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Abstract 

Background  Cancer remains a leading global cause of mortality, making early detection crucial for improving 
survival outcomes. The study aims to develop a machine learning-enabled blood-derived exosomal RNA profiling 
platform for multi-cancer detection and localization.

Methods  In this multi-phase, multi-center study, we analyzed RNA from exosomes derived from peripheral blood 
plasma in 818 participants across eight cancer types during the discovery phase. Machine learning techniques were 
applied to identify potential pan-cancer biomarkers. During the screening and model validation phases, the sample 
size was progressively expanded to 1,385 participants in two steps, while the candidate biomarkers were refined 
into a set of 12 exosomal tumor RNA signatures (ETR.sig). In the subsequent model construction phase, diagnostic 
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models were developed using the expanded cohort and ETR.sig. Statistical analyses included the calculation 
of receiver operating characteristic (ROC) curves and AUC values to assess the models’ ability to distinguish cancer 
cases from controls and determine tumor origins. To further validate and explore the biological relevance of the iden-
tified biomarkers, we integrated tissue RNA-seq, single-cell data, and clinical information.

Results  Machine learning analysis initially identified 33 candidate biomarkers, which were narrowed down to 20 
ETR.sig in the screening phase and 12 ETR.sig in the validation phase. In the model construction phase, a diagnostic 
model based on ETR.sig, built using the Random Forest (RF) algorithm, showed excellent performance with an AUC 
of 0.915 for distinguishing pan-cancer from controls. The multi-class classification model also demonstrated strong 
classification power, with macro-average and micro-average AUCs of 0.983 and 0.985, respectively, for differentiating 
between eight cancer types. Additionally, tumor origin classification using the RF-based diagnostic models achieved 
high AUC values: BRCA 0.976, COAD 0.98, KIRC 0.947, LIHC 0.967, LUAD 0.853, OV 0.972, PAAD 0.977, and PRAD 0.898. 
Integration of tissue RNA-seq, single-cell data, and clinical information revealed key associations between ETR.sig-
related genes and tumor development.

Conclusions  The study demonstrates the robust potential of exosomal RNA as a minimally invasive biomarker 
resource for cancer detection. The developed ETR.sig platform offers a promising tool for precision oncology 
and broad-spectrum cancer screening, integrating advanced computational models with nanoscale vesicle biology 
for accurate and rapid diagnosis.

Keywords  Multi-cancer, Exosome, Exosomal tumor RNA signatures, Biomarker, Cancer detection, Cancer localization

Introduction
Cancer, a pervasive global health concern, stands as 
one of the prominent causes of death worldwide [1]. A 
comprehensive global study in 2020 highlighted breast, 
lung, and prostate cancers as the top three in terms of 
incidence, while lung cancer, liver cancer, and stom-
ach cancer were the leading causes of mortality [1]. A 
U.S. survey projects over two million new cancer cases 
in 2024, resulting in an estimated 600,000 deaths [2]. 
Anticipated global cancer cases are projected to surge 
to around 28 million by 2040 [1]. underscoring the 
urgent need for holistic strategies in cancer prevention, 
diagnosis, and treatment.

Epidemiological studies indicate that patients diag-
nosed with cancer in early stages exhibit superior clini-
cal outcomes compared to those diagnosed in advanced 
stages [2]. Consequently, there is a compelling need for 
early screening and diagnosis, propelling clinical scien-
tists to relentlessly explore the domain of dependable 
cancer biomarkers [3, 4]. Despite progress in the scien-
tific community, the current landscape of cancer diagno-
sis still relies heavily on combinations of laboratory tests 
and imaging techniques [5]. This dual-pronged approach, 
while providing valuable insights, not only imposes a 
financial burden on patients but also falls short of sup-
planting the irreplaceable role of pathological examina-
tions in diagnostic modalities.

Extracellular vesicles, including exosomes, can serve 
as alternatives or supplements to other forms of liq-
uid biopsy for enhancing diagnostic performance [6, 
7]. Mechanistically, viable cells continuously release 
exosomes [8], which contain DNA, RNA, and protein 

components, thus providing clinically relevant diagnostic 
information. A pivotal study in 2007 first demonstrated 
the functional role of exosome mRNAs, emphasiz-
ing exosomes as crucial mediators of intercellular RNA 
transfer essential for cell-to-cell communication [9]. 
Subsequent research has further affirmed the pres-
ence of various RNA subtypes, including small RNAs, 
microRNAs, and long noncoding RNA (lncRNA), within 
exosomes [10–12]. Recent studies are increasingly uti-
lizing comprehensive transcriptomic approaches, such 
as RNA sequencing (RNA-seq), to investigate the RNA 
content within exosomes in physiological and pathologi-
cal processes, as observed in various samples, including 
cerebrospinal fluid (CSF) [13], plasma [14, 15], and urine 
[16, 17]. Over the years, we have been directed toward 
exploring RNA-seq to identify clinical biomarkers for 
cancer diagnosis using blood-derived exosomes. To date, 
studies have been conducted in prostate cancer and renal 
clear cell carcinoma [18–21]. However, there is still a lack 
of reliable pan-cancer biomarkers and corresponding 
markers for individual cancers [22]. Furthermore, there 
is a dearth of systematic algorithms and validation mod-
els available for assessing the diagnostic efficacy of the 
selected biomarkers.

In this study, we conducted a multiphase, multicenter 
investigation of the transcriptome profiles of blood-
derived exosomes across eight cancer types: breast can-
cer (BRCA), colon adenocarcinoma (COAD), kidney 
renal clear cell carcinoma (KIRC), liver hepatocellular 
carcinoma (LIHC), lung adenocarcinoma (LUAD), ovar-
ian cancer (OV), pancreatic adenocarcinoma (PAAD), 
and prostate adenocarcinoma (PRAD), along with a 
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healthy control group. During the discovery phase, we 
identified 33 candidate biomarkers relevant to multi-
cancer detection using RNA sequencing (RNA-seq). In 
the screening phase, samples from nine centers were ana-
lyzed using TaqMan real-time quantitative PCR (qPCR). 
Among 245 participants, 13 biomarkers were excluded 
due to insufficient detection reliability. In the validation 
phase, the cohort was expanded to 1,385 participants, 
leading to the refinement and confirmation of 12 key 
blood-derived exosomal tumor RNA signatures (ETR.
sig). In the model construction phase, we developed a 
multi-cancer detection and tumor-specific classifica-
tion model based on ETR.sig. Additionally, we explored 
the tissue and cellular origins of the key genes in ETR.
sig using data from TCGA cohorts and single-cell RNA 
sequencing (scRNA-seq) of LUAD and KIRC patients. 
This portion of the study aimed to investigate exosome-
mediated RNA communication between blood and pri-
mary tumor sites, with the goal of enhancing early cancer 
detection and localization.

Methods
Study design
This study comprised four distinct phases: discovery, 
screening, validation and model construction. In the 
discovery phase, we investigated the expression pro-
files of exosomal RNAs (exoRNAs) in blood samples 
from patients diagnosed with BRCA, COAD, LIHC, OV, 
PAAD, LUAD, KIRC, and PRAD, as well as healthy con-
trols. Exosomal RNA sequencing (exoRNA-seq) data 
were utilized for biomarker identification, leading to the 
selection of 33 candidate biomarkers. During the screen-
ing phase, we refined these biomarkers using TaqMan 
qPCR analysis on samples obtained from nine independ-
ent centers. Among the 245 participants, 13 biomarkers 
were excluded due to insufficient detection reliability, 
ensuring that only robust candidates were retained for 
further validation. In the validation phase, the cohort size 
was expanded to 1,385 participants (validation cohort) 
to enhance the robustness of biomarker selection. To 
refine the biomarker set, we applied exclusion criteria 
to eliminate: (1) genes with an undetectable rate exceed-
ing 30% across samples, and (2) genes exhibiting expres-
sion patterns inconsistent with RNA-seq results. This 
rigorous selection process led to the identification of a 
refined panel of 12 key biomarkers, designated as ETR.
sig. In the model construction phase, these biomarkers 
were then incorporated into both training and valida-
tion groups (validation cohort: 1,385 participants) for the 
development and evaluation of a multi-cancer diagnostic 
model (Study design: Fig. S1). Additionally, we explored 
the correlation between candidate biomarkers and clini-
cal information using data from The Cancer Genome 

Atlas (TCGA). To further elucidate the potential cellular 
origins of these biomarkers, we analyzed single-cell tran-
scriptomic data in the final stage of our study.

