in
ADco (MOco) such that it had roughly the same num-
ber of reads as the simulated co-cultured samples. We
performed 10 runs of down-sampling, and generated 10
reads profiles denoted by ADf; (MOf(f) (1<i<10 with R
denotes real data), respectively for each transfer rate, i.e.,
0.0001, 0.001, 0.01, and 0.1. We then calculated the
Bayesian factor at each “target” locus for the down-
sampled data. At a specific transfer rate, the overall distri-
bution of Bayesian factor statistics in real co-culture is esti-
mated by merging all the Bayesian factors from ADXN

True Positive Rate (Sensitivity)

o

True Positive Rate (Sensitivity)

Fig. 4

for our
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different transfer rates: (@) The ROC curves and AUCs for our method
on simulated data from macrophages to adipocytes at 4 different
transfer rates: 0.1, 0.01, 0.001, and 0.0001. b The ROC curves and AUCs

ROC Curve: Macrophages to Adipocytes (Simulation)

Method (AUC)
Sim_0.0001 (0.7008)
Sim_0.001 (0.7445)
Sim_0.01 (0.8464)
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Method (AUC)

Sim_0.0001 (0.6444)
Sim_0.001 (0.6855)
Sim_0.01 (0.7718)
Sim_0.1 (0.8953)

0.00 1.00

0.25 0.50 0‘.75
False Positive Rate (1-Specificity)

Performance of the Bayesian framework on simulated data with

method on simulated data from adipocytes to macrophages
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(MOfoi) (1<i<10), and similar procedures were per-
formed for simulated data. The Kolmogorov—Smirnov
(KS) test was applied to compare the two distribu-
tions and we estimated the transfer rate to be the
one with the lowest KS statistics. For both transfer
directions, the minimal KS-statistics were achieved at
transfer rate close to 0.001 (Table 4), indicating that
the transfer rate in our co-culture system under qui-
escent condition was around 0.001.

Differentially expressed genes between cell lines cultured
alone and co-cultured
To evaluate the impact of co-culturing to the transcrip-
tome, we used cell lines cultured alone as control, and
identified differentially expressed genes (DEGs) in the
co-cultured system. We adopted two commonly used
methods DESeq and EdgeR [23, 42] and summarized
the results in Table 5. As can be seen in Table 5, the
DEGs identified by the two methods were consistent
even though DESeq inferred more differentially expressed
genes than EdgeR. There were 575 and 142 DEGs (FDR <
0.05) identified by both methods for adipocytes and
macrophages respectively (Additional file 5: Dataset S4).
We performed function enrichment analysis of the
DEGs using David tools (Version 6.7) [43] and the full
results were provided in supplementary materials
(Additional file 1: Table S2 for adipocytes and Table
S3 for macrophages). The DEGs for adipocytes were
mostly enriched in type 1 repeats in thrombospondin
family, which are multimeric multidomain glycoproteins
that function at cell surfaces and in the extracellular
matrix milieu. THBS1, which encodes thrombosponin 1
was one of the genes found within this pathway signifi-
cantly down-regulated in the co-cultured cells relative to
the adipocytes cultured alone. THBSI is interesting with

Table 4 Estimate mRNA transfer rates in in vitro co-culture
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Table 5 Number of DEGs between cell lines cultured alone and
co-cultured by DESeq and EdgeR (FDR < 0.05)

DESeq EdgeR Overlap Fisher's exact test p-value
ADaione Vs. AD,, 1086 622 575 < 49E-324
MO,jone Vs. MOo 168 171 142 2.1E-280

respect to type 2 diabetes as it has been shown to be
elevated in the circulation in obese and insulin-resistance
individuals [44] and loss of THBS1 in mice, protects them
from diet-induced weight gain and adipocyte hypertrophy
[45]. Interestingly, the top 1, 3 and 6 genes identified in
our transfer study, ie., ICAM1, PAPPA, and NPCI are
also significantly differentially expressed between ADalone
and ADco with FDRs 1.02E-7, 1.36E-7, and 1.68E-5,
respectively. ICAM1 expression has been shown to relate
with obesity and insulin resistance [46]. NPC1 haploinsuf-
ficiency also promotes weight gain and metabolic features
associated with insulin resistance [47].

In contrast to the adipose tissue, the DEGs identified by
comparing MOco vs. MOalone are mostly enriched for
transmembrane proteins, immune response pathways such
as leukocyte activation, and EGF-like domains. Most occur-
rences of the EGF-like domain are found in the extracellu-
lar domain of membrane-bound proteins or in proteins
known to be secreted. The EGF receptor family is in part
involved in Notch signaling, which controls cell-cell com-
munication [48]. It is of note that a lot of studies have
shown that ECM modulates epidermal growth factor recep-
tor activation and leukocytes [49, 50]. Thus, the differential
expressed genes could be some down-stream effects of the
transferred transcripts from adipocytes to macrophages.

