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SEVtras delineates small extracellular 
vesicles at droplet resolution from single-cell 
transcriptomes

Ruiqiao He1,4, Junjie Zhu2,4, Peifeng Ji    1   & Fangqing Zhao    1,2,3 

Small extracellular vesicles (sEVs) are emerging as pivotal players in a wide 
range of physiological and pathological processes. However, a pressing 
challenge has been the lack of high-throughput techniques capable of 
unraveling the intricate heterogeneity of sEVs and decoding the underlying 
cellular behaviors governing sEV secretion. Here we leverage droplet-based 
single-cell RNA sequencing (scRNA-seq) and introduce an algorithm, 
SEVtras, to identify sEV-containing droplets and estimate the sEV secretion 
activity (ESAI) of individual cells. Through extensive validations on both 
simulated and real datasets, we demonstrate SEVtras’ efficacy in capturing 
sEV-containing droplets and characterizing the secretion activity of 
specific cell types. By applying SEVtras to four tumor scRNA-seq datasets, 
we further illustrate that the ESAI can serve as a potent indicator of tumor 
progression, particularly in the early stages. With the increasing importance 
and availability of scRNA-seq datasets, SEVtras holds promise in offering 
valuable extracellular insights into the cell heterogeneity.

sEVs play important roles in immune responses, viral pathogenicity and 
cancer progression by mediating cell-cell communication through their 
bioactive cargoes1,2. Many studies have shown that the quantity and 
composition of sEVs released by a cell can vary substantially across dif-
ferent contexts, depending on factors such as the mode of biogenesis, 
cell type and physiologic conditions3,4. However, conventional bulk RNA 
sequencing (RNA-seq)-based methods often combine these complex 
signals, and therefore fall short in representing the true complexity 
of the sEV population. Recently, several studies have attempted to 
deconvolve bulk sEV data to identify their tissue of origin and, in some 
cases, even specific cell types5–7. Other studies have sought to character-
ize the number and cargo of sEVs using microfluidics8–10. However, a 
major limitation of these attempts is their requirement for isolating and 
purifying sEVs, leading to the loss of valuable information concerning 
the microenvironment of the original tissue. There is an urgent need 
for a methodology capable of simultaneously capturing the hetero-
geneity of both cells and sEVs. Moreover, no existing technique offers 

the ability to resolve sEV heterogeneity at a high-throughput scale, or 
approaches the level of individual sEVs, without imposing additional 
contraints. Therefore, the development of an effective method that 
can discern sEVs within droplet-based scRNA-seq datasets, bridging  
the gap between sEV biology and single-cell transcriptomics, is  
urgently needed.

To this end, we have developed an algorithm, named 
sEV-containing droplet identification in scRNA-seq data (SEVtras), to 
delineate sEV signals at droplet resolution and assess sEV secretion 
activity across different cell types. Through extensive evaluations using 
simulated datasets, scRNA-seq datasets of the human mesenchymal 
stem cell (MSC) and human embryonic kidney 293 cell lines (293F), as 
well as CITE-seq datasets, we demonstrated that SEVtras can effectively 
capture sEV-containing droplets within single-cell transcriptomes. 
Furthermore, by applying scRNA-seq to mixed populations of MSC and 
293F cell lines and conducting experiments to enhance sEV secretion, 
we demonstrated that SEVtras can accurately decipher sEV secretion 
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ranked based on the latent variable Z, which is calculated using hyper-
geometric enrichment analysis of the representative gene set. The 
subsequent maximization (M) step optimizes the gene set by selecting 
the most representative genes based on the rankings. This iterative 
procedure continues until the convergence criterion is satisfied. The 
resulting logarithmic latent variable Z is the SEVtras score used for 
classification (Methods).

Moreover, to make the SEVtras score comparable across samples, 
SEVtras aggregates the representative gene set of each sample after 
convergence by two additional steps: voting and unifying. In the voting 
step, the frequency of each gene in the converged gene sets is calcu-
lated, and only genes occurring in most of these gene sets are included 
to generate a unified gene set. In the unifying step, the SEVtras scores in 
all samples are updated with reference to the unified gene set. After sEV 
droplet identification, further in-depth analyses are performed, includ-
ing (1) clustering of sEV-containing droplets into different subtypes, (2) 
sEV signature gene identification and biological function enrichment 
and (3) estimating sEV secretion acitivity of cells within complex tissue.

Performance evaluation of SEVtras
To measure the capability of SEVtras, we first sought to generate data-
sets by simulating cell-free droplets containing either cell debris or 
sEVs based on mast cells and their sEVs2 (Methods and Extended Data 
Fig. 4a). Considering that the fraction of sEVs in cell-free droplets and 
the overall UMI count of each droplet typically have a strong influ-
ence on sEV identification, we generated four gradient parameters for 
these two variables in the simulation (4 × 4 samples in each dataset) 
(Supplementary Table 2). In most scenarios, SEVtras exhibited robust 
performance (AUC > 0.85), indicating that it can tolerate the influence 
of sEV fraction and UMI count per droplet (Extended Data Fig. 4a).

To further assess the similarity between the sEVs identified by 
SEVtras and the actual ones, we performed scRNA-seq on experi-
mentally isolated sEVs obtained from MSC and 293F cell lines as 
ground truth (Fig. 2a). We found a higher expression correlation 
between the ground truth dataset and the identified sEV-containing 
droplets by SEVtras, compared to those identified as containing 
debris (P < 0.001, Mann-Whitney U-test) (Fig. 2b and Extended Data  
Fig. 4b,c). To strengthen this observation, we performed uniform mani-
fold approximation and projection (UMAP) analysis, which revealed 
that the distribution of sEV-containing droplets closely overlapped 
with that of experimentally isolated sEVs, while differing from the 
distribution of debris (Fig. 2c). Collectively, these findings demonstrate 
that SEVtras can reliably detect sEV signals within scRNA-seq datasets.