Multi‑cancer blood‑derived exoRNA‑seq dataset 
description
We compiled a dataset comprising 818 profiles of blood-
derived exoRNA-seq data across eight distinct cancer 
types, drawn from the exoRbase database and our in-
house cohorts. Specifically, exoRbase provided sam-
ples of BRCA (n = 140), COAD (n = 35), LIHC (n = 112), 
OV (n = 30), and PAAD (n = 164) patients. Additionally, 
exoRNA-seq data for LUAD (n = 83), KIRC (n = 29) [21], 
and PRAD (n = 31) [18] were obtained from our previous 
studies available in CNGBdb under accession numbers 
CNP0005119, CNP0002099, and CNP0000926, respec-
tively. The dataset encompassed a total of 194 healthy 
control samples (exoRbase = 118; CNP0005119 = 31; 
CNP0002099 = 28; CNP0000926 = 17), ensuring compre-
hensive and diverse representation across various cancer 
types.

Search for proto‑oncogenes and tumor suppressor gene 
sets
All tumor suppressor genes were retrieved from Tumor 
Suppressor Gene Database (https://​bioin​fo.​uth.​edu/​
TSGene/​downl​oad.​cgi?​csrt=​13868​15850​97458​41593). 
Canonical drivers and candidate driver genes were 
obtained from the NCG database (http://​netwo​rk-​can-
cer-​genes.​org/​downl​oad.​php, 2022.04) (Supplementary 
Table S1).

Processing pipeline for raw RNA‑seq data
Quality control of the raw fastq data was performed using 
trim-galore (version 0.6.7). Subsequently, alignment was 
performed using STAR (version 2.7.9a) with the reference 
genome hg38 obtained from https://​www.​genco​degen​
es.​org/​human/. Sorting was carried out using SAMtools 
(version 1.6), and final gene expression quantification was 
performed using featureCounts (version 2.0.1).

Differential gene expression analysis
Identification of DEGs in the bulk RNA-seq data of 
blood-derived exosomes was performed, setting the crite-
ria at |log2FC|> 1 and a P value < 0.05. Subsequently, with 
the applied thresholds of a P value < 0.05 and |log2FC|> 1, 
DEGs within the TCGA bulk RNA-seq cohort were 
determined utilizing the DESeq2 (version 1.32.0), limma 
(version 3.52.4), and edgeR (version 3.38.4) packages. Vis-
ualization of the differential expression analysis results 
was performed using ggplot2 (version 3.4.3) through bar 
charts, and differences in gene expression according to 
TaqMan qPCR data were visualized through violin plots.

https://bioinfo.uth.edu/TSGene/download.cgi?csrt=13868158509745841593
https://bioinfo.uth.edu/TSGene/download.cgi?csrt=13868158509745841593
http://network-cancer-genes.org/download.php
http://network-cancer-genes.org/download.php
https://www.gencodegenes.org/human/
https://www.gencodegenes.org/human/
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Gene enrichment analysis
We performed functional enrichment analysis of DEGs 
using the KEGG database through the clusterProfiler 
package (version 4.8.3), with the results filtered by a sig-
nificance threshold of P < 0.05. Additionally, we calcu-
lated the proportion of DEGs enriched in the first-level 
pathways of KEGG (metabolism, genetic information 
processing, environmental information processing, cel-
lular processes, organismal systems, and human dis-
eases), as well as the intersection of pathways enriched by 
DEGs. Pie charts and bubble charts were visualized using 
ggplot2 (version 3.4.3).

Intersection and selection of key genes in blood‑derived 
exosomal RNA sequencing (Exorna‑seq)
We utilized the UpSetR package (version 1.4.0) for the 
intersection analysis and visualization of DEGs in blood-
derived exoRNA-seq data across various tumors. To 
select a gene set suitable for multi-cancer diagnosis, we 
employed the following feature selection methods: we 
integrated multi-cancer exoRNA-seq data and conducted 
differential expression analysis for tumor vs. control tis-
sues, filtering DEGs with a P value < 0.01 and a fold 
change (FC) ≥ 1.4 or ≤ −1.6. Subsequently, single-factor 
logistic regression analysis was applied to filter the genes 
for constructing diagnostic models, retaining those with 
P values < 0.05 (using the "glm" function from the R pack-
age stats, version 4.3.1). Additionally, LASSO analysis, 
with 1000 repeated tenfold cross-validations (CVs), was 
employed to refine the selection of the diagnostic gene 
set (based on the "cv.glmnet" function from the R pack-
age glmnet, version 4.1–8).

Moreover, we employed machine learning techniques 
to select the optimal gene set obtained from LASSO anal-
ysis. A stratified random sampling method was applied to 
partition the exoRNA-seq cohort into training and vali-
dation sets at a 7:3 ratio. The training set was utilized for 
constructing the random forest (RF) classification model, 
and the validation set was used to assess diagnostic per-
formance. Model effectiveness was evaluated by calculat-
ing the area under the curve (AUC) values from receiver 
operating characteristic (ROC) curves. Finally, we identi-
fied the optimal gene set by comparing the AUC values 
of the models in the validation set. This entire procedure 
was implemented using the tidymodels (version 1.0.0) 
and pROC (version 1.18.0) R packages.

Participants in the Screening, Validation and Model 
Construction Phases
This study obtained approval from the Clinical Research 
Ethics Committees of Guangxi Medical Univer-
sity (Approval Numbers: GXMU2022-0154). Clinical 

samples were collected from the First Affiliated Hospital 
of Guangxi Medical University, Guangxi Medical Uni-
versity Cancer Hospital, Shanghai Changhai Hospital, 
the First People’s Hospital of Yulin, Suzhou Municipal 
Hospital, the First Affiliated Hospital of Soochow Uni-
versity, Shanghai General Hospital, Eastern Hepatobiliary 
Surgery Hospital and Shanghai Ninth People’s Hospital. 
Written informed consent was obtained from the par-
ticipants before sampling. From June 2022 to Septem-
ber 2023, a total of 1385 participants were sequentially 
enrolled, including individuals with BRCA (n = 128), 
COAD (n = 120), KIRC (n = 141), LIHC (n = 120), LUAD 
(n = 121), OV (n = 115), PAAD (n = 111), PRAD (n = 143), 
and healthy controls (n = 386). Tumor cases were con-
firmed by surgical pathology and independently exam-
ined by two pathologists. The inclusion criteria for the 
patients were as follows: (1) age > 18 years; (2) definitive 
pathological diagnosis; (3) no prior anticancer treat-
ment before blood sample collection; (4) no history of 
other cancers; (5) signed informed consent; and (6) No 
tumor metastasis, with T-stage less than T4. The inclu-
sion criteria for the healthy controls were as follows: (1) 
age > 18 years and (2) underwent a health check-up and 
considered asymptomatic and healthy. The exclusion 
criteria were as follows: (1) previously diagnosed with 
tumors, (2) received ablation treatment, and (3) had 
other malignant tumors.

Sample collection and processing
The patients with masses in the breast, colon, kidney, 
liver, lung, ovary, pancreas, or prostate signed informed 
consent forms on the first day of admission, and their 
fasting peripheral blood was collected on the second 
morning. The healthy controls provided signed informed 
consent on the day of the health check-up, and fasting 
peripheral blood was collected before the physical exami-
nation. The samples were stored at 4 °C and transported 
to the laboratory on ice. All blood samples were then 
centrifuged at 1600 × g for 15 min to separate the plasma, 
which was collected in 1.5-ml centrifuge tubes and num-
bered. The plasma samples were immediately stored 
at − 80 °C until further processing.

