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Machine learning-based analysis identifies and
validates serum exosomal proteomic signatures for
the diagnosis of colorectal cancer
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In brief

Yin et al. utilizes 4D-DIA proteomics and
machine learning to identify key
biomarkers PF4 and AACT in serum
extracellular vesicles for colorectal
cancer (CRC) diagnosis. Their random
forest model demonstrates superior
diagnostic performance for early-stage
CRC and distinguishing CRC from benign
colorectal diseases, offering a promising
tool for clinical application.
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SUMMARY

The potential of serum extracellular vesicles (EVs) as non-invasive biomarkers for diagnosing colorectal can-
cer (CRC) remains elusive. We employed an in-depth 4D-DIA proteomics and machine learning (ML) pipeline
to identify key proteins, PF4 and AACT, for CRC diagnosis in serum EV samples from a discovery cohort of 37
cases. PF4 and AACT outperform traditional biomarkers, CEA and CA19-9, detected by ELISA in 912 individ-
uals. Furthermore, we developed an EV-related random forest (RF) model with the highest diagnostic effi-
ciency, achieving AUC values of 0.960 and 0.963 in the train and test sets, respectively. Notably, this model
demonstrated reliable diagnostic performance for early-stage CRC and distinguishing CRC from benign
colorectal diseases. Additionally, multi-omics approaches were employed to predict the functions and po-
tential sources of serum EV-derived proteins. Collectively, our study identified the crucial proteomic signa-

tures in serum EVs and established a promising EV-related RF model for CRC diagnosis in the clinic.

INTRODUCTION

Colorectal cancer (CRC) ranks among the most common cancers
worldwide, with approximately 1.8 million new cases and 900,000
deaths reported annually.” Unfortunately, due to the insidious
symptoms of early-stage CRC, more than 50% of patients are
diagnosed at the progression stage with 5-year survival rate of
20%. However, early diagnosis of CRC enables patients to receive
timely and optimal treatment, improving the 5-year survival rate to
90%.° Although colonoscopy remains the gold standard for diag-
nosing CRC, its invasiveness and challenges of repeated examina-
tion limit its widespread use as a screening method.® Additionally,
carcinoembryonic antigen (CEA) and carbohydrate antigen 19-9
(CA19-9), which are the two most commonly applied biomarkers
for CRC diagnosis, have been reported to present insufficient
sensitivity and be more suitable for dynamic monitoring of CRC pa-
tients during treatment.*® Consequently, the development of non-
invasive methods for early diagnosis of CRC is an urgent goal that
needs to be addressed.

Liquid biopsy has recently emerged as a prominent area of
research in the field of cancer diagnosis and routine manage-
ment, owing to its noninvasive, sensitive, and dynamic charac-
teristics.®” Extracellular vesicles (EVs), important biomarkers in
liquid biopsy, carry essential biological information such as
proteins and nucleic acids and serve as critical mediators in
intercellular communication.® The development of digital droplet
PCR technology has further advanced the study of non-coding
RNAs in EVs. Researches has shown that non-coding RNAs car-
ried by EVs derived from various body fluids hold potential to
serve as candidate biomarkers for tumor diagnosis.® In early-
stage CRC, plasma EV-derived microRNAs (miRNAs), including
let-7b-3p, miR-125a, and miR-320c, exhibit high diagnostic
performance for CRC diagnosis.®'® EV-derived proteins offer
greater suitability for clinical examination due to their stability
in comparison to RNAs.'" However, research progress in
EV-derived protein profiling has been constrained by limitations
of previous proteomics technology. Hence, utilizing advanced
proteomics approaches such as four-dimensional independent

e Cell Reports Medicine 5, 101689, August 20, 2024 © 2024 The Authors. Published by Elsevier Inc. 1

uuuuu

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:yuanxp2001@126.com
mailto:yangzheng@sysush.com
mailto:huangzhj29@mail2.sysu.edu.cn
https://doi.org/10.1016/j.xcrm.2024.101689
http://crossmark.crossref.org/dialog/?doi=10.1016/j.xcrm.2024.101689&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/

4

202 ‘0 1snbny ‘689101 ‘G duIDIpa|N spoday |80

?
@)
10
Z =
3
7
Table 1. Clinicopathologic characteristics of patients included in the study 8)) (/)]
Discovery set (n = 37) Train set (n = 338) Test set (n = 328) External set (n = 246)
HC CRC HC BCD CRC HC BCD CRC HC Enteritis Hepatitis B CRC
Characteristics (0 =12) (=25 (n=96) (n=47) (n =195) (n=112) (n =55) (n=161) (n = 60) (n=42) (n = 46) (n=98)
Age, y, 50.0+9.3 56.5+135 57.3+84 514+115 582+135 56.6+85 50.1+114 60.1+13.7 632+105 548+99 547197 62.2 + 13.4
mean + SD
Gender, n (%)
Male 4 (33.3) 13 (52.0) 52 (54.2) 26 (55.3) 111 (56.9) 60 (53.6) 38 (69.1) 98 (60.9) 42 (70.0) 31 (73.8) 31 (67.4) 47 (48.0)
Female 8 (66.7) 12 (48.0) 44 (45.8) 21 (44.7) 84 (43.1) 52 (46.4) 17 (30.9) 63 (39.1) 18 (30.0) 11 (26.2) 15 (32.6) 51 (52.0)
Clinical stage, n (%)
| - 3(12.0) - - 22 (11.3) - - 19 (11.8) 17 (17.3)
Il - 6 (24.0) - - 48 (24.6) - - 31(19.3) 22 (22.4)
n — 8 (32.0) — — 83 (42.6) — — 47 (29.2) 47 (48.0)
\" - 4 (16.0) - - 42 (21.5) - - 64 (39.8) 12 (12.2)
Unknown = 4 (16.0) = = 0(0.0) = = 0(0.0) 0(0.0)
CEA, ng/mL, n (%)
<5 12 (100.0) 14 (56.0) 94 (97.9) 47 (100.0) 129 (66.2) 108 (96.4) 53 (96.4) 90 (55.9) 54 (90.0) 41 (97.6) 45 (97.8) 65 (66.3)
>5 0 (0.0 11 (44.0) 2(2.1) 0(0.0) 66 (33.8) 4 (3.6) 2(3.6) 71 (44.1) 6(10.0) 1(2.4) 1(2.2) 33(33.7)
CA19-9, ng/mL, n (%)
<35 12 (100.0) 18 (72.0) 94 (97.9) 45 (95.7) 153 (78.5) 111 (99.1) 54 (98.2) 112 (69.6) 59 (98.3) 40 (95.2) 46 (100.0) 82 (83.7)
>35 0(0.0) 7 (28.0) 2(2.1) 2 (4.3 42 (21.5) 1(0.9 1(1.8) 49 (30.4) 1(1.7) 2 (4.9 0(0.0) 16 (16.3)

BUIDIP3IA S}1odaYy 19D



Cell Reports Medicine

Article

7.0E+5

6.0E+5
5.0E+5

4.0E+5

3.0E+5

Particles / mL

2.0E+5

1.0E+5

I
l
|

0.0E+5 -

)