To evaluate the robustness of SEVtras in the presence of complex 
backgrounds, we conducted spike-in experiments involving cell debris 
and large EVs (lEVs) of MSC (Methods and Fig. 2d). These two types of 
spike were separately added to the MSC single-cell suspension, fol-
lowed by scRNA-seq analysis and SEVtras identification. Transcription 
profiles of cells were highly overlapped, indicating spike-in did not 
affect cell state (Fig. 2e). Here, we introduced a new metric, the sEV 
secretion activity index (ESAI), to quantify the sEV secretion activity of 
cells. The ESAI is calculated as the ratio of the number of sEV-containing 
droplets to the number of cells within a given sample:

ESAI = ∑ sEV-containing droplets
∑Cell-containing droplets

We observed no significant change in the ESAI of either spike-in 
sample compared to the untreated MSC sample (P > 0.05, chi-square 
test). Moreover, the gene expression profiles of sEVs in both spike-in 
samples exhibited a high correlation with the untreated sample 
(Extended Data Fig. 4d) (MSC + debris: Pearson correlation R = 0.999; 
MSC + large EVs: Pearson correlation R = 0.997). These findings affirm 
that SEVtras can accurately and specifically identify the signals of sEVs 
even in the presence of complex backgrounds.

patterns across diverse cell types. Our analysis further extended to 
the characterization of sEV heterogeneity in 15 normal human tissues 
and colorectal cancer (CRC) tumor tissues, enabling the identification 
of a subpopulation of migratory-malignant cells with elevated sEV 
secretion activity. Finally, we highlighted SEVtras’ potential use as an 
effective indicator for early-stage tumor vascular invasion in pancreatic 
ductal adenocarcinoma (PDAC). In summary, these results underscore 
the capacity of SEVtras to offer insights into the cell heterogeneity 
through the study of secreted sEVs.

Results
Feasibility assessment of identifying sEV-containing droplets
To identify sEV-containing droplets in scRNA-seq data, the preserva-
tion of sEVs during the preprocessing steps of scRNA-seq experiments 
is a crucial concern. To address this, we assessed sEV concentration 
before and after the standard scRNA-seq preprocessing steps using 
three different tissue types. We first observed the presence of a con-
siderable amount of sEVs in these tissues using nanoparticle tracking 
analysis (Extended Data Fig. 1a,b). We then used NanoLuc-labeled sEVs, 
which emit luminescence on the introduction of specific substances  
(Methods). These labeled sEVs were spiked into the samples and sub-
jected to the standard scRNA-seq preprocessing steps (Fig. 1a and 
Extended Data Fig. 1c–f). We observed a substantial retention of labeled 
sEVs after undergoing the scRNA-seq preprocessing steps. These find-
ings provide evidence that a considerable proportion of sEVs can be 
retained and captured during the scRNA-seq process.

Another concern is whether sEVs exhibit distinct gene expression 
profiles compared to other cellular components. To investigate this, 
we generated exclusive bulk RNA-seq datasets using MSC and 293F 
cell lines. For each cell line, we generated three transcriptome datasets 
that exclusively contained sEVs, cell debris or large EVs, respectively 
(Methods). To mimic the cell debris generated during scRNA-seq, we 
subjected cells to mechanical grinding for 4 min (Extended Data Fig. 2). 
We observed a substantial enrichment of genes in the sEV-exclusive data-
set when compared to the exclusive datasets of cell debris and large EVs 
across both cell lines (Fig. 1b). This enrichment serves as a foundation for 
distinguishing sEV-specific signals from unrelated cell compartments.

Overview of SEVtras
For each droplet-based scRNA-seq experiment, the library is com-
posed of cell-containing and cell-free droplets, the latter of which 
may be further categorized as vacant, cellular debris-containing or 
sEV-containing droplets. For sEV identification, the key challenge is 
to separate sEV-containing droplets from cellular debris, as the vacant 
droplets can easily be filtered by validated barcodes and unique molec-
ular identifier (UMI) counts. To address this challenge, we developed 
SEVtras to identify sEV-containing droplets based on sEV-specific 
expression signals and expectation–maximization algorithm (Fig. 1c).

Our strategy starts by building a manually curated sEV-associated 
RNA gene set from three public sEV-specific gene databases11–13, referred 
to as the SEV gene set, which contains 2,017 genes (Supplementary 
Table 1). Rather than simply performing hypergeometric enrichment 
of the SEV gene set, which is not tailored for the different biological 
backgrounds of each dataset, SEVtras uses an expectation–maximiza-
tion framework to infer the sEV signal score of each droplet to ensure 
robustness and accuracy in identification (Methods). The logarithmic 
sEV signal score after convergence of expectation–maximization itera-
tions, referred to as the SEVtras score, is used as a proxy for reliably 
classifying cell-free droplets into sEVs and debris.

Specifically, we introduce a latent variable Z to encode the sEV 
signal score within a given droplet. Benefiting from the expectation–
maximization algorithm, SEVtras is initialized with the SEV gene set and 
seeks to converge a representative gene set in a data-driven manner. 
In this process, SEVtras alternates between an expectation step and 
a maximization step. During the expectation (E) step, each droplet is 
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To further assess the specificity of SEVtras in identifying 
sEV-containing droplets, we stimulated the secretion activity of MSC 
by introducing monensin sodium salt (MON) to the cultured MSC cells14 
(Fig. 2f). Additionally, we incorporated three times isolated sEVs into 
the single-cell suspension to further evaluate the assay. After imple-
menting SEVtras, we observed an enhanced ESAI in the two samples 
compared with untreated MSC cells (Fig. 2g). To further stimulate a low 
level ‘secretion’ of sEVs, we treated MSC cell line with MON and simul-
taneously introduced 1× isolated sEVs (Methods and Extended Data  
Fig. 4e). As a result, the ESAI of this sample increased by 234% compared 
to the sample treated with MON alone. Moreover, the increase was 
about one-third of the gain for the treatment with only 3× isolated sEVs 
(241%). Based on these findings, we confidently conclude that SEVtras 
specifically recognizes sEV signals in scRNA-seq sample.

SEVtras enriches known sEV markers in CITE-seq
To investigate the enrichment of sEV markers in sEV-containing drop-
lets identified by SEVtras, we applied SEVtras to CITE-seq datasets, 
which allow simultaneous quantification of RNA and surface protein 
expression within individual cells15, including two well-documented 

sEV markers CD63 and CD9. The presence and distribution of these two 
markers in scRNA-seq data serve as indicators for validating SEVtras. 
By applying SEVtras, we first validated the enrichment of the SEVtras 
score in CD63- or CD9-positive droplets, herein sEV marker-positive 
droplets. We found that these droplets had significantly higher scores 
than negative droplets (P < 0.0001, Mann-Whitney U-test) (Fig. 2h and 
Extended Data Fig. 5a,b). We then measured the proportion of positivity 
for the two sEV markers in sEV-containing droplets. Notably, SEVtras 
achieved an approximately twofold enhancement in the fraction of 
positive droplets compared to a random selection (CD63, 80 versus 
44%; CD9, 38 versus 23%) (Fig. 2i). These results collectively indicate a 
high level of precision and reliability of SEVtras.