Isolation and RNA extraction of blood‑derived exosomes
Blood-derived exosomes were isolated, and RNA was 
extracted using exoRNeasy Midi/Maxi Kit. The spe-
cific steps were as follows. Buffer XBP was added to the 
sample at a 1:1 ratio. The mixture was gently mixed by 
inverting 5 times to ensure thorough mixing. The mix-
ture was subsequently added to the exoEasy spin col-
umn and centrifuged at 500 × g for 1 min. (Note: If there 
was residual liquid on the membrane, the mixture was 
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further centrifuged at 5000 × g for 1 min to ensure com-
plete passage of all the liquid through the membrane.) 
Then, 3.5 ml of Buffer XWP was added, and the column 
was centrifuged at 5000 × g for 1 min to wash the column 
and remove residual buffer. The filtrate and the bottom 
collection tube were discarded, and the spin column was 
transferred to a new collection tube. Then, 700 µl of QIA-
zol was added to the membrane of the column, which 
was centrifuged at 5000 × g for 5 min to collect the lysate, 
which was then transferred completely to a 2  ml tube. 
The lysate in the tube was gently mixed and incubated at 
room temperature (15–25  °C) for 5  min. Then, 90  μl of 
chloroform was added, the tube was tightly capped, and 
the solution was mixed vigorously for 15 s. The tube was 
incubated at room temperature for 2–3  min. The tube 
was then placed in a precooled centrifuge at 4  °C and 
centrifuged at 12,000 × g for 15  min. The supernatant 
was transferred to a new 2.0 mL tube (care was taken to 
avoid aspirating the organic phase). An equal volume of 
ethanol was added, and the mixture was inverted sev-
eral times. Then, 700 μL of the mixture was added to 
the RNeasy MinElute spin column in a 2  mL collection 
tube and incubated for 2 min, after which the tube was 
capped. The column was centrifuged at 12,000 × g for 
1 min at room temperature, after which the filtrate was 
discarded. This step was repeated until all the mixture 
was used. Then, 700 μL of Buffer RWT was added to the 
RNeasy MinElute spin column, the tube was capped, the 
column was centrifuged at 12,000 × g for 1 min at room 
temperature, and the filtrate was discarded. Five hundred 
microliters of Buffer RPE was added to the RNeasy Min-
Elute spin column, the tube was capped; the column was 
centrifuged at 12,000 × g for 1 min at room temperature, 
and the filtrate was discarded. Five hundred microliters of 
Buffer RPE was added to the RNeasy MinElute spin col-
umn, the tube was capped, the column was centrifuged at 
12,000 × g for 2 min at room temperature, and the filtrate 
was discarded. The RNeasy MinElute spin column was 
placed in a new 2.0  mL collection tube and centrifuged 
at 12,000 × g for 5 min at room temperature, after which 
the filtrate and the bottom 2.0  mL collection tube were 
discarded. The RNeasy MinElute spin column was placed 
in a new 1.5 mL tube, and 14 μL of preheated RNase-free 
water was added to the center of the silica membrane. 
The tube was capped, and the column was centrifuged 
at 12,000 × g for 1 min at room temperature. The RNeasy 
MinElute spin column was discarded, and the purified 
RNA solution was collected in a 1.5 mL tube.

Quality control of exosome isolation and verification
For isolated exosomes, we employed distinct techniques 
for identification, including nanoparticle tracking analy-
sis (NTA) (Fig. S2A), transmission electron microscopy 

(TEM) (Fig. S2B), and western blotting (WB) (Fig. S2C) 
techniques. The detailed experimental methods can be 
found in our previous study [21].

Reverse transcription of blood‑derived exosomal RNA
cDNA was generated from blood-derived exosomal RNA 
using Takara RR047A Kit through a two-step reverse 
transcription process, which included gDNA digestion 
and cDNA chain synthesis. The reaction components and 
procedures for each step were as follows. Step 1: gDNA 
digestion in a 13 μl reaction mixture, 2.0 μl of 5 × gDNA 
Eraser Buffer, 1.0  μl of gDNA Eraser, and 10  μl of total 
RNA were gently mixed. The reaction was carried out in 
a PCR instrument with a program set at 42 °C for 2 min, 
followed by a hold at 4 °C. Step 2: Reverse transcription 
was performed. In a 20 μl reaction mixture, 13.0 μl of the 
reaction mixture from Step 1, 1.0  μl of PrimeScript RT 
Enzyme Mix I, 1.0 μl of RT Primer Mix, 4.0 μl of 5 × Pri-
meScript Buffer 2 (for Real Time), and 1.0 μl of RNase-
free dH2O were gently mixed. The reaction was carried 
out in a PCR instrument with a program set at 37 °C for 
15 min, followed by a 5-s incubation at 85 °C and incuba-
tion at 4 °C.

Primer design and synthesis of detection targets
Target gene sequences were retrieved using the Ensembl 
database. The NCBI Primer designing tool website 
(https://​www.​ncbi.​nlm.​nih.​gov/​tools/​primer-​blast/​index.​
cgi? LINK_LOC = BlastHome) was utilized to design 
qPCR primers (Supplementary Table  S2). The primer 
design criteria included a melting temperature (Tm) 
ranging from 55–65  °C, a GC content ranging from 
40%−60%, minimal mismatches, and good specificity. 
The primers used for synthesis were obtained from San-
gon Biotech (Shanghai) Co., Ltd.

Primer validation
RNA was extracted from cancer/tumor adjacent tissues 
or cell lines and reverse transcribed into cDNA tem-
plates. Exosomal RNA from the samples to be validated 
was also prepared and reverse transcribed into cDNA. 
The melting temperature (Tm) values for each primer 
pair were analyzed, and 3–4 gradient annealing tempera-
ture values were set.

Using the cancer/tumor adjacent tissue or cell line 
cDNA as templates and diluted primers as amplification 
primers, PCR amplification was performed with the TB 
Green II enzyme using different gradient annealing tem-
peratures (35 cycles). The PCR program was as follows: 
initial denaturation at 95 °C for 30 s; 35 cycles of denatur-
ation at 95 °C for 5 s, annealing at 58 °C or 59 °C or 60 °C 
for 30 s, and extension at 72 °C for 15 s; and a final exten-
sion at 72  °C for 5  min. The reaction mixture consisted 

https://www.ncbi.nlm.nih.gov/tools/primer-blast/index.cgi
https://www.ncbi.nlm.nih.gov/tools/primer-blast/index.cgi
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of 2  μl of cDNA, 5  μl of 2 × TB Green, 0.4  μM/0.4  μM 
Primer F/R (10 μM), and 2.2 μl of ddH2O.

The PCR products were mixed with DNA loading 
buffer, and their sizes were verified by 1.5% agarose gel 
electrophoresis to confirm the expected amplification 
product size and primer specificity and to determine the 
optimal annealing temperature. Primers with a single 
band of amplified product and the expected fragment size 
were selected. Using the cancer/tumor adjacent tissue or 
cell line cDNA as templates and blood-derived exosome 
cDNA as a template, TB Green® Premix Ex Taq™ dye-
based qPCR was used to determine the melting curve 
of the primers. The PCR program was as follows: initial 
denaturation at 95 °C for 30 s; 40 cycles of denaturation 
at 95  °C for 5  s; and annealing at the optimal annealing 
temperature for 34 s. A melting curve was generated by 
increasing the temperature to 95  °C for 15  s, annealing 
at the optimal annealing temperature for 1 min, and then 
increasing the temperature to 95  °C for 15  s. Primers 
with normal melting curves were selected as candidates. 
The reaction system consisted of 2 μl cDNA, 5 μl 2 × TB 
Green, 0.4 μM/0.4 μM Primer F/R (10 μM), 0.2 μl ROX 
Reference Dye II (50X), and 2.2  μl ddH2O. The primer 
design for key genes is detailed in Table S17.