Discussion
There is accumulating evidence that exosomes via hori-
zontal transfer (i.e., the movement of genetic material

Direction Rates Simulation Real Co-culture KS
# Loc” #5ig Sig #Loci #5ig Sig distance®
Loci® Ratio Loci Ratio
MO 0.1 83,984 41,999 5.00E-1 80,969 972 1.20E-2 0.535
tAOD 0.01 73,838 6288 852E-2 74,056 841 1.14E-2 0.140
0.001 73,037 513 7.02E-3 73,441 831 1.13E-2 0.047
0.0001 72,958 107 14783 73,364 853 1.16E-2 0.066
AD 0.1 225,698 61,305 2.72E-1 235323 1293 549E-3 0320
}\;1)0 0.01 215,598 7965 3.69E-2 223,395 1216 544E-3 0.058
0.001 214,592 635 296E-3 216,059 1174 543E-3 0.025
0.0001 214,509 58 2.70E-4 221,935 1202 542E-3 0.034

@ The number of overall loci checked in 10 simulated (down-sampled real) samples

P The number of overall significant loci (Bayesian factor > = 20) in 10 simulated (down-sampled real) samples
€ The KS distance between the Bayesian factor distribution for simulated data and that for real co-culture data as calculated by ks.test in R
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between cells) of genetic information can play a key role
in cell-to-cell communications [4—6, 51, 52]. Numerous
studies have thus focused on providing a comprehensive
characterization of the content of EVs and these efforts
have led to the creation of databases, such as EVpedia
and Vesiclepedia [53, 54], which record molecules (pro-
teins, mRNAs, microRNAs or lipids) observed within
these vesicles. However, being identified in exosomes is
not necessarily indicating that the RNAs or proteins will
be transferred into other cells. Thus in the present study,
we complement these efforts by providing a computa-
tional approach to identify genetic material that has
been transferred between two in vitro co-cultured cells
mediated by EVs. Next generation sequencing of cellular
genetic material which differed between the co-cultured
cell types was used as the finger print to place donor-
derived mRNAs at the scene of the recipient’s cellular
RNA pool. In comparison to other labelling technolo-
gies, using DNA sequence polymorphism as marker has
its advantages since they are naturally occurring and
introduce no artificial modifications to the biological
systems. On the other hand, we are limited to loci with
polymorphisms for mRNA transfer detection, and there-
fore this approach while at genome-scale provides semi-
whole genome coverage.

In comparison of our identified 25 genetic transfers (in
both directions) to those catalogued in the exosome
database, ExoCarta (~1700 distinct human mRNAs across
various tissues sources) [55], we identified 7 mRNAs in
common (ITGBI, NFATC3, SOD2, FOS, AHNAK, LAMCI,
and SPTLC?2), all of which are in the direction from adipo-
cytes to macrophages (with p-value 2.45E-3). The overlap is
significant despite the diversity seen in exosome cargo de-
pending on the cell type under study as well as the cellular
state. Nonetheless this serves to further underlie the im-
portance of characterization of EV contents. While our
method has general applicability, as described below, we
perceptively chose to apply this to co-cultures of macro-
phage and adipocyte given the precedence in the literature
that there is crosstalk between adipocytes and immune cells
in the adipose tissue that contributes to metabolic dysregu-
lation and obesity [56]. The function of the mRNAs trans-
ferred range from protein coding to transcriptional
regulators and thus the impact on the recipient cell could
vary greatly if they are translated into functional units. Al-
though in our study we did not assess this, evidence from
other studies suggest the transferred mRNA can be func-
tional in the recipient cell. From this perspective, it is of
great interest to see that one of the mRNAs we identify as
transferred from adipocyte to macrophage, as well as con-
firmed in ExoCarta, is AHNAK. Given the most recent
identification that AHNAK in the regulation of thermogen-
esis and lipolysis in WAT via [3-adrenergic signalling makes
this observation of AHNAK mRNA transfer in adipocyte
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exosomes to macrophages very relevant to the new field of
extracellular vesicle biology and the possible impact for
new therapeutics for T2D. It also highlights the value of this
computational approach in generating novel hypothesis.