10

100

1000 10000

Diameter / nm

o

TN

| | |
vAJ‘ FEEEY
H

CEHEH

Extracellular space
Extracellular region

Extracellular exosome

Plasma membrane {

Membrane {

Cell surface:
Platelet alpha granule lumen

Endoplasmic reticulum lumen

Blood microparticle {

Extracellular matrix-

Cellular Components

0 25 50
Gene Ratio

75

-Logo P

= e
o H Nomal

Biological Process

—logso(P Value) Inflammatory response- [ ]
40 Innate immune response
30 Blood coagulation { [ )
2 Positive regulation of ERK1 and ERK2 cascade ®
10, Cell adhesion
Negative regulation of endopeptidase activity )
Gene.counts Platelet activation o
® 2
Agin ®
P ging
® Fibrinolysis 1 .
@ % Negative regulation of angiogenesis 1
6 5 10 15
Gene Ratio

GRP94

¢? CellPress

OPEN ACCESS

Calnexin

CD63

TSG101

CRC versus HC

@® NS @ Log:FC @ P-value @ P-value and log, FC

10.04
S10A6
754 IFSAT8IFSAL
ANXA2
6PED
504 TPM25TPM4 =
@ 14338 AACT

Log, fold change

Molecular Function

Protein binding

total = 854 variables

Gene counts

Extracellular matrix structural constituent{ @ ®
Heparin binding{ @ @ «
Receptor binding{ ~ ® @ «
Serine-type endopeptidase inhibitor activity { ~ ®
~logo(P Value)
Calcium ion binding
Structural molecule activity{ © 9
Collagen binding{ * 6
Integrin binding{ 3
Serine-type endopeptidase activity{ *
0 25 50 75 100
Gene Ratio
KEGG
~logr(P Value) Gene counts
o Complement and coagulation cascades [ ]
. 4
7 Coronavirus disease - COVID-19 P
6
" Platelet activation @ s
4 ECM-receptor interaction @ ©
3 @ 2
Staphylococcus aureus infection
Gene counts Amoebiasis { ~logso(P Value)
£ e Neutrophil extracellular trap formation
e 7
n g 10
o i Proteoglycans in cancer
@9 Lipid and atherosclerosis {
5
® v Malaria
@
0 5 10 15 20
Gene Ratio

Cell Reports Medicine 5, 101689, August 20, 2024

(legend on next page)

3




¢ CellPress

OPEN ACCESS

data acquisition (4D-DIA) to uncover key biomarkers packaged
in blood-derived EVs holds important implications for scan-
ning CRC.

Machine learning (ML), as an essential branch of artificial intel-
ligence, has garnered increasing attention in tumor diagnosis and
treatment management recently.'> Compared to conventional
diagnostic models, ML approaches are flexible and more suitable
for capturing non-linear associations and integrating vast
amounts of medical data including medical imaging and multi-
omics data.’® Multiple ML methods can be employed to robustly
extract crucial features from liquid biopsy analytes and build
diagnostic models, thereby achieving superior specificity and
sensitivity for cancer diagnosis.’® For instance, random forest
(RF) algorithm-based diagnostic models exhibit remarkable per-
formances across more than twenty types of cancer by utilizing
microbes from tissues and blood.'® Thus, a ML model based on
the optimal algorithm has the potential to enhance the accuracy
of cancer diagnosis by profiling tissue and blood materials.

In this study, the 4D-DIA technology was employed to perform
in-depth profiling of serum EV-proteomics data. Subsequently,
the most valuable protein signatures were identified by utilizing
ML-based pipeline and validated by ELISA detection. The object
of our study was to develop a reliable EV-related RF model
based on the identified protein signatures for clinical CRC
diagnosis.

RESULTS

Identification and characterization of serum EVs in HC
and CRC patients
The serum EVs from the discovery set (25 cases CRC, 12 cases
healthy control [HC]) were collected for candidate biomarkers
screening. An expansion cohort comprising 338 cases in the
train set and 328 cases in the test set was recruited for RF diag-
nostic model construction and validation (Table 1). Separated
EVs from serum were subjected to subsequent experiments for
validation (Figures 1A-1C). Nanoparticle tracking analysis
(NTA) exhibited that the average diameter and distribution of
EVs were compliant (Figure 1A). In western blot assay, the EV
markers CD63 and TSG101 were present in isolated EVs, but
not in protein lysate of CRC cell lines SW480, SW620, and
HCT116. As the negative control marker expressed intracellu-
larly, GRP94 and calnexin were not exposed in separated EVs
(Figure 1B). In addition, the vesicle-like particles were confirmed
by applying transmission electron microscopy (TEM) (Figure 1C).
In further in-depth EV proteome analysis, 4D-DIA technology
identified a total of 5,851 peptides and 854 proteins (Figure S1A),
which included 75 upregulated and 91 downregulated proteins in
the CRC group compared with the HC group (Figure S1B). Aber-
rant expression profiles of EVs were illustrated by volcano plot
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and heatmap (Figures 1D and 1E). Further, Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)
analysis were employed to characterize the potential function
of differentially expressed proteins (DEPs). Molecular function
of GO analysis revealed upregulated EV proteins related to
protein binding (Figure 1F), while downregulated EV proteins
associated with RNA and DNA binding (Figure S1C). Cellular
components analysis showed that DEPs were localized in both
the extracellular space and exosome (Figures 1G and S1D).
Additionally, biological processes and KEGG pathway analysis
indicated that upregulated proteins were enriched in inflamma-
tory, immune response, blood coagulation, and platelet activa-
tion (Figures 1H and 1l). Downregulated proteins also related
to certain immune response pathways including adaptive im-
mune response (Figures ST1E and S1F).

Screening proteomic biomarkers of serum EVs for CRC
diagnosis via ML

To further identify the critical biomarkers of serum EVs for CRC
diagnosis, we performed orthogonal partial least squares
discriminant analysis (OPLS-DA) to clarify the contribution of
different variables in distinguishing CRC patients from HC. The
score and scatterplot displayed significant discrimination be-
tween CRC and HC subjects based on 4D-DIA proteomics
(Figures 2A and 2B). 12 candidate EV proteins, including IGG1,
A2MG, AACT, PF4, KLD8B, APOB, IC1, A1AT, IGHM, KV315,
CP135, and IGKC, were identified as the core contributors to dis-
tinguishing CRC patients from HC by using predictive variable
importance in projection (VIPpred) analysis (Figure 2C). Subse-
quently, ML diagnostic models based on 12 candidate EV pro-
teins were constructed to scan the most valuable variables.
Among 5 different ML algorithms, the RF model yielded the
best results in terms of classification error (CE), area under the
ROC curve (AUC), and area under the precision-recall curve
(PRAUC) (Figures 2D, S1G, and S1H; Table S1). Hence, we
opted to use the RF algorithm for subsequent ML model con-
struction. In the RF variable importance analysis, 5 variables,
including PF4, AACT, KLDB, CP135, and KV315, exhibited the
highest rankings (Figure 2E). Further analysis using least abso-
lute shrinkage and selection operator (Lasso) logistic regression
identified PF4 and AACT as the top two ranking variables, which
were determined to be the most valuable EV proteins for CRC
diagnosis (Figures 2F-2H ; Table S2). The combined evaluation
of PF4 and AACT exhibited superior diagnostic performance in
the RF diagnostic model (Figures 2| and 2J).