Probe design and verification
When designing the predicted product sequence based 
on the reference primers, primers were positioned near 
the primer end without overlapping with the primer, 
and the Taqman probe was ensured to have a suitable 
Tm value and GC content while adhering to the design 
principles. DNAMAN was used to detect mismatches in 
the designed probes and primer mismatches. For com-
bination detection, attention was given to the mismatch 
between two pairs of primers and two probes, and severe 
mismatches were avoided. Based on the results of the 
dye-based qPCR experiment, genes with similar Ct val-
ues were grouped, the fluorescent groups that did not 
interfere with each other were modified, and the probes 
were synthesized by Sangon Biotech (Shanghai) Co., 
Ltd. After centrifuging the Taqman probe, the sample 
was dissolved in DEPC water, and a 100 μM stock solu-
tion was prepared. The following system was used (refer-
ence system—50 μl of probe and primer as an example: 
1. One gene per well: 50 μl of probe and primer, 45 μl of 
DEPC water, 2 μl of F primer, 2 μl of R primer, and 1 μl of 
probe; 2. Two genes per well (50 μl of probe and primer, 
40 μl of DEPC water, 4 μl of F primer, 4 μl of R primer, 
2 μl of probe) to prepare primer–probe mixtures. Using 
cancer-adjacent tissue cDNA as a template, the reaction 
system was prepared with ABI TaqPath™ ProAmp™ Mas-
ter Mix and the primer–probe mix for qPCR amplifica-
tion verification. The reaction system and program were 

as follows: Reaction system (2 × Taqpath 5  μl, cDNA 
2  μl, primer–probe mix for a single gene 2.5  μl/for two 
genes 3  μl, supplemented with H2O to 10  μl), Reaction 
program (50 °C 5 min; 95 °C 5 min; 10 cycles: 95 °C 15 s, 
60  °C (varied with annealing temperature) 1  min; 95  °C 
5 min; 40 cycles: 95 °C 15 s, 60 °C (varied with annealing 
temperature) 1 min). According to the following criteria, 
we determined whether the probe was suitable for sub-
sequent detection: stable amplification in each duplicate 
well for single detection; a change in Ct value before and 
after combination not greater than 0.5; and no amplifica-
tion or a significantly lower amplification efficiency com-
pared to that of positive detection wells for both single 
and combined detection in negative controls. Probes 
that meet the criteria were used for subsequent sample 
detection.

Sample detection
ABI TaqPath™ ProAmp™ Master Mix reagent was used 
for multiple qPCR detection via the Taqman probe 
method. The preparation of the primer–probe mixture 
and reaction system, as well as the reaction program, 
were the same as those described in Sect.  "Differential 
Gene Expression Analysis". After detection, the Ct val-
ues of the samples were recorded. The copy numbers of 
the target genes in the samples were calculated using the 
standard curve method. The specific steps were as fol-
lows: Synthetic standards for each gene were prepared 
and diluted at 104, 105, 106, 107, 108, and 109-fold dilu-
tions. Using the diluted standards as templates, ampli-
fication was performed using the primers and probes 
validated in Sects. "Processing Pipeline for Raw RNA-seq 
Data" and "Differential Gene Expression Analysis", and 
the Ct values were recorded. A standard curve was estab-
lished by plotting the copy numbers of the standards 
against their corresponding Ct values, and the equation 
was derived (see Supplementary Table  S3 for stand-
ard curve statistics generated using the Applied Biosys-
tems™ 7500 Real-Time PCR System; see Supplementary 
Table S4 for standard curve statistics generated using the 
Applied Biosystems™ StepOnePlus Real-Time PCR Sys-
tem). The Ct values obtained from the sample detection 
were used to calculate the copy number of each sample 
via the standard curve equation.

TaqMan qPCR model training and parameter tuning
A stratified random sampling method was applied to par-
tition the blood-derived exosomal TaqMan  qPCR data 
cohort into training and validation sets at an 8:2 ratio. 
Data normalization was carried out using the "log2" 
and "scale" functions in the base package of R (version 
4.3.1); batch effect removal was implemented through the 
"ComBat" function in the sva package (version 3.48.0). 
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Employing the caret package (version 6.0–94), we uti-
lized nine common machine learning (ML) algorithms, 
including Support Vector Machine ("svmRadialWeights," 
"svmRadial"), Naïve Bayes ("NB"), Random Forest ("RF"), 
k-nearest neighbors ("knn"), AdaBoost Classification 
Trees ("AdaBoost"), Boosted Logistic Regressions ("Logi-
Boost"), Linear LASSO Ridge ("Glmnet"), and Gradient 
Boosting Machine ("Gbm") [23]. A multi-cancer clas-
sification model was trained using ETR.sig, and hyper-
parameter tuning was performed with tenfold CV to 
optimize model performance. To ensure robustness, the 
optimization process was repeated 10 times with differ-
ent random seeds for each resampling.

Additionally, we endeavored to develop a multi-class 
classification model distinguishing among eight tumor 
types using machine learning algorithms, including mul-
tilayer perceptron (mlp), support vector machines with 
linear kernels (svmLinear), RF, knn, and a classification 
and regression tree (rpart). The sample grouping and 
parameter tuning methods used were consistent with the 
binary variable methods mentioned above.

TaqMan qPCR model validation
We employed a diverse set of algorithms to train multi-
cancer tumor diagnostic and multi-class classification 
models on the training set. These models were subse-
quently applied to the validation cohort, and the results 
were systematically compared. The model demonstrating 
superior performance was selected as the ultimate multi-
cancer diagnostic model.

To refine the gene features tailored for the diagno-
sis of individual tumor types, we iteratively subjected 
each tumor type to single-factor logistic regression and 
LASSO analysis. The gene features showing the most 
promising outcomes were then utilized in machine learn-
ing methods to individually construct tumor diagnostic 
models for eight categories of blood-derived exosome 
TaqMan  qPCR data. The diagnostic efficacy of these 
models for each specific tumor type was thoroughly eval-
uated. The pROC package (version 1.18.0) and ggplot2 
(version 3.4.3) were used for visualizing ROC curves, 
providing a comprehensive illustration of the diagnostic 
performance of the model.

Collection of key gene tissue traceability datasets
To explore the possible tissue and cellular origins of key 
genes, TCGA bulk RNA-seq and scRNA-seq data were 
collected. TCGA bulk RNA-seq data were obtained for 
BRCA (tumor = 747, control = 273), COAD (tumor = 320, 
control = 348), KIRC (tumor = 446, control = 100), LIHC 
(tumor = 366, control = 160), LUAD (tumor = 351, con-
trol = 347), OV (tumor = 381, control = 88), PAAD 
(tumor = 56, control = 171), and PRAD (tumor = 421, 

control = 152) patients. scRNA-seq datasets covered two 
cancer types. For KIRC, we included control samples 
(n = 9) from the GEO database with accession numbers 
GSE131685, GSE152938, and GSE156632. Additionally, 
peripheral blood mononuclear cell (PBMC) samples from 
KIRC patients (n = 7) and control volunteers (n = 10) 
were obtained from the Gene Expression Omnibus 
(GEO) database under accession numbers GSE121636, 
GSE139555, GSE139324, and GSE155698. Brain metas-
tasis samples (n = 1) from KIRC patients were retrieved 
from the GEO database (accession number GSE186344) 
[24–31]. For LUAD, the datasets included 25 cancer sam-
ples and 15 control samples from the GEO database with 
accession IDs GSE146100, GSE131907, and GSE123902. 
Similarly, seven lymph node metastasis samples and ten 
control lymph node samples were obtained from the 
GEO database under accession number GSE131907. 
Brain metastasis samples (n = 13) under accession IDs 
GSE123902, GSE131907, adrenal metastasis samples 
(n = 1) under accession ID GSE123902, bone metasta-
sis samples (n = 1) under accession ID GSE123902, and 
pleural effusion samples (n = 5) under accession IDs 
GSE123902, GSE131907 [27, 32, 33]. This comprehen-
sive compilation of scRNA-seq datasets offers a thorough 
representation of various cancer states and metastatic 
conditions.