In addition to counting the occurrence of marker proteins in 
droplets, we validated SEVtras using the expression levels of these 
two proteins. We determined the protein expression in each drop-
let and found that the abundance of these proteins was significantly 
higher in sEV-containing droplets than in randomly selected droplets 
(fold change 1.66) (P = 0.02, t-test) (Fig. 2j). Similar observations were 
also found for other sEV-characteristic proteins, such as tetraspanins 
(for example, CD106) and functional proteins (for example, CD20) 
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Fig. 1 | SEVtras learns sEV transcriptome-wide patterns at single-droplet 
resolution. a, Changes in luminescence after scRNA-seq preprocessing steps. 
NanoLuc-labeled sEVs were used to monitor the retention of sEVs during the 
scRNA-seq procedure. b, Transcriptional profile of sEVs is distinct. The left 
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debris. The right (GSEA plot) shows the enrichment score of the SEV gene set in 
sEVs compared to debris in MSC. P indicates the family-wise error rate (FWER) 
P values in the GSEA using a hypergeometric test. c, Overview of SEVtras. The 

left panel shows what is initialed by the SEV gene set, SEVtras uses expectation–
maximization (EM) iterations to identify sEV-containing droplets from massive 
cell-free droplets in scRNA-seq data. On achieving convergence through these 
iterations, SEVtras assigns a classification score to each droplet. To ensure the 
comparability of SEVtras scores across different samples, the results from each 
sample are aggregated through a voting and unification process. The middle 
panel shows the functional analyses for these droplets identified by SEVtras. The 
right panel shows that SEVtras enables large-scale screening of cell-sEV pairwise 
signatures in the clinic.
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(MON) was added to assess the specificity of SEVtras. e, Cell states in untreated 
and debris and/or lEVs added MSC samples. f, Western blot of sEV marker proteins 
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of these spike-in samples with different treatments. P represents the P value in a 
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the summation of the abundance of the two proteins. All statistical tests are  
two-sided.
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(Extended Data Fig. 5c), in contrast to the case for other cell surface 
proteins (for example, IgG) (Fig. 2j). Moreover, functional enrich-
ment analysis of these sEV-containing droplets highlighted pathways 
associated with sEV formation and release (P < 0.05, hypergeometric 
test) (Extended Data Fig. 5d). Finally, we evaluated the specificity and 
precision of SEVtras in the CITE-seq dataset based on marker presence 
(CD63 and CD9), and these two parameters reached 99.6 and 81.0%, 
respectively (Extended Data Fig. 5e). The loss (Extended Data Fig. 5f) 
in precision was mainly due to the extremely low number of genes in 
the sEV marker-positive droplets caused by the dropout effect during 
the experiment.

Deconvoluting sEV secretion activity across various cell types
In our initial application of SEVtras, we focused on investigating the 
heterogeneity observed in sEVs derived from different cell types. We 
performed UMAP analysis to compare the transcriptional profiles of 
sEVs originating from MSC and 293F cell lines (Fig. 3a). Our analysis 
revealed a distinct separation between the sEVs derived from these 
two cell lines. However, it should be noted that the sEVs from both 
cell lines overlapped with their respective original cells. This finding 
indicates that sEVs originating from diverse cell types possess distinct 
features, thereby forming the basis for the accurate deconvolution of 
sEV secretion activity associated with different cell types within the 
complex microenvironment of tissues.

To further validate the accuracy of SEVtras in an intricacy scenario, 
we conducted scRNA-seq on a mixed sample containing cells from 
both MSC and 293F cell lines at a 1:1 ratio (Fig. 3b and Extended Data 
Fig. 6a,b). The ESAI of this mixed sample (320%) was consistent with 
the averaged value of ESAI for MSC and 293F (322%). UMAP analysis 
showed that the sEV-containing droplets from this mixture formed two 
distinct and heterogeneous clusters. These two clusters of sEVs were 
highly similar to the clusters observed in the previous analysis of sEVs 
and original cells (Fig. 3a).

Based on these findings, we were able to use the identified 
sEV-containing droplets to deconvolve the sEV secretion activity to 
certain cell type. Subsequently, we deconvolve the ESAI to the cell 
type level, specifically referred to as ESAI_c, which is determined by 
dividing the number of sEV-containing droplets of a particular cell 
type by the total number of cells belonging to that specific cell type ci 
(Methods and Fig. 3c).

ESAI_c = ∑ sEV-containing droplets(Celltype = ci)
∑Cell-containing droplets(Celltype = ci)

We found that ESAI_c for MSC and 293F were 359 and 276%, respectively. 
These values were close to the values obtained for each cell line sample 
alone (MSC 369%, 293F 274%). After benchmarking with the state-of-art 
deconvolution methods6,16, we found ESAI_c can accurately decipher 
the sEV secretion activity of different cell types (Extended Data Fig. 6c).

sEV heterogeneity across 15 normal human tissues
To demonstrate the potential of SEVtras for extending single-cell tran-
scriptomics analysis, we applied this algorithm to scRNA-seq dataset of 
15 normal human tissues (Fig. 4a and Extended Data Fig. 7a,b)17. Overall, 
a total of 657,407 droplets were obtained after barcode validation and 
UMI filtration. By leveraging ESAI for each tissue, we found that tissues 
varied in sEV secretion ability (ESAI = 1.1 ± 2.0%) (Fig. 4b). Notably, the 
blood sample ranked first based on ESAI, consistent with previous 
studies18,19. Skin also showed a higher ESAI than other tissues, in line 
with observations that white adipocytes within the dermis possess 
a high sEV-secreting capacity20,21. These results collectively demon-
strate that ESAI effectively represents the sEV secretion activity of 
different tissues and that SEVtras can capture tissue heterogeneity 
in sEV secretion.

We next focused on delineating the heterogeneity of these 
identified sEV-containing droplets. After applying the Leiden algo-
rithm with a resolution of 0.5, we found that these droplets were 
clustered into two subtypes, hereafter called sEV1 and sEV2 (Fig. 4c). 
We performed differential expression analysis between these two 
subtypes, and identified 23 differentially expressed genes (DEGs) 
(Benjamini-Hochberg-corrected P < 0.05, Mann-Whitney U-test) 
(Extended Data Fig. 7c). Gene set enrichment analysis (GSEA)22 of these 
DEGs revealed that sEV1 was significantly enriched in the mitotic spin-
dle pathway (P = 0.02) (Fig. 4c), consistent with the biological functions 
of Exo-L reported in previous work23. By contrast, sEV2 was significantly 
enriched in the PI3K/Akt/mTOR signaling pathway (P < 0.01) (Fig. 4c), 
which are known as typical sEV functions in cell-cell communication24. 
Thus, SEVtras greatly facilitates in-depth investigation of sEV functional 
heterogeneity in single-cell transcriptomes.