Validation of aberrant PF4 and AACT levels in expansion
cohorts

To validate the aberrant elevation of PF4 and AACT identified in
the discovery set, EVs from an expansion of 912 individuals,

Figure 1. Identification and characterization of serum EVs in HC and CRC patients by 4D-DIA proteomics analysis
(A) NTA showed the mode size and particle concentration of separated EVs by Flow NanoAnalyzer.
(B) Western blot detected EV markers CD63 and TSG101 in serum EVs. GRP94 and calnexin were used as negative control proteins.

(C) TEM image displayed the morphology of isolated EVs.

(D and E) DEPs from EVs between the CRC and HC groups were illustrated by volcano plot (D, p < 0.05, log, fold change > 0.5, n = 37) and heatmap (E).
(F-1) Upregulated protein enrichment analysis revealed the potential molecular function (F), cellular component (G), biological process (H), and KEGG pathways

(I) enriched in the CRC group compared to the HC group.
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comprising 338 cases in the train set, 328 cases in the test set,
and 246 cases in the external set were collected for ELISA detec-
tion (Table 1). Distinctly, compared with HC or patients with
benign colorectal disease (BCD) or inflammatory disease, the
levels of EV-derived PF4 were significantly increased in the train,
test, and external sets (Figures 3A, 3B, and S2A). Consistently,
elevated AACT levels were also observed in CRC patients
compared to HC or patients with BCD or inflammatory disease
(Figures 3C, 3D, and S2B). Additionally, statistical analysis of
PF4 and clinicopathological characteristics indicated that the
levels of PF4 were significantly associated with clinical stage, tu-
mor-node-metastasis (TNM) classification, and differentiation
(Table S3). AACT levels were also related to clinical stage and
TNM classification (Table S4). Impressively, the levels of serum
EV-derived PF4 gradually elevated with clinical staging
(Figures 3E, 3F, and S2C). In line with PF4, AACT levels also
incrementally increased with the progression of clinical stages
(Figures 3G, 3H, and S2D). Intriguingly, EV-derived PF4 and
AACT levels were notably reduced in CRC patients after treat-
ment (Figures S2E-S2H). Taken together, these results
confirmed the potential of EV-derived PF4 and AACT as impor-
tant biomarkers for CRC diagnosis and post-treatment
monitoring.

Development and validation of the EV-related RF
diagnostic model for CRC diagnosis
Subsequently, RF diagnostic models were constructed to eval-
uate the diagnostic efficiency of EV-derived PF4 and AACT
compared with traditional CRC biomarkers CEA and CA19-9.
In the train set, receiver operating characteristics (ROC) curves
displayed significantly higher AUC values for both PF4 (AUC =
0.926) and AACT (AUC = 0.770) compared to CEA (AUC =
0.623) and CA19-9 (AUC = 0.676). Moreover, the combination
of PF4 and AACT yielded animpressive AUC of 0.950 (Figure 4A).
Consistently, in precision-recall (PR) curve analysis, PF4 and
AACT demonstrated superior PRAUC compared with CEA and
CA19-9, and the combined PF4 and AACT model even achieved
a higher PRAUC of 0.969 (Figure 4B). Accumulated local effects
(ALEs) analysis confirmed that both PF4 and AACT had a more
pronounced effect on predicting CRC compared to CEA and
CA19-9 (Figure 4C). The Shapley value also showed that higher
PF4 (>3870.74 pg/mL) and AACT (>515.4 ng/mL) levels made
the largest contribution in discriminating CRC from HC (Fig-
ure 4D), which aligns with the results from the importance anal-
ysis (Figure 4E).

To achieve the best combination of the EV-derived and tradi-
tional CRC biomarkers, RF diagnostic models were developed
using different combinations of variables. As shown in Figure 4F,

Cell Reports Medicine

the combination of PF4, AACT, CEA, and CA19-9 achieved the
best diagnostic performance with an AUC of 0.960, PRAUC of
0.979, and CE of 0.08 (Figures S3A and S3B; Table S5). Thus,
the optimal diagnostic model based on the 4 variables was
defined as the EV-related model and subsequently validated in
the test set (Table S6). The confusion matrix illustrated that the
EV-related model exhibited superior accuracy of 0.883 in the
test set and 0.810 in the external set (Figures 4G and S3C;
Table S6). Furthermore, the excellent diagnostic performance
was also confirmed by other metrics including ROC and
PRAUC curves with an AUC of 0.963 and 0.895 and a PRAUC
of 0.975 and 0.921 in the test set and external set, respectively
(Figures 4H and 4l; Table S6).

The diagnosis of early-stage tumors poses greater challenges
in comparison to advanced-stage tumors due to the scarcity of
suitable tumor markers. To evaluate the diagnostic efficacy of
the EV-related model for early-stage CRC, we extracted data
from patients with stage | and stage Il CRC in the test set for
further validation. In confusion matrix analysis, the EV-related
model demonstrated reliable accuracy in discriminating patients
with stage | and stage Il tumors from HC subjects in the test set
(Figures 4J and S3D). Consistently, ROC and PRAUC curves
further validated the excellent diagnostic efficacy of the EV-
related model (Figure 4K and 4L; Table S6). Moreover, the ability
of the EV-related model was also tested in distinguishing pa-
tients with CRC from patients with BCD or inflammatory disease.
Notably, the model presented outstanding diagnostic perfor-
mance in discriminating between CRC and other patients
(Figures S3E-S3J; Table S6). Collectively, EV-derived PF4 and
AACT outperformed CEA and CA19-9 as biomarkers for CRC
diagnosis. The EV-related model exhibited superior diagnostic
performance for CRC, including early-stage diagnosis and differ-
ential diagnosis from patients with BCD or inflammatory disease.

Functional enrichment analysis of EV-derived PF4 and
AACT

To gain insights into the potential functions of EV-derived PF4
and AACT in CRC, we performed gene set enrichment analysis
(GSEA). The results showed that EV-derived PF4 in the discovery
set was enriched in pathways related to cell differentiation, cell
development, and transmembrane transport. Particularly, lipid
localization and cholesterol efflux pathways were negatively
correlated with PF4, and similar pathway enrichment results
were also obtained in The Cancer Genome Atlas (TCGA) data-
base (Figures 5A, 5B, and S4A). EnrichmentMap analysis was
utilized to research the associations between these enriched
terms. Likewise, the EV-derived PF4 low-expressed phenotype
exhibited strong associations between the localization and

Figure 2. Screening EV-derived biomarkers for CRC diagnosis via the ML pipeline
(A and B) Score plot (A) and scatterplot (B) exhibited significant discrimination between CRC and HC subjects via OPLS-DA analysis.

(C) Twelve candidate proteins selected based on their VIPpred scores >4.

(D) Bar plot showed the value of CE in ML diagnostic models based on different algorithms.

(E) Variable importance score plot showed the contribution of twelve candidate proteins in the RF diagnostic model.