Single‑cell data processing
The obtained fastq files were processed through Cell 
Ranger (version 6.1.2, 10 × Genomics) with default 
parameters, and alignment was carried out against the 
10 × human transcriptome GRCh38-2020 (https://​suppo​
rt.​10xge​nomics.​com/​single-​cell-​gene-​expre​ssion/​softw​
are/​downl​oads/​latest). Subsequent analysis of the single-
cell data was performed using Seurat (version 4.4.0). Dis-
tinct strategies for eliminating low-quality cells have been 
implemented tailored to specific types of tumors. For 
various tumor types, distinct methods were employed 
to eliminate low-quality cells. Specifically, in the case 
of KIRC, mitochondrial genes (≤ 30%), UMIs, and gene 
counts (< 25,000 and ranging from 400 to 5,000) were 
applied. For LUAD, mitochondrial genes (≤ 20%) and 
gene counts (ranging from 200 to 10,000) were used. 
Normalization and dimensionality reduction procedures 
were executed through the SCTransform, RunPCA, and 
RunUMAP functions [34]. Identification of cellular iden-
tities was performed with the SingleR package (version 
2.2.0). The FindAllMarkers function of the Seurat pack-
age was subsequently used to discern marker genes spe-
cific to each cell subpopulation, ultimately through use 
of previously published cell markers (http://​xteam.​xbio.​
top/​CellM​arker/). In the process of identifying tumor 
cells, the unique molecular identifier (UMI) count matrix 

https://support.10xgenomics.com/single-cell-gene-expression/software/downloads/latest
https://support.10xgenomics.com/single-cell-gene-expression/software/downloads/latest
https://support.10xgenomics.com/single-cell-gene-expression/software/downloads/latest
http://xteam.xbio.top/CellMarker/
http://xteam.xbio.top/CellMarker/
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was utilized as input to infer chromosomal copy number 
alteration (CNA) profiles. This analysis was conducted 
using the CopyKAT (version 1.1.0) [35].

Clinical correlation and survival analysis
We used GEPIA2.0 (http://​gepia2.​cancer-​pku.​cn/#​index, 
accessed on July 7, 2023), a data visualization platform 
for the TCGA database, to assess the impact of ETR.sig 
on overall survival (OS) across 15 cancer datasets (BLCA, 
BRCA, CESC, COAD, ESCA, HNSC, KIRC, KIRP, LIHC, 
LUSC, OV, PAAD, PEAD, SKCM, and STAD). K‒M sur-
vival curves were generated, and correlations between 
candidate biomarker genes and clinical indicators were 
examined. Selection of the prognostic gene set for tumor 
evaluation involved the application of the "Surv" func-
tion from the survival package (version 3.5–7) for Cox 
proportional hazards regression (Cox) analysis and sin-
gle-factor logistic regression analysis. Genes with a sig-
nificance level of P < 0.05 in these analyses were subjected 
to further analysis. Gene set scores were computed using 
the "gsva" function of the GSVA package (version 1.50.0). 
Tumor patients were stratified into high- and low-score 
groups based on the median score, and the "survdiff" 
function from the survival package (version 3.5–7) was 
used to assess the correlation between high- and low-
score groups and tumor prognosis. A significance level 
of P < 0.05 was considered indicative of a significant dif-
ference in survival between high- and low-score patients. 
Survival analysis was performed using the "ggsurvplot" 
function of the Survminer package (version 0.4.9).

Statistics
Measurement data were tested for normality and vari-
ance homogeneity, and the independent samples that met 
the normal distribution were tested by a t-test in a group 
design (the t-test was used for variance nonhomogene-
ity). The Mann–Whitney U test was used if they did not 
meet the normal distribution. Paired data were tested for 
normality of the mean difference using the paired t-test 
for normal distribution and the Wilcoxon signed-rank 
test for nonnormality. All statistical analyses were con-
ducted using the R language (version 4.3.1), with a signif-
icance level set at P < 0.05. Principal component analysis 
(PCA) dimensionality reduction was performed using the 
"SamplePCA" function fdrom the ClassDiscovery pack-
age (version 3.4.0). scRNA-seq data were scored with the 
AUCell package (version 1.24.0), while bulk RNA-seq 
gene set scoring was performed with the GSVA package 
(version 1.50.0). Additional information on the statisti-
cal tools, methods, and thresholds used is provided in the 
Methods section.

Results
Patient characteristics
Recent investigations have highlighted the potential of 
blood-derived exosomes as promising candidates for liq-
uid biopsy-based diagnostic approaches for cancer [12, 
36]. In this context, we conducted a study that included 
eight distinct cancer types and a healthy control group 
(Study design: Fig. S1). This study included a discovery 
cohort analyzed through blood-derived exoRNA-seq, 
and the sample statistics are detailed in Supplementary 
Table S5. Additionally, screening cohort and model con-
struction cohort (training and validation groups) were 
included, which encompassed nine medical centers in 
total, each accompanied by demographic and clinical 
characteristics, as outlined in Supplementary Table  S6. 
The participants in these groups had an average age of 
60.2 ± 10.4 years (cancer group: 59.9 ± 10.3 years, healthy 
control: 61.1 ± 10.5 years), with a sex distribution of 807 
males and 578 females (cancer group: male 539/female 
460, healthy control: male 268/female 118). The distri-
bution of tumor stages was 543 cases of T1, 324 cases of 
T2, and 132 cases of T3 (54.4%, 32.4%, and 13.2%, respec-
tively). Importantly, there were no significant differences 
in sex or age distribution between the cancer group and 
the healthy control group (Supplementary Table  S6). 
These balanced demographic and clinical characteristics 
help ensure that any observed differences in exoRNA 
profiles are likely attributed to disease status rather than 
confounding factors such as age or sex.

Exploring blood‑derived exoRNA‑seq profiles 
for multi‑cancer biomarker identification
In the discovery phase, we compiled a dataset compris-
ing 818 blood-derived exoRNA-seq profiles across eight 
distinct cancer types (Fig. 1A) from the exoRbase data-
base [37] and our in-house cohorts, with sample details 
provided in the Methods section. Analyses of the data-
sets revealed the distribution of cancer and control 
samples of each tumor type, and PCA suggested lim-
ited ability to distinguish between groups (Fig.  1B), 
which may be partially affected by heterogeneity and 
confounding factors in blood. Furthermore, we iden-
tified differentially expressed genes (DEGs) between 
cancer and control samples within eight distinct tumor 
types utilizing their respective transcriptomic expres-
sion profiles from exoRNA-seq data (Supplementary 
Table  S7). Bar plots in Fig.  1C enumerate the quanti-
ties of up- and downregulated DEGs from the analysis, 
along with pie plots categorizing these DEGs based on 
KEGG pathways. Notably, PRAD exhibited the high-
est number of DEGs (n = 2365) in comparative analysis 

http://gepia2.cancer-pku.cn/#index
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between samples, while LIHC displayed the fewest 
DEGs (n = 73). KEGG enrichment analysis of these 
DEGs highlighted significant associations with "human 
diseases," underscoring the potential relevance of these 
genes in cancer biology.