High sEV secretion activity in migratory-malignant CRC cells
Mounting evidence have demonstrated the etiological role of sEVs in 
tumor progression and metastasis3,4,24. Precise characterization and 
tracking sEVs back to their cellular context can have tremendous clini-
cal implications and foster the assessment of tumor progression and 
prognosis. We applied SEVtras to a CRC scRNA-seq dataset25 with 27 
samples obtained from different tumor locations (Fig. 4d and Extended 
Data Fig. 7d). In total, we identified 7,709 sEV-containing droplets from 
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these scRNA-seq data. The average ESAI in tumor tissues was 18.7%, 
much higher than that in normal tissues (1.1%) (P < 0.01, Mann-Whitney 
U-test), confirming the exceptionally high sEV secretion activity of 
tumor cells. We then compared the ESAI scores across different sam-
pling sites and found a strong correlation between ESAI and the distance 
to the core of tumor tissue (Fig. 4e).

Considering that the gut epithelium is a notorious cancerous 
cell type in CRC26, we next investigated the sEV secretion activity of 
different epithelial cell subpopulations. We identified two epithelial 
subpopulations, epithelium1 and epithelium2, marked by the expres-
sion of FABP1 (Extended Data Fig. 7e,f), in which the low expression 
level of this gene was closely related to the development of CRC27. 
We found that the ESAI_c of epithelium2 was higher than that of epi-
thelium1 (Fig. 4f and Extended Data Fig. 7g,h). We further focused 
on cancer aggressiveness-related genes28 and found that they were 
indeed enriched in epithelium2 (for example, TSC22D4 and CDIPT) 
(P < 0.05, Mann-Whitney U-test) (Fig. 4g and Extended Data Fig. 7i). 
Subsequent enrichment analysis of DEGs between these two epithelial 
subtypes revealed that migratory-malignant associated pathways, 
such as cell migration and epithelial–mesenchymal transition, were 
strongly enriched in epithelium2 (P < 0.05, Mann-Whitney U-test) 
(Fig. 4h). Survival analysis also indicated that a large proportion of 
epithelium2-enriched genes, for example TIMP1, were prognostic 
markers in CRC29 (Fig. 4i). Collectively, these results indicate that the 
aggressiveness of tumor cells associated with sEVs can be evaluated 
by SEVtras, which may be broadly applicable in cancer progression 
diagnosis.

sEV secretion activity links to vascular invasion in PDAC
To further explore the broad applicability of SEVtras in complex 
disease contexts, we collected scRNA-seq datasets of four differ-
ent cancers (Fig. 5a), including PDAC30, gastric cancer31, prostate  
cancer32 and CRC25, which comprised 77 samples and more than 220,000 
cells (Supplementary Tables 3 and 4). We first calculated the ESAI of 
these samples and observed that the average ESAI was 10.6 ± 12.3%,  
corroborating the elevated sEV secretion activity in tumors compared 
with normal tissues. The ESAI also varied across different patients 
and studies. In the variance analysis, we found that the most influ-
ential factor contributing to this variability was whether the sample 
originated from a tumor (P < 0.01, analysis of variance test). This 
result was obtained after eliminating the batch factor with a linear 
regression model.

We next sought to explore the role of sEV secretion activity in 
tumor progression by matching clinical information to these scRNA-seq 
datasets. In the PDAC dataset, we found a high positive correlation 
between vascular invasion and ESAI (P = 0.01, Mann-Whitney U-test) 
(Fig. 5b) compared with other factors (Extended Data Fig. 8a). Notably, 
the ESAI was more distinguishable at stage I (Extended Data Fig. 8b), 
suggesting that the ESAI may indicate tumor progression at the early 
stage. In addition, the ESAI was more relevant in different tumor stages 
when patients were separated by vascular invasion than when they were 
mixed (Extended Data Fig. 8c,d). Collectively, these results indicate 
that the ESAI is a promising indicator in the early diagnosis of benign 
to malignant cancer and may also lead to insights into mechanisms 
governing tumor progression and metastasis.
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To determine the trigger of the elevated sEV secretion activity 
in vascular invasion, we tracked sEVs back to their original cell types 
and calculated the ESAI_c. We found that the ESAI_c of lymphocytes 
was significantly higher in the vascular invasion group than in the 
group without vascular invasion (P < 0.005, Mann-Whitney U-test) 
(Fig. 5c), while no significant difference was observed in the number of 
lymphocytes (P = 0.27, Mann-Whitney U-test) (Extended Data Fig. 8e). 
Moreover, the correlation was more evident at stage I (fold change 3.32) 
(Extended Data Fig. 8f) than at other stages (fold change 2.25) (Fig. 5c).

To further evaluate the power of ESAI_c in distinguishing tumor 
vascular invasion, we compared this metric with several other factors 
related to vascular invasion, including gene expression and cell type 
fraction. Specifically, we constructed three types of matrix. The first 
two included the expression profiles of the top 100 highly expressed 
genes derived from sEVs or cells, and the third contained the fraction 
of each cell type in scRNA-seq datasets, representing the cellular micro-
environment. Then, we calculated the significance of changes within 
these matrices between the two vascular invasion conditions. Our 
analysis identified ESAI_c as the most robust indicator, with a significant 
alteration observed in the ESAI_c of lymphocytes following vascular 
invasion (P = 0.005, Mann-Whitney U-test) (Fig. 5d).

Discussion
We developed SEVtras to provide extracellular insights for scRNA-seq 
analysis without the need for additional experimental steps. Through 
analyses of simulated data, as well as real MSC and 293F cell lines and 
CITE-seq datasets, we have demonstrated the effectiveness of SEVtras 

in identifying sEV-containing droplets. Notably, SEVtras exhibited the 
ability to specifically detect signals from sEVs while remaining resilient 
to the interference from cell debris and large EVs. To demonstrate the 
broad applicability of SEVtras, we extended our analysis to scRNA-seq 
datasets representing 15 normal and four tumor tissue types. Our find-
ings revealed a dramatic increase in ESAI values for migratory epithelial 
cells in CRC, indicating that their sEVs could potentially transmit signals 
associated with epithelial–mesenchymal transition.

sEVs actively contribute to tumor migration and invasion, pro-
viding valuable insights into the underlying mechanisms of tumor 
progression and metastasis4. Using SEVtras in four distinct cancer 
datasets, we revealed a significant correlation between sEV secretion 
activity in lymphocytes and the occurrence of tumor vascular invasion 
in early-stage PDAC. Notably, this metric outperformed other meas-
urements, including gene expression and cell type fraction, derived 
from both bulk and single-cell transcriptomic data. These findings 
underscore the potential of sEV secretion activity as an invaluable 
complement to single-cell analysis, especially for characterizing tumor 
samples across the spectrum of benign to malignant states.