(F and G) The Lasso regression analysis based on 4D-DIA proteomics and partial likelihood deviance on the prognostic genes. The minimum criteria and the
1-standard error (1SE) criteria were used to draw the dotted vertical lines at the optimal values of variables.

(H) Venn plot displayed the intersection of candidate proteins from the RF model and the Lasso regression models based on minimum and 1SE criteria.

(I and J) ROC curve (I) and PR curve (J) of RF diagnostic models based on PF4, AACT, and combined PF4 and AACT levels of 4D-DIA proteomics.

6 Cell Reports Medicine 5, 101689, August 20, 2024
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homeostasis of lipid, cholesterol efflux, and sterol transport
pathways in corresponding association network (Figure 5C).
Furthermore, core genes in the EnrichmentMap network were
extracted using leading edge analysis and integrated with PF4
to construct the protein-protein interaction (PPI) networks in
the STRING database (Figures S4C and 5D). The PPI network
indicated that PF4 might interact with the core genes including
APOA1, APOA2, and APOE (Figure 5D).

The same analysis pipeline was also processed in EV-derived
AACT. GSEA results displayed that the AACT-high phenotype
was enriched in several pathways, including “Acute inflamma-
tory response,” “Negative regulation of proteolysis,” and
“Negative regulation of peptidase activity” (Figures 5E and 5F).
The same enriched pathways were also validated in the TCGA
database (Figure S4B). Consistently, EV-derived AACT was
negatively associated with the metabolic process and metabo-
lites pathways involved in proteolysis (Figures 5E and 5F), whose
association was also reflected in the EnrichmentMap network
(Figure 5G). Moreover, leading edge analysis was performed to
obtain hub genes in the EnrichmentMap network (Figure S4D).
The PPI network comprising AACT and hub genes revealed
that AACT might interact with transforming growth factor
(TGF)-B1, ACTB, and PTPRC, suggesting its potential role in in-
flammatory, cytoskeleton, and protein metabolic pathways
(Figure 5H).

Deciphering specific cell types releasing EV-derived

PF4 and AACT

Next, single-cell transcriptome analysis of the GEO: GSE132465
and GEO: GSE132257 datasets was employed to identify the
specific cell types responsible for releasing PF4 and AACT pack-
aged in EVs. When analyzing the GEO: GSE132465 dataset
comprising normal and CRC tissues (Figures 6A and S4E), PF4
exhibited a dramatic elevation in CRC epithelial cells compared
to normal epithelial cells. Additionally, PF4 was also slightly
upregulated in myeloid cells, stromal cells, and T cells
(Figures 6B and 6C). Consistently, in the GEO: GSE132257 data-
set (Figures 6D and S4F), PF4 expression was markedly elevated
in CRC epithelial cells and slightly elevated in stromal cells,
myeloid cells, and T cells compared to normal tissues
(Figures 6E and 6F). As for AACT, its expression was significantly
higher in CRC epithelial cells compared to normal epithelial cells
in both the GEO: GSE132465 (Figures 6B and 6C) and GEO:
GSE132257 datasets (Figures 6E and 6F). Furthermore, immu-
nohistochemistry (IHC) was performed to detect PF4 and
AACT expression in 50 paired CRC and adjacent tissues.
Consistent with single-cell transcriptome analysis, the expres-
sion levels of PF4 and AACT were abnormally elevated in CRC
epithelial cells compared to adjacent normal epithelial cells

Cell Reports Medicine

(Figures 6G and 6H). Taken together, aberrant elevation of EV-
derived PF4 and AACT might release from CRC epithelial cells,
and PF4 might also originate from myeloid cells, stromal cells,
and T cells.

DISCUSSION

CRC is a common malignant tumor with high incidence and mor-
tality rates, ranking third among different types of cancers.'® Due
to the lack of effective approaches for early diagnosis, the 5-year
survival rate of CRC patients is approximately 50%-60%, which
even plunges to 14% for patients with metastasis.’” Non-inva-
sive approaches with accurate and repeatable characteristic
are in high demand for early detection to improve patient
outcome. In this context, our study identified two biomarkers,
PF4 and AACT, by deeply profiling 4D-DIA proteomics data of
EVs with a ML pipeline. Subsequently, the optimal RF model
based on PF4 and AACT was constructed and yielded the supe-
rior diagnostic performance. The identified EV-proteomic signa-
tures and developed RF model provide valuable tools for
enhancing early detection and management of CRC in clinical
settings.

As an emerging liquid biopsy technology, EVs constitute sig-
nificant potential for clinical applications in drug delivery therapy
and cancer diagnosis. '® Analyzing EVs from serum offers several
advantages compared to direct serum testing.’ Primarily, the
lipid bilayer structure of EVs shields their cargo from degrada-
tion, offering a more accurate representation of the body’s state.
In addition, the proteins in the serum of CRC patients are en-
riched by EVs, which substantially augment detection efficacy.
Consequently, EVs have garnered increasing attention in the
realm of liquid biopsy. The application of ultracentrifugation for
EV extraction we employed is widely recognized as a robust
extraction method.'® To verify the reproducibility of our experi-
ments, we utilized a commercial extraction kit based on size
exclusion chromatography (SEC) principles for EV isolation.
Correlation analysis demonstrated a strong correlation between
biomarkers isolated by ultracentrifugation and SEC methods
(Figures S5A and S5B). Additionally, aberrant levels of PF4 and
AACT isolated by SEC were also observed in the CRC group
compared to the HC group (Figures S5C and S5D). RF models
based on both EV extraction methods exhibited robust
diagnostic performance (Figures S5E and S5F). These results
demonstrate the reproducibility of our experiments and the reli-
ability of the proteomic signatures we identified.

A previous study on using serum EVs for CRC diagnosis
showed significant limitations, including testing mixed samples
and employing unstable TMT-tagged mass spectrometry with
instability and limited proteome coverage.”® In contrast, our

Figure 3. The aberrant levels of PF4 and AACT in expansion cohorts

(A and B) EV-derived PF4 levels detected by ELISA in HC (train set: n = 96, test set: n = 112), BCD (train set: n = 47, test set: n = 55), and CRC (train set: n = 195, test

set: n = 161) groups from the train set (A) and the test set (B).

(C and D) EV-derived AACT levels detected by ELISA in HC, BCD, and CRC groups from the train set (C) and test set (D).
(E and F) The levels of EV-derived PF4 at different clinical stages of CRC patients in the train set (E, l: n =22, 1: n =48, lll: n =83, IV: n = 42) and the test set (F, l: n =

19,1l:n=31,1ll: n =47, IV: n = 64).

(G and H) The levels of EV-derived AACT at different clinical stages of CRC patients in the train set (G) and the test set (H). Data are shown as mean + SD; n.s., not

significant, *p < 0.05, *p < 0.01, and ***p < 0.001.
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study conducted separate testing for multiple samples and uti-
lized the most recent mass spectrometry methods, resulting in
significantly different protein markers compared to theirs. More-
over, we also identified two biomarkers proposed in this study,
namely FN1 and HSP90AA1. The results indicated that FN1
levels were slightly elevated in the CRC group compared to the
HC group (Figure S6A), while HSP90OAA1 showed no difference
between the two groups (Figure S6B). ROC and PR curves
demonstrated that the diagnostic efficacy of RF models based
on FN1, HSP90AA1, and their combination was markedly inferior
compared to that of the models based on PF4, AACT, and their
combination (Figures S6C and S6D). Consistent results were
also obtained from ALE (Figure S6E) and variable importance
analysis (Figure S6F). These data further validated the proteomic
signatures we identified as robust biomarkers for CRC
diagnosis.