Next, we systematically conducted intersection analy-
ses of the upregulated (Fig.  2A) and downregulated 
(Fig.  2B) DEGs obtained from blood-derived exoRNA-
seq across the eight tumor types. However, no genes were 
consistently identified as either up- or downregulated 
across all tumor types, suggesting a high degree of speci-
ficity in the transcriptomic profiles of different cancers. 
Further KEGG enrichment analyses of the upregulated 
(Fig.  2C, Supplementary Table  S8) and downregulated 
DEGs (Fig. 2D, Supplementary Table S9) revealed signifi-
cant enrichment in pathways such as “cytokine-cytokine 
receptor interaction”, “PI3K-Akt signaling pathway”, and 
“ECM-receptor interaction”, which are well-established 
as being involved in cancer-related processes. This result 
emphasizes the essential stage of exosome-mediated 
RNA communication in tumorigenesis and guides our 
approach to the development of exosome-based molecu-
lar diagnostic avenues, aligning with previous research 
findings [38].

Refining candidate multi‑cancer diagnostic genes using 
exoRNA‑seq profiles
To identify multi-cancer diagnostic genes and estab-
lish a comprehensive multi-cancer diagnostic model, we 
integrated the above data to further identify DEGs that 
distinguish multi-cancer patients from healthy controls 
(Supplementary Table  S10). Initially, we screened DEGs 
through strict quality control criteria and identified 44 
genes significantly associated with cancer compared to 
control samples via univariate logistic regression analy-
sis (Supplementary Table S11). Next, these 44 genes were 
selected for LASSO analysis, which was iterated 1000 
times with tenfold cross-validation, ultimately yielding 
six sets of candidate gene panels (the number of genes 
ranged from 30 to 40; Supplementary Table S12).

To evaluate the diagnostic potential of the candidate 
gene panels, we employed a random forest (RF) machine 
learning algorithm and trained these candidate gene pan-
els using exoRNA-seq data. The data were divided into 
training (n = 569) and validation (n = 249) sets at a 7:3 
ratio for model training and diagnostic performance eval-
uation. To enhance model robustness, a fivefold repetition 
method was applied three times for parameter tuning. 
The results revealed that the area under the curve (AUC) 

Fig. 1  Exploring blood-derived exoRNA-seq profiles. A Schematic diagram of identification of multi-cancer biomarkers using exoRNA-seq data. B 
PCA illustrating the distribution characteristics of blood-derived exoRNA-seq samples from the cancer and control groups across eight cancer types. 
Cancer samples are denoted in red, while control samples are represented in blue. C Bar plots depicting the exact number of DEGs between cancer 
and control samples in eight categories of blood-derived exoRNA-seq. The red bars indicate the number of upregulated DEGs in cancer samples 
relative to control samples, the blue bars represent downregulated DEGs, and the accompanying pie plots above the bars represent the KEGG 
pathways enriched by each group of DEGs
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values for the six candidate gene panels in the training set 
were all optimal at 1 and consistently exceeded 0.85 in the 
validation set (Supplementary Table S12).

In particular, the diagnostic gene panel containing 
33 key genes (ADAMTS5, AGO2, ALB, ANKRD36B, 
CKS2, CXCR1, CYSTM1, DNHD1, DOK4, DYNLL1, 
FCER1G, GPX4, KCNH2, KRT18, LCN2, MALAT1, 
MAN1A2, NKTR, NT5DC2, PPDPF, PROK2, RAB32, 
S100A8, S100A9, SLC24A4, SLC9A3R2, SMARCA5, 

SOCS3, TEAD4, TGFB3, TTN, UBE2Q2, and VCAN) 
demonstrated robust performance, achieving an AUC of 
0.887 in the validation set (Fig. 2E). To mitigate sampling 
errors, all samples were randomly grouped ten times at 
ratios ranging from 0.1 to 0.9, and the diagnostic perfor-
mance of the constructed model was validated (Fig. S3A).

Further evaluation of the model’s performance in single 
cancer types revealed AUC values consistently exceed-
ing 0.95 (Fig. S3B), suggesting strong diagnostic potential 

Fig. 2  Identification of multi-cancer biomarkers through blood-derived exoRNA-seq. A, B UpSet plots displaying the intersection analysis 
of up- and downregulated DEGs in the exoRNA-seq data across eight cancer types. C, D Bubble plots showing the top ten KEGG pathways enriched 
in up- and downregulated DEGs in the exoRNA-seq data across eight cancer types. E ROC curves evaluating the diagnostic performance of 33 
key genes in distinguishing multi-cancer samples from control samples. F ROC curves were used to assess the diagnostic efficacy of 33 key genes 
in discriminating single cancer types from the respective control group
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across individual cancer types. To develop cancer-specific 
diagnostic models, we constructed independent diagnos-
tic models for each of the eight cancer types using the 33 
key genes. The same univariate logistic regression and 
LASSO analysis selection strategy was applied. Receiver 
operating characteristic (ROC) curves for the diagnostic 
models of diverse cancer types are shown in Fig. 2F, with 
AUC values as follows: BRCA (0.942), COAD (0.912), 
KIRC (0.97), LIHC (0.946), LUAD (0.99), OV (1), PAAD 
(0.958), and PRAD (0.976). The genes included for each 
tumor type are listed in Supplementary Table S13.

Screening and validation of 33 key blood‑derived exoRNAs 
via Taqman qPCR assays
Nucleic acid sequencing technology, renowned for its 
high throughput and sensitivity, often comes with draw-
backs like high costs and long detection cycles. In con-
trast, qPCR offers a simpler, more sensitive, and efficient 
alternative. In the screening and validation phase, to 
validate the expression profiles of the diagnostic model 
constructed, we used TaqMan qPCR assay, ensuring its 
practicality and reliability in real-world clinical applica-
tions. The experimental workflow, as outlined in Fig. 3A 
and Fig. S1.

Initially, a small sample set (screening cohort: N = 245) 
was used to assess the expression of 33 key genes (with 
experimentally validated probes). We excluded 13 genes 
that could not be effectively detected (most samples 
had CT = 40). Subsequently, we expanded the screening 
cohort to a total of 1,385 samples, which served as the 
validation cohort for detecting the remaining 20 candi-
date RNAs. During this process, biomarkers were further 
filtered based on the following criteria: 1. Genes with CT 
values equal to 40 in more than 30% of the samples; 2. 
Genes that showed differential expression in the multi-
cancer versus healthy control comparison, where the 
direction of change (up or down-regulation) was oppo-
site to the exoRbase RNA-seq DEGs results (Fig. S1). 
Ultimately, 12 key RNAs were retained, namely ALB, 
FCER1G, KRT18, LCN2, PPDPF, SLC9A3R2, AGO2, 
CKS2, MALAT1, RAB32, S100A9, and UBE2Q2. These 
genes were defined as exosomal tumor RNA signatures 
(ETR.sig).

Differential expression analysis revealed significant 
differences in the expression patterns of ALB, RAB32, 
KRT18, LCN2, and UBE2Q2 within ETR.sig between 
the cancer and control groups in the multi-cancer data-
set (Fig.  3B, Supplementary Table  S14). Also, differ-
ences in expression of ETR.sig among diverse cancer 
origins varied significantly compared to that in the con-
trol group (Supplementary Table  S14). These findings 
demonstrate the potential of ETR.sig for multi-cancer 

detection and origin determination, highlighting its 
diagnostic potential in clinical settings.

Detecting and locating multiple human cancers by ETR.Sig 
with high accuracy
In the model construction phase, the multi-cancer 
dataset (validation cohort) was randomly divided into 
training (n = 1109) and validation (n = 276) sets at an 
8:2 ratio to validate the diagnostic performance of ETR.
sig in diagnosing multi-cancer. Utilizing the validation 
set, nine different machine learning algorithms were 
employed to train the diagnostic model, and each diag-
nostic model underwent ten-fold cross-validation with 
five repetitions for parameter optimization. A diag-
nostic model constructed using different algorithms 
consistently demonstrated strong diagnostic perfor-
mance across cancers, with the RF algorithm exhibit-
ing superior performance and achieving an AUC value 
of 0.915 in the validation set (Fig.  4A, Supplementary 
Table S15).