We believe that SEVtras will substantially contribute to advancing 
our understanding of the physiological activities of distinct cell types 
from the perspective of EVs. One notable aspect of SEVtras is its ability to 
achieve an exceptional level of resolution in profiling sEVs, allowing for a 
more comprehensive exploration of the inherent heterogeneity in sEVs 
originating from diverse tissues. Another key strength of SEVtras lies in 
its capacity to establish the connection between sEVs and their source cell 
types, enabling precise quantification of sEV secretion activity specific 
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to particular cell types within complex tissue microenvironments. Our 
approach introduces a new dimension for resolving and understanding 
cellular states by explaining the role of sEVs in mediating cell-to-cell com-
munication. Moreover, SEVtras offers the advantages of high throughput 
and user-friendliness, seamlessly integrating into various scRNA-seq 
studies without imposing additional requirements. A limitation of SEVtras 
is its absence of customized parameters designed to suit diverse tissue 
types and varying physiological conditions. Further efforts by integrat-
ing SEVtras with high-quality tissue-specific gene set and high-resolution 
detection approach will deepen the field of EV research.

Online content
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maries, source data, extended data, supplementary information, 
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tributions and competing interests; and statements of data and code 
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Methods
Overview of the SEVtras method
We first manually curated the sEV-derived messenger RNA gene set, 
namely the SEV gene set, from three public sEV enriched gene data-
bases, including ExoCarta11, exRNA Atlas12 and AmiGO13 (Supplementary 
Table 1). We first included genes whose RNA was present in sEVs from 
these databases. After filtering duplicates, we removed those genes 
that could not be detected by traditional poly-A tail based scRNA-seq. 
Finally, genes that met the criteria constituted the SEV gene set.

Based on the SEV gene set, we devised an expectation–maximization 
algorithm that iteratively learned the sEV signal score for each droplet. 
Throughout this section, we use n and g subscripts to refer to droplet and 
gene indices of various vector and matrix variables. Expng is the observed 
expression level of gene g in cell n. Zn ∈ Rz is the latent variable indicating 
the score of sEVs in a certain droplet. θ ∈ Rg is the unknown vector denot-
ing the gene set representing sEV signatures. The expectation–maximiza-
tion process for sEV recognition is described as follows:

In the expectation step, we define Q (θ,θi) as the expectation of 
the log-likelihood function of θ and calculate the latent variable Zn 
based on the hypergeometric distribution of the current parameter 
vector θi using the following equations:

Q (θ,θi) = ∑
Zn

P (Zn|Expn∶,θi) logP (Expn∶,Zn|θ)

P (Expn∶,Zn|θ) ≈ Hypergeometric(k,M,θN,Nn)

kn = ∑
g∈θ

png

png = {
1, Expng > 0

0, Expng = 0

where kn represents the number of sEV signature genes expressed in  
droplet n, M is the total number of genes in the dataset, θN is the length of 
θ and Nn is the number of detected genes in droplet n. In this step, SEVtras 
uses the enrichment of the sEV gene set in the hypergeometric distribu-
tion to approach the latent variable Zn and translates the challenge of 
identifying sEV droplets into finding a more representative sEV gene set θ.

In the maximization step, the parameter θ updates by maximizing 
the expected value of the bound using the following equations:

θi+1 = argmax
θ

Q (θ,θi+1)

≈ argmax
θ

∏
g

a
cov(R (Exp∶g) ,R(Z∶))

σR(Exp∶g)σR(Z)

where a is the factor controlling the length of θ with a default value 
of 10, cov(A, B) is the covariance of the two variables (A and B), R(A) is 
the rank of the variable and σ is the standard deviation. Here, SEVtras 
leverages the correlation metric between gene expression and latent 
variable Zn and updates the elements in the gene set θ by seeking the 
genes most relevant to the latent variable.

At the beginning of the expectation–maximization algorithm, the 
model parameter θ is initialized by the SEV gene set. Then, the expecta-
tion and maximization steps are executed iteratively until parameter 
θ converges. The latent variable Zn in the final iteration is referred to 
as the SEVtras score in the given sample.

If there are multiple samples in a dataset, SEVtras first performs 
expectation–maximization iterations for each sample. After conver-
gence, SEVtras integrates the convergent representative sEV gene set 
and selects the most frequently occurring gene as the unified gene set by 
voting. Finally, the SEVtras score is updated based on the unified gene set.

Simulations
To mimic the transcriptome profile of cell-free droplets, we customized a 
simulation method based on the zero-inflated negative binomial (ZINB) 
distributions. Regarding cell-free droplet data simulation, the most crucial 
step was to control the range of total UMIs following an extremely sparse 
gene distribution. Therefore, we allowed the number of total UMIs in each 
droplet to follow a Poisson distribution using the following equations:

pn ≈ Poisson (UMI)

pn = ∑
g
Expng

where UMI represents the expected total UMIs in one droplet and pn is 
the UMI count generated in specific droplet n. The expression of each 
gene (Expng) is subjected to a ZINB distribution similar to the conven-
tional single-cell simulation method as follows:

Expng ≈ ZINB (a,mng,pn)

where a is the dropout rate and mng is a gene-specific parameter  
reflecting the expression level in the droplet. In this work, we generated 
mng for sEVs and debris based on the expression of gene g in the bulk 
transcriptome data from murine mast cells and their sEVs2.

ESAI calculation
ESAI at the sample and/or tissue level is defined as the number of 
sEV-containing droplets divided by the number of cell-containing 
droplets, defined as follows:

ESAI = ∑ sEV-containing droplets
∑Cell-containing droplets

where sEV-containing droplets means sEV-containing droplets identi-
fied by SEVtras within a given sample, and Cell-containing droplets 
means cellular droplets captured by scRNA-seq within a given sample.

sEV secretion activity deconvolution (ESAI_c)
To calculate the sEV secretion activity for different cell type (ESAI_c), 
we deconvolved sEV-containing droplets into secreted cell types based 
on two assumptions: (1) the transcriptional profile of a given sEV is 
more similar to its cell of origin6,16 and (2) sEV release is affected by the 
biogenesis capacity of the original cell type.

Specifically, we first used the gene expression similarity to meas-
ure the extent to which a given sEV can belong to certain cell types 
(assumption 1):

Similarityci = ∑
jϵCellN

[Celltype( j) = ci]

where CellN refers to the N (default 10) nearest neighboring cells of the 
sEV droplet in the principal component analysis (PCA) coordinates. 
We applied ‘scipy.spatial.cKDTree’ for quick nearest-neighbor lookup. 
Celltype(j) represents the cell type of cell j, and [·] represents the num-
ber of cases satisfying the criterion. We set a limitation as 2 in the 
Similarityci , if a given sEV is not similar to any cell types, we do not  
consider it in the later calculation.

The sEV biogenesis capacity represents the threshold for  
determining whether a given sEV belongs to a certain cell type or not 
(assumption 2):

Source_Celltype = argmax
ci

(Similarityci + Biogenesisci)

Biogenesisci = GSEA(Expncig, sEVGO)
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GSEA denotes the GSEA function22 and sEVGO is the sEV biogenesis 
gene set from the Molecular Signatures Database33.

sEV secretion activity at the cell type level (ESAI_c) is the number 
of sEV-containing droplets secreted by a certain cell type divided the 
number of cell-containing droplets for a certain cell type (ci), defined 
as follows:

ESAI_c = ∑ sEV-containing droplets(Celltype = ci)
∑Cell-containing droplets(Celltype = ci)

where the Celltype in sEV-containing droplets represents the Source_
Celltype deconvolved previously.