Recently, the application of ML in the field of oncology has
been increasingly highlighted. By performing robust feature
selection from analytes of liquid and tissue biopsy, we can use
ML approaches to improve the accuracy and efficiency of cancer
diagnosis, treatment decision, and prognostic prediction.’?" In
our research, various ML algorithms, including support vector
machine, k-nearest neighbor, decision tree (Rpart), RF, and lo-
gistic regression, were employed to construct diagnostic
models. Compared to conventional linear analysis of logistic
regression, models based on other ML algorithms such as RF
demonstrated a significant improvement in terms of AUC from
0.887 to 0.993 (Figure S2A). Consequently, ML is capable of
profiling crucial proteomic features from EVs and developing
more robust and reliable models compared to traditional linear
regression models.

PF4, also known as CXCL4, was a chemokine mainly pro-
duced by activated platelets participating in numerous biological
processes, including host inflammatory response promotion, he-
matopoiesis, and angiogenesis inhibition.?? In addition to plate-
lets, PF4 is also produced and secreted by other cells, such as
somatic cells and cancer cells.”>** Our IHC results indicate
that PF4 is highly expressed in CRC epithelial cells compared
to adjacent tissues (Figures 6E and 6J). Moreover, single-cell
transcriptome analysis revealed that the elevated EV-derived
PF4 in the serum of CRC patients may originate from CRC
epithelial cells, with a slight increase also observed in myeloid,
stromal, and T cells (Figure 6). Our findings suggest that the
abnormally elevated PF4 in serum EVs may originate from both

Cell Reports Medicine

tumor cells and the tumor microenvironment. A growing number
of studies focus on the role of PF4 in reshaping the immune
microenvironment.”®> PF4 has been shown to not only drive
macrophage migration during tumor progression but also induce
differentiation of recruited monocytes into myeloid-derived sup-
pressor cells, thereby suppressing CD8" T cell function.”®*”
Furthermore, PF4 promoted regulatory T cell (Treg) production
in a mouse model of sepsis through activation of the STAT5/
FOXP3 pathway.?® In addition, PF4 reduced the proliferation of
cytotoxic T lymphocytes and promoted the proliferation of
Tregs, thereby suppressing the immune response to CRC in
transplanted tumor-bearing mice.?® Besides, PF4 deletion abro-
gated SPP1* macrophage differentiation and improved fibrosis
after cardiac and renal injury.?® PF4 impaired the phagocytic ca-
pacity of macrophages by reducing CD36 levels, leading to the
development of cardiovascular disease.’° CD36 was a key
transporter protein in maintaining lipid homeostasis, and several
studies suggested that CD36 was involved in reprogramming
lipid metabolism of the tumor microenvironment in CRC.*'~%*
Our bioinformatics results also suggested that EV-derived PF4
was responsible for regulating lipid homeostasis and lipid local-
ization (Figures 5A-5D). It would be intriguing to further explore
whether EV-derived PF4 regulated lipid metabolism homeosta-
sis through CD36 to reshape the tumor microenvironment. Addi-
tionally, the PPI network indicated that PF4 might interact with
several apolipoproteins, including APOA1, APOA2, and APOE,
suggesting the potential mechanism of PF4 participating in lipid
homeostasis and cholesterol efflux (Figure 5D). Moreover, in our
single-cell transcriptome analysis, the elevated EV-derived PF4
in the serum of CRC patients may release from CRC epithelial
cells, with a slight increase also observed in myeloid, stromal,
and T cells (Figure 6). However, PF4 has not yet been a therapeu-
tic target due to the absence of a defined receptor to explain its
regulatory function on immune cells. A recent study revealed that
PF4 bound to glycosaminoglycan sugars on proteoglycans in the
endothelial extracellular matrix, leading to increased adhesion of
leukocytes to blood vessels and causing a series of non-specific
recruitment of leukocytes.** Further studies are needed to fully
understand the mechanism of PF4’s regulatory effects on im-
mune cells.

Glycoprotein AACT was a serine protease inhibitor synthesized
primarily in the liver and secreted into the blood.*® However,
increasing evidence suggested that AACT could also serve as a tu-
mor biomarker and played a crucial role in tumor progression.

Figure 4. Construction and validation of the EV-related RF diagnostic model for CRC detection
(A and B) ROC curve (A) and PR curve (B) of RF diagnostic models based on indicated variables in the train set.
(C) The ALE curve depicts the accumulated local effects of PF4, AACT, CEA, and CA19-9. The x axis represents the feature values, and the y axis represents the

accumulated local effects.

(D) Shapley values bar plot illustrates the Shapley values for each feature in the RF diagnostic model. Each bar represents the average contribution on

discriminating CRC patients from HC.

(E) Variable importance score plot showed the contribution of 4 variables in the RF diagnostic model.
(F) CE, AUC, and PRAUC values of the RF diagnostic models with different variable combinations.
(G) Confusion matrix displayed the prediction results for 273 test set sample (161 CRC and 112 HC) and 158 external set sample (98 CRC and 60 HC) through the

EV-related diagnostic model.

(H and I) ROC curve (H) and PR curve (l) were plotted for the EV-related diagnostic model using the train and test sets.
(J) Confusion matrix displayed the prediction results for 162 untrained test samples comprising 50 individuals of stages | and Il CRC patients and 112 individuals of

HC through the EV-related diagnostic model.

(Kand L) ROC curve (K) and PR curve (L) were plotted for the EV-related diagnostic model using the train and test sets.
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Sequential window acquisition of all theoretical (SWATH) mass
spectrometry identified plasma AACT as a candidate biomarker
forthe early diagnosis of glioblastoma, while substantially elevated
levels of AACT in the urine of patients with metastatic lung cancer
have also been reported.®**” Diagnostic panels of AACT, peptides
containing single amino acid variants, and thrombospondin-1 dis-
played excellent diagnostic performance in identifying pancreatic
cancer from HCs, and the combination of AACT and prostate-spe-
cific antigen (PSA) remarkably improved the diagnosis of prostate
cancer.>®**° Although a marked rise in AACT in CRC tissue
compared to paracancerous tissue was reported in previous
studies, no significant differences were observed in plasma from
CRC patients compared to healthy subjects.*%*"

In our study, using 4D-DIA proteomics and ELISA, we demon-
strated that AACT was dramatically elevated in EVs of CRC pa-
tients and was of clinical diagnostic value (Figures 1 and 3). We re-
vealed the relationship between AACT in EVs and tumors, although
the exact function of EV-derived AACT in the carcinogenesis and
development of CRC requires further investigation. Previous
studies presented that AACT regulated cytokine secretion by acti-
vating the nuclear factor kB (NF-«kB) signaling pathway, which also
promoted the growth and migration of CRC cells.*"**? Interestingly,
our bioinformatics results also indicated that EV-derived AACT
was most associated with the acute inflammatory response
pathway. which could activate NF-kB signaling (Figures 5E and
5F). Moreover, the STRING database analysis suggested that
AACT might be involved ininflammatory and NF-«B signaling path-
ways through the important inflammatory regulator TGF- (Fig-
ure 5H). Nevertheless, AACT was also able to enter the nucleus
and establish a strong link with chromatin, leading to the inhibition
of liver cancer cell proliferation.**** It remained unclear whether
AACT in EVs also exhibited these contradictory effects. Moreover,
AACT exhibited aberrant elevation in CRC epithelial cells and
negative correlations with proteolysis pathway. The potential role
of AACT in cytoskeleton and protein metabolic pathways remains
to be further investigated (Figures 5E-5H and 6). Taken together,
AACT may hold great promise as a diagnostic and therapeutic
target for CRC, although further studies are needed to fully under-
stand its role in tumor progression.