Currently our method is optimized for detecting nucleic
acid exchanges between two cells lines at loci with known
polymorphisms. It is known that exosome RNA contains
not only mRNA, but also non-coding RNA species such as
small microRNAs. For example, by analysing miRNA
expression levels in a variety of cell lines and their derived
exosomes, Guduric-Fuchs et al. found that miRNAs like
miR-150, miR-142-3p, and miR-451 preferentially enter
exosomes [57]. Huang et al. characterized the human
plasma-derived exosomal RNAs by deep sequencing [58].
Although we did sequence miRNAs from the cells along-
side total mRNA, we could however, not find sufficient gen-
etic diversity amongst the miRNAs between the adipocyte
and macrophages in order to allow for the identification of
transfers via genetic differences mainly due to short length
and relatively small number of miRNA species that could
be detected.

Although accumulating evidence supports the important
role of exosomes/EVs for mediating the cell-to-cell commu-
nication and exchange of genetic information, exosomes or
lipid vesicles in general may not be the only mechanism for
RNAs to transfer between cells. For example, it has been
demonstrated that miRNA can be protected in the extracel-
lular environment by forming complex with high-density
lipoproteins (HDL) and RNA-binding proteins [59, 60].
Since our experimental design did not exclude other mech-
anisms of genetic material transfer besides EVs, we consider
the identified transfers are likely mediated by exosomes but
could also be contributed by other mechanisms. There are
a few possibilities that can lead to false discoveries. First,
reads from RNA-seq contain errors due to the technical
limitation of the next generation sequencing technology
[61]. For example, the raw quality scores of Illumina
sequencing are calculated from the signal intensity, which
do not always accurately represent the true error rate. Our
study is particularly sensitive to this error rate since the
transfer rate of transcripts is also quite low in this study as
indicated by our simulation study. When the transfer rate is
low (as seen in our experiment), the low signal/noise ratio
could be the major factor for the high FDRs. Second, all the
aligners may have some mapping errors. A comparison
study with various sequence aligners shows that STAR-
2pass with annotation has the best alignment performance
but is still not completely error free [62]. Third, there are
also genotyping error by SNP-arrays [63]. Finally, there are
a few biological mechanisms such as RNA editing which
will cause false discovery in our method.

Our simulation study has shown that our method has
its ideal performance when the transfer rates between
the two in vitro co-cultured cell lines are high. Inducing
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exosome secretion could be done via chemical means,
such as altering cellular ceramide levels [64]. Our methods
also require a good level of genetic diversity considering
the donor and recipient systems. Optimization of genetic
diversity can be done using cultures of cells that are know-
ingly from different genetic individuals such as in our
experimental design. Other experimentally relevant sys-
tems to optimize genetic diversity, include investigations
surrounding human derived exosomes (e.g., from plasma)
and their function by injecting into the mouse [65]. In this
case, one could survey the mouse tissues in order to iden-
tify tissues which have been impacted by the nucleic acid
cargo of the donor exosome. Another naturally expressing
genetic diversity is seen in cancers. It has been known that
cancer cells secrete exosomes including during cell migra-
tion [66] and invasion [67]. Importantly, tumour derived
microvesicles have been identified to contain mutated and
amplified oncogenic DNA sequences and potentially have
a role in genetic communication between cells as well as
provide a potential source of tumour biomarkers. Thus our
approach, we predict, would be highly amenable to identify-
ing the genetic materials transferred between cancer and
surrounding or distant normal cells [52] and further high-
lights the overall potential impact of this methodology.

Conclusions

In this study we present a novel systematic framework to
call genes involved in the process of mRNA exchange
between two co-cultured cell lines of different genetic back-
grounds and investigate the role of exosomes as a vehicle in
mediating the exchange. The systematic framework includes
a protocol to perform quality control, alignment, mapping,
and base call recalibration on the raw SNP array and RNA
sequencing reads data, a Bayesian model to evaluate the sig-
nificance of genotypic variation of a cell line under in vitro
co-culture, and a method to estimate the rate of false discov-
ered loci involving in the transfer process. By applying the
framework to a co-culture between adipocyte and macro-
phage cell lines, we identified with high confidence, 8
mRNAs being transferred from macrophages to adipocytes
and 21 mRNAs transferred in the opposite direction. These
mRNAs represent biological functions including extracellu-
lar matrix, cell adhesion, glycoprotein, and signal peptides.
We also estimate the transfer rate to be 0.001 in both direc-
tions. Our work provides a novel solution to studying EV
mediated mRNA transfers between cells and this work is
able to be extended to in vivo studies as well.
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Additional file 1: A next generation sequencing based approach to
identify extracellular vesicle mediated mRNA transfers between cells.
(DOCX 1282 kb)
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Additional file 2: Dataset S1. Informaiton of filted loci from adipocyte
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