Tissue sEV separation and nanoparticle tracking analysis
sEVs were separated from tissue using the protocol established previ-
ously34, with minor modifications. The dissociation mixture was based 
on the Miltenyi Dissociation Kit (Miltenyi Biotec, catalog no. 130-095-
929). Before starting, enzymes H, R and A were resuspended accord-
ing to the manufacturer’s instructions. Dissociation mix containing 
2.2 ml RPMI, 100 µl enzyme H, 50 µl enzyme R and 12.5 µl enzyme A 
was prepared immediately before use. A small (roughly 200 mg) piece 
of tissue was weighed and briefly sliced on dry ice and then incubated 
in the dissociation mixture for 10-15 min at 37 °C. The dissociated tis-
sue filtered through a 70 μm filter gently for twice to remove residual 
tissues. Then suspension was spun at 300g for 10 min at 4 °C, and 
supernatant was transferred to a fresh tube and spun at 2,000g for 
10 min at 4 °C and filtered with a 0.2 µm filter (FPE-234-000, BIOFIL). 
This filtered medium was then ultracentrifuged at 100,000g at 4 °C 
for 4 h, the pellet was then suspended in PBS and re-ultracentrifuged 
at 100,000g for 20 min. Finally, the pellet was resuspended in 50 μl of 
PBS. For nanoparticle tracking analysis, isolated sEVs were measured 
using a NanoSight NS300 (Malvern) equipped with a high sensitivity 
sCMOS camera. For each acquisition, a delay of 90 s followed by three 
captures of 30 s each was used. The averaged value of the three captures 
for each biological replicate was used to determine the nanoparticle 
concentration and the size distribution.

Performance evaluation in the MSC and 293F cell line
Human umbilical cord MSCs were provided by Jinan Wanquan Bio-
technology and cultured in basic medium (Dakewe) supplemented 
with 5% UltraGRO-PURE serum substitutes (Helios BioScience) and 
1% penicillin-streptomycin at 37 °C in 5% CO2. Human embryonic 
kidney cell 293F was from QuaCell Biotechnology and cultured in 
shake flasks in SMM 293-TII serum-free medium (Sino Biological) 
and 1% penicillin-streptomycin at 37 °C in 5% CO2. Cultured cells 
were washed three times in PBS and subsequently allowed to secrete 
sEVs for 48 h. sEVs were isolated by sequential differential centrifu-
gation from cultured cell medium. The medium was collected from 
the cell cultures and spun at 800g for 5 min, followed by 2,000g for 
10 min and filtered with a 0.2 µm filter (FPE-234-000, BIOFIL). This 
filtered medium was then ultracentrifuged at 100,000g at 4 °C for 
4 h, the pellet was then suspended in PBS, and re-ultracentrifuged 
at 100,000g for 20 min. Finally, the pellet was resuspended in 
50 μl of PBS. Isolated sEVs were stored at −80 °C for downstream  
analyses.

To examine the purity of the isolated sEVs, nanoparticle tracking 
analysis and western blotting were used. For nanoparticle tracking 
analysis, sEVs were measured using a NanoSight NS300 (Malvern) 
equipped with a high sensitivity sCMOS camera. For each acquisi-
tion, a delay of 90 s followed by three captures of 30 s each was used. 
The averaged value of the three captures for each biological repli-
cate was used to determine the nanoparticle concentration and the 
size distribution. For western blotting, equal amounts of total pro-
tein extracted from MSC or 293F cells and sEVs were subjected to 
separation by SDS-PAGE and further analyzed. Antibodies against 

CD9 (Proteintech, diluted 1:1,500), Syntenin (Proteintech, diluted 
1:1,000), Calnexin (Easybio, diluted 1:8,000) and GPR94 (Protein-
tech, diluted 1:1,000) were used to identify sEV and cellular protein  
markers according to the manufacturer’s instructions. HRP- 
conjugated goat antibody (Easybio, diluted 1:5,000) was used as the  
secondary antibody.

Total RNA was extracted from the isolated sEVs using TRIzol 
(Invitrogen). The library was prepared following the TruSeq proto-
col (Illumina) and sequenced on an Illumina Next500 sequencer. For 
the bulk transcriptome analysis, raw reads were cleaned using Trim 
Galore v.0.6.7 (ref. 35) and aligned to the GRCh38 human reference 
genome using STAR v.2.6.1a (ref. 36) and RSEM v.1.2.25 (ref. 37) to 
quantify the transcripts and DESeq2 v.1.26.0 (ref. 38) was used for 
sample normalization.

Generation of cell debris and large EVs
To generate cell debris, cell suspension was ground with stainless steel 
beads and unbroken cells were removed by centrifugation at 300g for 
5 min at 4 °C. To obtain large EVs, cell suspension was centrifuged at 
300g for 5 min to remove cells and large debris, followed by 2,000g for 
20 min at 4 °C. The pellet from 2,000g centrifugation was resuspended 
with PBS and regarded as large EVs39.

NanoLuc-labeled sEVs preparation
Sequence of NanoLuc has been fused with EV sorting motif MysPalm40 
and synthesized. For plasmid construction, MysPalm-NanoLuc was 
inserted between AflII and AgeI into a pcDNA3.4 vector. The 293F 
cells were suspended and cultured with serum-free medium (Sino 
Biological) at 37 °C, 5% CO2. Cells of 2 × 106 cells per ml and 95% 
viability were transfected with plasmids using polyethyleneimine 
transfection reagent (catalog no. 24765-1, Polyscience) for 72 h. After 
transfection, the cell culture supernatant was collected for sEV isola-
tion by sequential differential ultracentrifuge. The supernatant was 
spun at 800g for 5 min, followed by 2,000g for 10 min and filtered 
with a 0.2 µm filter (FPE-234-000, BIOFIL). This filtered medium was 
then ultracentrifuged at 100,000g at 4 °C for 4 h, the pellet was then 
suspended in PBS and re-ultracentrifuged at 100,000g for 20 min. 
Finally, the isolated NanoLuc-labeled sEVs were stored at −80 °C for  
further analyses.

NanoLuc luminescence emission was measured using Nano-Glo 
Luciferase Assay (Promega) according to the manufacturer’s instruc-
tions and read by a multimode microplate reader SpectraMax i3 (Molec-
ular Devices) at 460 nm.