Limitations of the study

A limitation of our research is that the sample size of our cohorts
was not large enough. Nevertheless, we were able to replicate
our findings in the proteomics cohort using ELISA in two inde-
pendent cohorts. In addition, we needed to expand the enrolled
population range in order to verify the effect of cardiovascular
disease, inflammation, and other confounding factors on the
identified markers. Meanwhile, the specificity and sensitivity of
the combination of PF4 and AACT for other gastrointestinal tu-
mors also required more samples to be evaluated.
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Figure 5. Functional prediction of EV-derived PF4 and AACT

(A and B) GSEA displayed the top ranking pathways based on EV-derived PF4-high (red, n = 13) and PF4-low (blue, n = 12) phenotypes.
(C) EnrichmentMap network analysis of associated pathways enriched in EV-derived PF4-low phenotype.

(D) STRING database analysis revealed the potential interaction between PF4 and the key proteins involved in enriched pathways.

(E and F) GSEA displayed the top ranking pathways based on EV-derived AACT-high (red, n = 13) and AACT-low (blue, n = 12) phenotypes.
(G) EnrichmentMap network analysis of associated pathways enriched in EV-derived AACT-low phenotype.

(H) STRING database analysis revealed the potential interaction between AACT and the key proteins involved in enriched pathways.

12  Cell Reports Medicine 5, 101689, August 20, 2024


https://doi.org/10.1016/j.xcrm.2024.101689
https://doi.org/10.1016/j.xcrm.2024.101689

Cell Reports Medicine
Article

A

B cells
Epithelial cells
Mast cells
Myeloids
Stromal cells
T cells

B cells
Epithelial cells
Mast cells
Myeloids
Stromal cells
T cells

15

15

10

IHC score of PF4

Tcells

Stromal cells

Myeloids

Identity

Mast cells

Epithelial cells

B cells

NC CRC

NC CRC

Tcells

Stromal cells

Myeloids

Identity

Mast cells

Epithelial cells

B cells

Pairs = 50
*kk

PF4

SERPINA3

Features

NC CRC

NC CRC

Average Expression
20
1.5
1.0
0.5
0.0
-0.5

Percent Expressed

0.0
25
5.0
75

10.0

125

Average Expression
20
1.5
1.0
05
0.0
-0.5

Percent Expressed

w N =Oo

4

PF4

SERPINA3

Features

¢? CellPress

OPEN ACCESS

T
LR .
<
|
? :
[
<1
o]
g
il
"
0
2
15
=
k]
2
<4
810
2 -
w
2 ‘
F4
o 05
© |
w . |
» l I
P 1 N A _
&F &F & F &
> 2 & > A
Q @é\o \b"a K ¢°&‘b
& 3
g
=2
S
2
4
o
i
bl
w
) J
NS S
— NC
T — CRC
815
<
2
2
e
Q.1,D
w
E |
2 !
Z )
T 05 ‘
4 |
w 4
K |
0.0
& & & & & F
® ‘\\"} & \3$° & A
& W &
K =)
Identity
15— Pairs = 50
*kk
[
Q
E 10
[
=]
o
3
» 5-
Q
=
0

Figure 6. scRNA-seq analysis reveals CRC epithelial cells as the major source of EV-derived PF4 and AACT production
(A) Uniform manifold approximation and projection (UMAP) plot showed different cell types in CRC (n = 23) and normal (n = 10) tissues via single-cell RNA
sequencing (scRNA-seq) analysis from the GEO: GSE132465 dataset.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Serum samples from patients The Seventh Affiliated Hospital of Sun Yat- This paper
Sen University

Serum samples from patients Shenzhen People’s Hospital This paper

Serum samples from patients Sun Yat-sen University Cancer Center This paper

Critical commercial assays

Human PF4 ELISA Kit Neobioscience EHC135.96

EVs extraction Kit Echobiotech ES9P11e

Human AACT ELISA Kit FineTest EH0570

Deposited data

Mass spectrometry data iProX database IPX0008187000

Single-cell RNA sequencing data GEO database GEO: GSE178341, GSE132465
TCGA CRC dataset TCGA database https://gdc.cancer.gov/about-data/

publications/pancanatlas

Software and algorithms

R (version 4.2.3) R Project https://www.r-project.org
SPSS 26.0 IBM RRID:SCR_002865

RESOURCE AVAILABILITY

Lead contact
Further information and request for resources and reagents should be directed to and will be fulfilled by the lead contact, Dr. Zhijian
Huang (huangzhj29@mail2.sysu.edu.cn).

Materials availability
This study did not generate new unique reagents.

Data and code availability
® The mass spectrometry proteomics data have been deposited to the ProteomeXchange Consortium with the dataset identifier
IPX0008187000.
o This study did not generate custom computer code.
® Any additional information required to reanalyze the data reported in this work paper is available from the lead contact upon
request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The discovery cohort comprised of 12 healthy controls (HC) and 25 colorectal cancer (CRC) patients before treatment. Serum sam-
ples from HC and CRC patients were collected between May 2022 and June 2022 at Sun Yat-sen University Cancer Center.
Expansion cohorts for ELISA detection, model development, and validation include three listed cohorts as follows.

® The train set composed of 96 HC, 47 patients with benign colorectal diseases (BCD), and 195 CRC patients before treatment.
Serum samples from the train set were collected between August 2020 and October 2022 at Sun Yat-sen University Cancer
Center.

® The test set consisted of 112 HC, 55 BCD patients, and 161 CRC patients. Serum samples from the test set were collected
between September 2020 and December 2022 at The Seventh Affiliated Hospital of Sun Yat-Sen University. The CRC group
included 161 cases of CRC patients before treatment and 39 cases of CRC patients after treatment.

® The external set consisted of 60 HC, 42 Enteritis, 46 Hepatitis B, and 98 CRC patients. Serum samples from the external set
were collected between October 2023 and March 2024 at Shenzhen People’s Hospital.
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The enrolled HC individuals had no history of intestinal diseases, inflammatory diseases, or other diseases. The diagnosis of CRC
was confirmed through histopathological examination, and serum samples were collected at the time of diagnosis prior to tumor
resection or chemoradiotherapy, except for the 39 post-treatment CRC patients in the test set. The diagnosis of BCD was based
on standard endoscopic, histologic, and radiographic criteria. Informed consent was obtained from all participants, and the study
was approved by the Ethics Committee of The Seventh Affiliated Hospital of Sun Yat-Sen University (KY-2020-039-01), Sun Yat-sen
University Cancer Center (B2022-475-01), and Shenzhen People’s Hospital (LL-KY-2022478). The clinical and biological character-
istics of the individuals from the four cohorts were described in Table 1.