After discriminating between cancer patients and con-
trol samples, the crucial step in clinical practice is to 
assist physicians in precisely determining the specific 
cancer origin. Subsequently, the dataset was similarly 
partitioned into training and validation sets at an 8:2 
ratio. We created a sophisticated multi-class classification 
model to differentiate between eight cancer types. This 
involved employing five machine learning algorithms 
and conducting five repeated ten-fold cross-validation 
steps to optimize parameters for each model. Follow-
ing training, we individually assessed their classification 
effectiveness (Supplementary Table  S16). The results 
revealed that the multi-class classification model con-
structed by RF demonstrated optimal performance with 
an AUC of 0.983, accuracy of 0.848, and kappa of 0.827. 
Subsequently, we utilized the micro-/macro-average and 
one-versus-all methods to assess the performance of the 
RF model in predicting the validation set (Fig.  4B). The 
results indicated that the multiclass diagnostic model 
constructed by RF effectively differentiated between the 
eight cancer types, with all AUC values exceeding 0.95.

Additionally, we applied the RF machine learning algo-
rithm to enhance the diagnostic credibility for a single 
type of cancer. Following univariate logistic regression 
and LASSO analysis selection of ETR.sig for each cancer 
(genes selected for each cancer type are detailed in Sup-
plementary Table  S17), we independently trained diag-
nostic models for classification of cancer and control 
samples. The AUC values for individual tumor diagnosis 
were as follows: BRCA 0.976, COAD 0.98, KIRC 0.947, 
LIHC 0.967, LUAD 0.853, OV 0.972, PAAD 0.977, and 
PRAD 0.898 (Fig. 4C).
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Tissue origins and cellular tracing of key genes in ETR.Sig
Release of exosomes plays a crucial role in the TME 
and cancer progression [39]. Understanding the tis-
sue and cellular origins of the key genes within ETR.sig 

is essential for elucidating their roles in cancer develop-
ment. To explore these origins, we conducted a compre-
hensive analysis of the gene expression profiles of the key 
genes in ETR.sig using RNA-seq data from the TCGA 

Fig. 3  Detection of key genes in ETR.sig based on TaqMan qPCR technology. A Schematic diagram of cancer types, experimental methods, 
and analysis procedures involved in constructing an TaqMan qPCR-based blood-derived exoRNA diagnostic model. B Violin plots comparing 
the standardized expression levels of key genes in ETR.sig between the multi-cancer group and healthy control group, with red indicating 
the multi-cancer group and blue the healthy control group
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database, blood-derived exoRNA-seq data, and blood-
derived exosomal TaqMan qPCR data across eight cancer 
types.

The heatmap illustrates notable heterogeneity in the 
gene expression patterns of ETR.sig between blood-
derived exoRNA-seq and TaqMan  qPCR data (Fig.  5A), 
reflecting the differences between the three platforms. 
Additionally, the majority of key genes in the ETR.sig 
cohort exhibited upregulated expression according to 
tissue RNA-seq data, with the exception of ALB, which 
emerged as a potential tumor driver based on searches 

of cancer-promoting and -suppressing gene databases 
(TSGene and NCG Database; Supplementary Table S1). 
In addition, ETR.sig correlated significantly with tumor 
stage and survival outcome, with most key genes being 
primarily associated with advanced tumor stage and 
worse prognosis (Fig. 5B, Fig. S4-5). Next, enrichment of 
ETR.sig in a single sample was calculated to obtain the 
ETR.sig score for each patient, and survival analysis indi-
cated poorer prognoses in the TCGA-COAD, TCGA-
KIRC, TCGA-LIHC, PAAD, and TCGA-BRCA cohorts 
(Fig. 5C).

Fig. 4  Constructing a TaqMan qPCR-based blood-derived exoRNA diagnostic model. A ROC curves illustrating the performance comparison of nine 
different machine learning algorithms in the validation set. B ROC curves depicting the classification efficacy of the multivariate classification 
model constructed by the RF algorithm in the validation set. C ROC curves illustrating the performance of single-cancer diagnostic models 
in the validation cohort
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To further explore the potential secretion sources of 
key genes in ETR.sig at the cellular level, we downloaded 
scRNA datasets of KIRC tissues, adjacent normal tissues, 
PBMCs from KIRC cases, normal PBMCs from healthy 
controls, and brain metastasis samples from KIRC patients 
from the GEO database. For LUAD, the scRNA-seq data-
sets included LUAD tissue, adjacent normal lung tissue, 
lymph node (LN) metastasis sample from LUAD patients, 
normal LN tissue, brain metastasis sample from LUAD 
patients, adrenal metastasis sample from LUAD patients, 
bone metastasis sample from LUAD patients, and pleural 
effusion sample from LUAD patients (the sample and cell 
number counts are shown in Supplementary Table S18).

Following stringent quality control and identification 
procedures, we identified 16 and 9 distinct cell types in all 
KIRC and LUAD scRNA-seq datasets, respectively (Fig. 6A, 
C, Fig. S6-7). Based on differential expression of key genes 
within ETR.sig in blood-derived exosomes determined via 
TaqMan qPCR in KIRC and LUAD samples, we performed 
AUCell analysis of scRNA‒seq datasets. The results indi-
cated increased ETR.sig scores for macrophages, epithe-
lial cells, and fibroblasts in these two cancer types (Fig. 6B, 
D). To further understand the expression patterns of key 
genes in ETR.sig across different cell types, we analyzed 
scRNA-seq data and visualized the expression disparities 
between tumor and control groups (Fig. S8-10, Supplemen-
tary Table  S19). Bubble plots were generated to visualize 
the differential expression profiles of key genes in the ETR.
sig gene set in the different datasets between the groups. 
Intriguingly, we observed increased expression levels of 
key genes in the ETR.sig population in macrophages in the 
KIRC TME. According to the LUAD scRNA-seq data, pre-
dominant differences in expression between the tumor and 
control groups were observed for epithelial cells, ciliated 
cells, and fibroblasts (Fig. S10).

Discussion
Through comprehensive analysis of large-scale exoRNA-
seq data from 818 patients encompassing BRCA, COAD, 
KIRC, LIHC, LUAD, OV, PAAD, and PRAD patients 

and from a healthy control group, we sought to unveil 
the biological features of these patients and identify 
potential exosome-based biomarkers. Differential gene 
expression, as observed through between-group com-
parisons of blood-derived exoRNA data, revealed sig-
nificant enrichment of various pathways encompassing 
cytokine-cytokine receptor interaction, chemokine sign-
aling, IL-17 signaling, PI3K-Akt signaling, TNF signaling, 
and ECM receptor interaction, undeniably affirming the 
highly interactive nature of diverse cellular identities and 
emphasizing the pivotal role of exosomes in orchestrat-
ing the TME [40, 41].

Consistent with our findings, recent literature has 
consistently highlighted the crucial role of exosomes 
in driving tumor growth. These reports suggest that 
tumors create a favorable growth environment by releas-
ing exosomes, fostering processes such as angiogenesis, 
inflammation, and immune suppression, which have 
been identified as facilitators of tumor progression [42, 
43]. Notably, Wu et  al. indicated that a stiff ECM could 
stimulate release of exosomes from cancer cells, conse-
quently promoting tumor growth through activation of 
the Notch signaling pathway [38]. In summary, the sub-
stantial release of exosomes into the TME underscores 
the potential value of blood-derived exoRNAs in pan-
cancer diagnosis.