To verify that NanoLuc protein was specifically loaded in engi-
neered sEVs, proteinase K (Qiagen) or Triton X-100 (Thermo Fisher) 
were used to treat sEVs. A final concentration of 0.1% Triton X-100 
was used to permeabilize the membrane that facilitates the diges-
tion of intracellular proteins. A total of four experimental conditions 
(only NanoLuc-labeled sEVs, NanoLuc-labeled sEVs treated with Triton 
X-100 only, NanoLuc-labeled sEVs treated with proteinase K only, 
NanoLuc-labeled sEVs treated with proteinase K + Triton X-100) were 
set up with three replicates for each condition. After 3 h of incubation 
at 37 °C, the luminescence of each treatment was monitored using the 
Nano-Glo Luciferase Assay (Promega) according to the manufacturer’s 
protocol.

scRNA-seq processing
The cell samples for scRNA-seq were prepared according to the proto-
col recommended by 10X Genomics with minor modifications. MSCs 
and 293F cells were both cultured in serum-free medium following the 
manufacturer’s instructions and cell culture reaching 80% confluency 
was used for further process. After removing culture medium and 
washing once with PBS, MSCs were digested with 0.25% Trypsin-EDTA 
solution (Gibco) at 37 °C for 2 min and the digestion was stopped by 
adding new culture medium. The cells were then centrifuged at 250g 
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for 5 min, resuspended with culture medium and filtered through a 
40 μm cell strainer. The cell concentration of 293F and filtered MSC 
suspension were determined and diluted between 6 × 105 and 1 × 106 
cells per ml. Cells was pelleted from 1.5 ml of cell suspension at 150g 
for 3 min and washed with 1× PBS containing 0.04% BSA. Then repeat 
the centrifuge and wash steps for a total of three washes. The cells were 
resuspended with 1× PBS containing 0.04% BSA and filtered through 
a 40 μm cell strainer to a concentration of 7 × 105 to 1 × 106 cells per ml 
and 7,000 cells were used for each sample. The MSC and 293F mixed 
sample was prepared using 3,500 MSCs and 3,500 293F cells to prepare. 
Libraries were constructed following standard 10× Chromium Single 
Cell Gene Expression Protocol (v.3.1) and sequenced on a NovaSeq 
6000 platform (Illumina).

sEV secretion activity stimulation
MON (MedChemExpress) was dissolved in dimethylsulfoxide to a 
stock solution of 5 mM and diluted with cell culture medium to a final 
concentration of 5 μM. The resulting medium was used to treat the MSC 
cells for 18 h before collecting the culture medium for sEV isolation or 
cells for scRNA-seq.

scRNA-seq data processing
Raw reads were processed by Cell Ranger v.5.0.0 with default param-
eters41. Samples with sequencing saturation less than 0.5 were dis-
carded for downstream analysis. The raw expression matrix of Cell 
Ranger outputs was inputted into SEVtras for sEV-containing drop-
lets identification. The matrix and downstream analysis for sEVs was 
performed using the Scanpy v.1.8.2 package42. The expression matrix 
was normalized with ‘sc.pp.normalize_total’ with a target sum in each 
droplet as 100. Data imputation was performed by MAGIC v.3.0.0 with 
default parameters43. Then, we identified highly variable genes with ‘sc.
pp.highly_variable_genes’. PCA was performed on the scaled variable 
gene expression matrix using ‘sc.pp.pca’. Using the first 50 principal 
components, we constructed a shared nearest-neighbor graph for cells 
with ‘sc.pp.neighbors’ and clustered cells using ‘sc.tl.leiden’. BBKNN 
v.1.5.1 was used for batch effect adjustment with default parameters44. 
Finally, we applied the UMAP algorithm using the ‘sc.tl.umap’ function 
to visualize cells in low dimensions. The DEGs between clusters were 
identified by ‘sc.tl.rank_genes_groups’.

Statistical analysis
Python v.3.8 with numpy v.1.20.3 and pandas v.1.2.4 was used for data 
analysis, and matplotlib v.3.4.2 and seaborn v.0.11.0 for visualization. 
All P values resulting from multiple hypothesis testing in all analyses 
were adjusted with the Benjamini-Hochberg false discovery rate. The 
adjusted P value is referred to as the Benjamini-Hochberg-corrected 
P value in the main text. n typically indicates biologically independent 
experiments.

Reporting summary
Further information on research design is available in the Nature  
Portfolio Reporting Summary linked to this article.

Data availability
The bulk RNA-seq and scRNA-seq data for MSC and 293F cells were 
deposited at the National Genomics Data Center with accession 
number PRJCA017291 (https://ngdc.cncb.ac.cn/gsa-human/browse/
HRA004708). The CITE-seq data15 and scRNA-seq data for 15 normal 
tissues17 and prostate cancer32 were downloaded from the National 
Center for Biotechnology Information Gene Expression Omnibus 
(GSE150599, GSE159929 and GSE137829, respectively). The scRNA-seq 
data for CRC25 were accessed in ArrayExpress under the accession num-
ber E-MTAB-8410. The scRNA-seq data for PDAC30 were accessed from 
Genome Sequence Archive under the accession number CRA001160. 
The scRNA-seq data for gastric cancer31 were accessed at https://

dna-discovery.stanford.edu/research/datasets/. Source data are pro-
vided with this paper.

Code availability
Source code of SEVtras is freely available at https://github.com/
bioinfo-biols/SEVtras.
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Extended Data Fig. 1 | Presence of sEVs in the scRNA-seq samples. a, Schema of 
nanoparticle tracking analysis (NTA) for fresh tissues. b, Size distribution of sEVs 
in the three types of mouse tissues. From left to right: brain, spleen and kidney. 
c, NTA for NanoLuc-labeled sEVs. d, Luminescence intensity of NanoLuc-labeled 

sEVs treated with Triton X-100 and Proteinase K (n = 3 independent experiments 
for each condition) (see Methods). e, Luminescence intensity of NanoLuc-
labelled sEVs at variable concentration. f, Luminescence intensity of background. 
The luminescence was measured by microplate reader (see Methods).
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Also see Fig. 1b.
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Extended Data Fig. 4 | Performance evaluation for SEVtras. a, Evaluations 
by simulated data. Left panel: outline of cell-free droplet data simulation. 
Middle panel: AUC of SEVtras compared with the method of enrichment (n = 16 
independent experiments). ‘P’ represents the P value in two-sided T test. The 
bar represents the mean, and the lower and upper limits in the error bar are the 
values corresponding to the 2.5th and 97.5th percentiles after 1,000 bootstrap 
iterations. Right panel: AUC estimation of the influence of two confounders 
(fraction of sEVs and total UMI counts) on SEVtras. b, Transcriptional profile 