METHOD DETAILS

Serum EVs isolation

2 mL Fresh blood collected from the individuals were centrifuged at 4000 g for 20 min in the vacuum blood tube. The supernatant
serum was then stored at —80°C. The collected frozen serum was uniformly thawed at 4°C and then centrifuged at 10,000 g for
20 min. The resulting suspensions were diluted with 4 mL of cold PBS and transferred to the 0.22 um filter. After centrifugation of
the filtered supernatants at 120,000 g for 90 min, the supernatants were aspirated to collect the pellets at the bottom of the
tube. The pellets were subsequently resuspended in 4 mL PBS and subjected to another centrifugation at 120,000 g for 90 min.
The isolated EV samples were suspended in 100 pL of PBS and added to the mini-EVS purification column to remove free proteins
and nucleic acids by adsorption. The remaining suspension represented high-purity purified EVs and was stored at —80°C for
further use.

Commercially EV extraction kit was also applied for the isolation of serum EVs in the external set based on the size exclusion
chromatography (SEC) principle. One milliliter of blood plasma, filtered through a 0.8 pum filter, was diluted 1.5 times with PBS
and further purified using Exosupur columns (ES9P11e, Echobiotech, China). The samples were then eluted with PBS, and
2.5 mL eluate fractions were collected. Subsequently, these fractions were concentrated down to 200 pL using 100 kDa molecular
weight cut-off Amicon Ultra spin filters (Millipore, Germany).

Serum EV identification

For western blotting, 90 uL of RIPA lysis buffer was mixed with 10 pL of EV samples and incubated on ice for 30 min. Afterward, the
mixtures were centrifuged at 12,000 g for 5 min at 4°C, and the supernatant was collected. Protein quantification was performed
using the BCA assay kit. After conducting SDS-PAGE electrophoresis, EV-derived protein samples were transferred onto a PVDF
membrane and blocked with 7% skim milk at room temperature for 1-2 h. Overnight incubation at 4°C was carried out with primary
antibodies. Subsequent incubation with secondary antibodies was performed at room temperature. The chemiluminescence signals
were captured using the ChemiDoc Touch imaging system (Bio-rad, USA).

For transmission electron microscopy (TEM), EV suspensions were fixed using 0.1% (v/v) paraformaldehyde at a 1:1 volume ratio
for 30 min. A drop of 10 pL of fixed EVs was placed on a carbon-coated copper grid for 3 min. Excess liquid was absorbed using filter
paper. Subsequently, 2% phosphotungstic acid was added to the grid for staining, and excess liquid was again absorbed using filter
paper. The copper grids were finally examined and photographed using TEM HT7800 (Hitachi, Tokyo, Japan).

For nanopatrticle tracking analysis (NTA), the EV samples were diluted 1:1000 with PBS. The diluted samples were directly analyzed
using a nanoparticle tracking analyzer ZetaVIEW S/N 21-734 (Particle Metrix, Munich, Germany).

ELISA detection

ELISA kits were applied to detect the levels of PF4 (Neobioscience, EHC135.96) and AACT (FineTest, EH0570) derived from serum
EVs. A total of 10 uL of EV samples were mixed with 90 uL of RIPA lysate on ice for 60 min, and were then diluted with 200 pL of PBS.
Next, 100 pL of the diluted samples was added to a 96-well plate for ELISA detection, following the manufacturer’s protocol. Finally,
the absorbance at 450 nm was measured using synergyH1 multi-model readers (BioTek, Vermont, USA).

4D-DIA quantitative proteomics

4D-DIA quantitative proteomics analysis was conducted by Shanghai Genechem Co., Ltd. In this analysis, a total of 37 serum EV
samples from the discovery set were subjected to protein extraction using ultrasonic lysis, with the addition of 1% protease inhibitor.
200 pg protein samples were subsequently digested into peptides by filter-aided sample preparation (FASP).

DDA mass spectrometry library construction: Each sample was loaded with 200 ng of peptides and desalted using Evotips. Sep-
aration was performed using the nanoflow Evosep One system (Evosep, Denmark), coupled to a timsTOF Pro mass spectrometer
(Bruker, Bremen, Germany) equipped with a CaptiveSpray ion source. Buffer A consisted of 0.1% aqueous formic acid, while buffer
B comprised 0.1% formic acid in acetonitrile. Chromatographic separation was conducted using the 30SPD method provided by
Evosep One. Following chromatographic separation on Evosep One, samples underwent mass spectrometric analysis using the
PASEF mode of the timsTOF Pro Mass Spectrometer (Bruker, Bremen, Germany). lonization was conducted in positive ion mode
with a mass range of 100-1700 m/z. The 1/KO ion mobility range was set to 0.6-1.6 V-s/cm2, with an ion accumulation/release
time of 100 ms and a 100% ion utilization rate. The capillary voltage was set to 1500 V, and the drying gas flow rate was 3 L/min
with a drying temperature of 180°C. PASEF settings included 10 MS/MS scans (total cycle time: 1.16 s), a charge range of 0-5,
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dynamic exclusion time of 0.4 min, ion target intensity of 10,000, ion intensity threshold of 2500, and collision-induced dissociation
energy of 20-59 eV.

DIA mass spectrometry analysis: The peptide samples were diluted to 10 ng/uL with 0.1% formic acid and supplemented with
iRT peptide mixture. 200 ng peptide sample mixed with iRT was analyzed on a Evosep One system (Evosep, Denmark) coupled
to a timsTOF Pro (Bruker, Bremen, Germany) equipped with a CaptiveSpray source. Peptides were separated on a 15 cm X
150 pm analytical column, 1.9 um C18 beads with a packed emitter tip (Evosep, Denmark). The column temperature was maintained
at 50°C using an integrated column oven (Bruker, Germany). The LC-separation method was provided by Evosep One at 30 samples
per day. For diaPASEF, we adapted the instrument firmware to perform data-independent isolation of multiple precursor windows
within a single TIMS separation (100 ms). We used a method with two windows in each 100 ms diaPASEF scan. 100 of these scans
covered the diagonal scan line for doubly and triply charged peptides in the m/z — ion mobility plane with narrow 25 m/z precursor
windows.

Raw data of DDA and DIA were processed and analyzed by Spectronaut (Biognosys AG, Switzerland) with default settings. Spec-
tronaut was set up to search the database assuming trypsin as the digestion enzyme. Carbamidomethyl (C) was specified as the fixed
modification. Oxidation (M) and acetyl (Protein N-term) were specified as the variable modifications. Retention time prediction type
was set to dynamic iRT. Spectronaut will determine the ideal extraction window dynamically depending on iRT calibration and
gradient stability. Q value cutoff on precursor and protein level was applied 1%.