Despite the easily accessible nature of blood samples, 
the mixed content compromises sensitivity and specific-
ity as cancer biomarkers. In our study, PCA revealed that 
the overall gene expression profile of blood-derived exoR-
NAs performed suboptimally in distinguishing cancer 
samples from controls. Individual exoRNAs also failed to 
achieve ideal results in distinguishing multi-cancer patients 
from control individuals, suggesting that exoRNAs in the 
vast biological pool of blood are heterogeneous and prone 
to be affected by confounding factors in blood. Subse-
quent research revealed that the machine learning-based 
approach for screening potential biomarkers and con-
structing multi-cancer diagnostic model is more advan-
tageous than use of a single exoRNA. Similarly, Hoshino 

Fig. 5  Clinical correlation of key genes in ETR.sig. A Heatmap illustrating differences in expression of key genes within the ETR.sig across eight 
cancer types, utilizing blood-derived exosome RT–qPCR data, blood-derived exoRNA-seq, and TCGA RNA-seq data for comparisons between cancer 
and control samples. In the heatmap, red denotes significantly upregulated key genes, blue indicates significantly downregulated key genes, 
and white signifies no significant difference. The middle numbers represent |Log2FC| values. Gene types are categorized within ETR.sig as cancer 
candidate driver genes (CCG) in orange and non-TSG or POG genes in purple (genes that are neither tumor-promoting nor tumor-suppressing). The 
bar chart above depicts the proportion of gene types with differential expression in each column. The gene number ratio indicates the proportion 
of upregulated (in red), downregulated (in blue), or unchanged (in gray) genes in each column or row. B Bubble plot illustrating the correlation 
of key genes within the ETR.sig cohort with clinical tumor stage and survival based on the TCGA cohort. The X-axis represents cancer types 
in the TCGA cohort, while the Y-axis represents key genes in the ETR.sig cohort. Pink indicates a positive correlation between increased gene 
expression and advanced tumor stage or worse clinical prognosis, while blue indicates the opposite correlation. All presented results were 
significant at P < 0.05. C K‒M curve plot: the prognostic value of the overall survival rate across cancers according to the GSVA estimation of the ETR.
sig score

(See figure on next page.)
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et  al. constructed pan-cancer diagnostic model based on 
extracellular vesicles and particles using machine learning, 
demonstrating its reliability as a biomarker for pan-cancer 
detection and classification [44], it also outperformed in 
diagnosis of single cancer types [45, 46]. After filtering of 
candidate key genes via RNA-seq and subsequent TaqMan 

qPCR, we constructed ETR.sig for multi-cancer/single can-
cer type diagnosis; this gene set included 12 key genes: ALB, 
FCER1G, KRT18, LCN2, PPDPF, SLC9A3R2, AGO2, CKS2, 
MALAT1, RAB32, S100A9, and UBE2Q2. The multi-cancer 
vs. control group classification model (ROC: 0.915), multi-
cancer classification model (Macro ROC: 0.983, Micro 

Fig. 5  (See legend on previous page.)
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ROC: 0.985), and single cancer vs. all (ROC: > 0.853) built on 
ETR.sig-related genes demonstrated robust performance.

Mechanistically, compared with normal cells, cancer 
cells secrete more exosomes, a phenomenon intricately 
connected to the influence of the TME. Sun proposed 
that exosomal ADAM-17, a catabolic integrin and met-
alloproteinase derived from colon cancer cells, plays a 
central role in promoting cancer metastasis. This occurs 
through cleavage of E-cadherin junctions and active par-
ticipation in formation of the premetastatic niche [47]. 
Additionally, owing to their compatibility with biologi-
cal systems [48], exosomes are harnessed as natural drug 
delivery vehicles that can effectively transport various 
therapeutics, including genetic material, leveraging their 
inherent ability to deliver therapeutic cargo into cells 
[49, 50]. Intriguingly, key genes in the ETR.sig cohort are 
invariably associated with the occurrence, development, 
metastasis and prognosis of tumors. In our study, ETR.
sig demonstrated excellent performance in multi-cancer 

diagnosis, indicating significant differences in expression 
between the multi-cancer and normal groups. According 
to analysis of TCGA datasets and corresponding clinical 
information, high expression of ETR.sig-related genes 
is associated with advanced tumor staging and poorer 
prognosis in cancer patients. The ETR.sig score exhibited 
high value in predicting the prognosis of cancer patients 
(Fig. 5), further underscoring the significance of key genes 
in ETR.sig in the occurrence and development of tumors, 
prompting us to further explore their roles in the TME.

By analyzing scRNA-seq data from tumors and their 
corresponding control samples, our study demonstrated 
that blood-derived exoRNAs may reflect the global effects 
of cancer, occurring not only in developing primary 
tumors but also in reprogramming of the microenviron-
ment, metastatic foci, and immune system (Fig.  6, Fig. 
S8-10). Thus far, we have shown that cancer-related blood-
derived exoRNAs primarily originate from tumor cells, 
macrophages, and T cells. Taking samples from KIRC and 

Fig. 6  Tissue origins of key genes in ETR.sig. A UMAP visualization depicting the major cell clusters in the KIRC scRNA-seq dataset. B UMAP plot 
illustrating the ETR.sig-related AUCell score in KIRC scRNA-seq datasets. C UMAP plot displaying the major cell clusters in the LUAD scRNA-seq 
dataset. D UMAP plot showing the ETR.sig-related AUCell score in LUAD scRNA-seq datasets
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LUAD as examples, KRT18 and MALAT1 were found to 
be expressed in epithelial cells and to be similarly upreg-
ulated in samples from LUAD patients with LN metas-
tasis and distant metastasis. Additionally, MALAT1 was 
upregulated overall in tumor tissues (Fig. S8-10). Nota-
bly, there were widespread differences in MALAT1 and 
PPDPF expression between cancer and normal sample-
derived single cells in both the KIRC and LUAD samples. 
Particularly in KIRC tissue, the genes exhibited consist-
ent upregulation; in KIRC PBMC samples, a prevalent 
downregulation was observed relative to that in the con-
trol group. Violin plots of the gene expression data further 
indicated high MALAT1 and PPDPF expression in both 
cancer and normal tissues, suggesting potential alterations 
in the TME (Fig. S8-9). Furthermore, compared with those 
in control samples, S100A9 and RAB32 in macrophages 
exhibited specific upregulation tendencies and consist-
ent upregulation trends in cancer and metastasis samples. 
Moreover, FCER1G exhibited universally high expression 
in myeloid immune cells, particularly in macrophages. 
KRT18 exhibited high expression in tumors and, notably, 
in metastatic tumor cells (MTCs). SLC9A3R2 was found 
to be highly expressed in vascular endothelial cells in 
both KIRC tissue and brain metastasis samples. However, 
changes in expression of FCER1G, KRT18, and SLC9A3R2 
were not observed between tumor and control cell types.

Through comprehensive transcriptomic profiling of 
blood-derived exosomes, we identified and validated a novel 
set of multi-cancer biomarkers, ETR.sig, that exhibited 
promising diagnostic accuracy for both cancer detection 
and origin determination. In this multi-phase, multi-center 
study involving eight distinct cancer types, ETR.sig demon-
strated potential as a minimally invasive, rapid, and repro-
ducible diagnostic method, showing advantages over many 
conventional approaches. While our findings suggest that 
exosome-derived RNA signatures may reflect underlying 
tumor biology, further research is necessary to elucidate the 
role of exosome-mediated cell-to-cell communication.

Limitation
However, this study has several limitations. First, the 
inclusion of a broader range of benign diseases would 
improve the model’s ability to differentiate between can-
cer and complex non-cancer conditions. Second, the 
incorporation of additional exosomal components, such 
as miRNA and methylated DNA, could enhance the rich-
ness of the model and provide deeper insights into tumor 
biology. Third, expanding the sample size and conducting 
prospective studies are crucial for refining and validating 
the model in larger, more diverse cohorts. Finally, further 
research is needed to trace and investigate the key bio-
markers identified in this study. This includes leveraging 
additional single-cell datasets, in vitro functional assays, 

and fluorescence-labeled biomolecular experiments to 
elucidate their biological mechanisms and improve the 
clinical applicability of the model.

Conclusion
In conclusion, while the results of this study are prom-
ising, ETR.sig requires additional validation and refine-
ment. Future work should focus on addressing these 
limitations to further optimize its performance and 
broaden its potential for early multi-cancer detection, 
ultimately contributing to the advancement of precision 
oncology and liquid biopsy strategies.
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