correlation among experimentally isolated sEVs, sEVs and debris identified 
by SEVtras in MSC cell line. c, Transcriptional profile correlation among 
experimentally isolated sEVs, sEVs and debris identified by SEVtras in 293F cell 
line. d, Gene expression of sEVs was highly correlated in untreated and debris/
lEVs added MSC samples. ‘lEVs’ means large EVs. e, Gene expression of sEVs was 
highly correlated in untreated and MON treated/sEVs added MSC samples. ‘MON’ 
means monensin sodium salt.
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Extended Data Fig. 5 | SEVtras enriches well-documented sEV markers in 
CITE-seq. a, Presence of CD63 and CD9 in the CITE-seq data. b, The fraction of 
sEV marker positive droplets under different thresholds. c, The abundance of 
CD20, CD137 and CD106 in droplets (n =186,434). ‘P’ represents the P value in  
two-sided Mann-Whitney U test. Data are shown as median values with 
interquartile range. d, GO enriched terms of sEV droplets identified from 

the CITE-seq data. ‘P’ represents the P value in GO enrichment using a 
hypergeometric test. e, Performance validation of SEVtras based on the two  
sEV-specific markers. f, Distribution of gene number (left) and total UMI count 
(right) between droplets identified by SEVtras and droplets positive for  
sEV markers.
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Extended Data Fig. 6 | SEVtras can reveal the heterogeneity of sEVs with 
broad applicability. a, Cell states in separated and mixed MSC and 293F 
samples. Cells of mixture sample were subsampled to 3,000. b, sEV-containing 
droplets in mixture sample were highly concordant with sEV-specific clusters 
of MSC and 293F after BBKNN batch adjustment (see Methods). Droplets were 

subsampled to 6,000 for visualization. c, Benchmark the performance of SEVtras 
and the state-of-the-art methods (CIBERSORT and EV-origin) in sEV composition 
deconvolution. scRNA-seq data of MSC and 293F mixture was used as the 
benchmark dataset.

http://www.nature.com/naturemethods


Nature Methods

Article https://doi.org/10.1038/s41592-023-02117-1

d

TI
M

P
1 

ex
pr

es
si

on
 

0

2

4

6
P < 1e-10

Epithe.1 Epithe.2

0

5

FA
B

P
1 

ex
pr

es
si

on

P < 1e-10e

Epithe.1 Epithe.2

f

UMAP1

U
M

AP
2

T

Monocytes

Plasma

Endothelium

Epithelium

T
Granulocytes

B

sEVs

Smooth 
muscleFibro-

blasts

i

P value (log10)

Cell migration

Localization 
of cell

Cell motility

Regulation of 
cell adhesion

SR to copper ion
Detoxification of

copper ion
SR to cadmium ion

Detoxification of
inorganic compound
SR to metal ion

-5 0 -5

g

0 20
ESAI_c in gut epithelium cells (%)

Epithelium1

Epithelium2

P = 0.001

0

50

ES
AI

_c
 in

ep
ith

el
iu

m
2 

(%
)

Normal
tissue

Tumor
adjacent

Tumor
border

Tumor
core

h

Monocytes

Fibroblasts

T
Muscle

Epithelial1

Endothelium

Melanocyte

B

Satellite

Plasma
Epithelial2

Epithelial3

Enterocytes

sEVs

UMAP1

U
M

AP
2

a

0 5

Median expression
in group

M
AL

AT
1

EE
F1

A1
R

PL
P2

R
PL

34
M

T-
AT

P8
M

T-
N

D
4

R
PL

32
M

T-
C

O
3

M
T-

C
YB

M
T-

AT
P6

H
LA

-D
R

A
R

PL
12

M
T-

C
O

2
TY

R
O

BP
C

1Q
B

SE
LE

N
O

P
C

D
74

M
T-

C
O

1
C

1Q
A

R
N

AS
E1

M
T-

N
D

3
FT

L
C

ST
3

sEV1

sEV2

c

Ribosomal
subunit

Extracellular
exosomes

0 2 4 6
P value (-log10)

b

Extended Data Fig. 7 | SEVtras deepens single cell transcriptome analysis.  
a, UMAP of identified sEV-containing droplets and cell types in 15 human normal 
tissues dataset. b, GO enrichment of droplets identified by SEVtras in 15 human 
normal tissues dataset. c, Genes enriched in the two sEV subtypes in 15 human 
normal tissues dataset. d, UMAP of identified sEV-containing droplets and cell 
types in CRC dataset. e, Expression of FABP1 in the two gut epithelial subtypes in 
CRC dataset (n = 5,066). ‘P’ represents the P value in two-sided Mann-Whitney U 
test. Data are shown as median values with interquartile range. f, Expression of 
TIMP1 in the two gut epithelial subtypes in CRC dataset (n = 5,066). ‘P’ represents 
the P value in two-sided Mann-Whitney U test. Data are shown as median values 

with interquartile range. g, ESAI_c in the two gut epithelial subtypes in CRC 
dataset (n = 36). ‘P’ represents the P value in two-sided Mann-Whitney U test. The 
bar represents the mean, and the lower and upper limits in the error bar are the 
values corresponding to the 2.5th and 97.5th percentiles after 1,000 bootstrap 
iterations. h, ESAI_c of gut epithelium2 at different locations relative to the 
tumor in CRC dataset (n = 27). The bar represents the mean, and the lower and 
upper limits in the error bar are the values corresponding to the 2.5th and 97.5th 
percentiles after 1,000 bootstrap iterations. i, GO enrichment of differentially 
expressed genes in the two gut epithelial subtypes in CRC dataset. ‘P’ represents 
the P value in GO enrichment using a hypergeometric test.
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Extended Data Fig. 8 | ESAI_c is strongly associated with vascular invasion in 
early-stage tumors. a, The relationship between ESAI and perineural invasion 
or peripancreatic infiltration (n = 27). ‘P’ represents the P value in two-sided 
Mann-Whitney U test. Data are shown as median values with interquartile range. 
b, ESAI correlates with the tumor vascular invasion in the stage I (n = 18). The 
bar represents the mean, and the lower and upper limits in the error bar are the 
values corresponding to the 2.5th and 97.5th percentiles after 1,000 bootstrap 
iterations. c, ESAI across different tumor stage (n = 27). Data are shown as 
median values with interquartile range. d, ESAI across different tumor stages, 

separated by vascular invasion status (n = 27). Data are shown as median values 
with interquartile range. e, The relationship between the fraction of lymphocytes 
and the tumor vascular invasion (n = 27). ‘P’ represents the P value in two-sided 
Mann-Whitney U test. Data are shown as median values with interquartile range. 
f, ESAI_c of lymphocytes correlates with the tumor vascular invasion in the stage 
I (n = 18). The bar represents the mean, and the lower and upper limits in the error 
bar are the values corresponding to the 2.5th and 97.5th percentiles after 1,000 
bootstrap iterations.
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