Machine learning and development of the EV-related diagnostic model

Orthogonal Partial Least Squares Discriminant Analysis (OPLS-DA) was performed using SIMCA software version 14.1. The protein
of predictive variable importance in projection larger than 4 (VIPpred > 4) was considered to be candidate EV biomarkers for CRC
discrimination. 5 ML algorithms were used to conduct the diagnostic models based on the candidate EV biomarkers for the selection
of the optimal algorithm. Based on the optimal RF algorithm, 12 candidate biomarkers were further evaluated in RF diagnostic model
in a bootstrap cross-validation manner using mir3 R package (version 0.14.1) and Lasso logistic regression analysis.

For the development of the EV-related diagnostic model, different combinations of the variables including PF4, AACT, CEA, and
CA19-9 were used to conduct the RF diagnostic model. The best EV-related diagnostic model based on the optimal combination of
variables was then determined by its superior diagnostic efficiency. To ensure the reliability of the developed model, the test set was
employed to validate the diagnostic performance of the EV-related model by confusion matrix, receiver operating characteristics
(ROC) curve, and precision-recall (PR) curve.

Bioinformatics analysis

RNA-seq data and clinical data of TCGA CRC database were obtained from The Cancer Genome Atlas (TCGA) databases (https://
genome-cancer.ucsc.edu). Gene Set Enrichment Analysis (GSEA) was manipulated to predict the GO molecular function, cellular
component, biological process, and Kyoto Encyclopedia of Genes and Genomes (KEGG) gene sets of the Molecular Signature Data-
base v7.4 (http://www.broadinstitute.org/gsea/msigdb) based on PF4 or AACT high and low expressed phenotype. EnrichmentMap
plugin in Cytoscape 3.8.2 software was utilized to conduct the association of the enriched pathways. Leading edge analysis was
performed by GSEA 4.1.0 to elucidate key genes involved in the EnrichmentMap pathways network. The protein-protein interaction
(PPI) networks were constructed using the Search Tool for the Retrieval of Interacting Genes (STRING) database (https://string-
db.org/).

scRNA-seq data analysis

The raw single-cell RNA sequencing data were downloaded in GEO database (GSE132465 and GSE132257) and processed using
the R package Seurat (version 3.1.1) on R platform (version 4.2.1). The GEO: GSE132465 dataset comprises 23 CRC samples and 10
normal tissue samples, with a total of 63,689 single-cell transcriptomic data. The GEO: GSE132257 dataset was composed of 5 CRC
samples and 5 normal tissue samples, with a total of 18,409 cells of transcriptomic data. After passing quality control, cells were
merged into one count matrix and conducted normalization, dimensional reduction, and clustering by using the NormalizeData,
ScaleData, and RunPCA functions according to Seurat R package. FindClusters function was used for cell clustering and
FindAllMarkers function was applied for identifying the markers of clusters. Cell types were annotated by using ScType function
and marker gene expression based on CellMarker database.

Immunohistochemistry staining

The sections of 50 paired CRC and adjacent tissue were collected at The Seventh Affiliated Hospital of Sun Yat-Sen University. The
tissue sections were initially deparaffinized, followed by rehydration in a graded ethanol series and pretreated with 0.01 M citrate
buffer (pH 6.0) using a high-pressure method. Subsequently, the sections were immersed in 3% H,0, for 20 min to quench endog-
enous peroxidas, and goat serum was applied to block nonspecific background staining. Next, primary antibodies PF4 (Servicebio,
GB113482) and AACT (ZSGB-BIO, ZA0006) were applied. After an overnight incubation with the primary antibodies at 4°C, the sec-
tions were treated with HRP-conjugated secondary antibody. The antigen-antibody complex was visualized by incubation with the
DAB kit. The stained sections were captured using a slide scanner (Axio Scan. Z1, ZEISS). Protein expression levels were determined
using the staining index (Sl), calculated by multiplying the score for stained cell proportions by the staining intensity score. Stained
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tumor cell proportions were graded as follows: 0, <5% positive tumor cells; 1, 5%-25% positive tumor cells; 2, 26%-50% positive
tumor cells; 3, 51%-75% positive tumor cells; 4, >75% positive cells. Staining intensity was scored as follows: 0, negative staining
(no staining); 1, weak staining (light yellow); 2, moderate staining intensity (brown); 3, positive staining (yellow).

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analyses were performed with the IBM SPSS Statistics 26.0 and R version 4.2.3. The data variability was presented as the
SD (mean + SD) and analyzed via unpaired Student’s t test between two groups for normally distributed data. Otherwise, the data
were analyzed via nonparametric Mann-Whitney test. The diagnostic performance in terms of AUC, PRAUC, classification error (CE),
sensitivity, specificity, precision, recall, accuracy, and F1 score was calculated by using miIr3 R package. p < 0.05 was defined sta-
tistical significance.
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Figure S1 DEPs identification and functional enrichment analysis in serum EVs

Number of precursors, peptides, and proteins from serum EVs identified by 4D-DIA
proteomics in CRC patients and HC. (B) Number of up-regulated and down-regulated
proteins in serum EVs of CRC. (C-F) Down-regulated proteins enrichment analysis
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Figure S2 Differential levels of PF4 and AACT derived from EVs among different
clinical groups.

(A, B) EVs-derived PF4 (A) and AACT (B) levels detected by ELISA in HC (n = 60),
Enteritis (n = 42), Hepatitis B (n = 46), and CRC (n = 98) groups from the external set.
(C, D) The levels of EVs-derived PF4 (C) and AACT (D) at different clinical stages (I:
n=17,1I: n =22, lll: n =47, IV.n = 12) of CRC patients in the external set. (E, F)
Comparison of EVs-derived PF4 (E) and AACT (F) levels in CRC patients with (n=39)
and without (n=161) treatment in the train set. (G, H) Comparison of EVs-derived PF4
(G) and AACT (H) levels before and after treatment in 12 CRC patients. Data are shown
as mean = SD; n.s.: Not significance, * P <0.05, ** P <0.01, and *** P <0.001.
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Figure S3 Diagnostic performance of different combinations and the EVs-related
model for distinguishing CRC from BCD and inflammatory disease.

(A, B) ROC (A) and PR (B) curves of the indicated ML diagnostic models based on
different combinations of 4 variables. (C) Probability of responding CRC in validating
the EVs-related model using the test set. (D) Probability of responding CRC in

3



30 validating the EVs-related model using stage I-II and HC samples from the test set. (E,
31  F) Confusion matrix displayed the prediction results for 242 train set (E) (CRC: 195
32  cases, BCD: 47 cases) and 216 test set (F) (CRC: 161 cases, BCD: 55 cases) through
33  the EVs-related diagnostic model. (G, H) Probability of responding CRC in validating
34  the EVs-related model using CRC and BCD samples from the train (G) and test (H)
35  sets. (I, J) ROC curve (I) and PR curve (J) were plotted for the EVs-related diagnostic
36 model using the train, test, and external sets.
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Figure S4 Functional enrichment analysis of PF4 and AACT.

(A, B) GSEA illustrated the pathways enriched in PF4-low phenotype (A) and AACT-
high phenotype (B) in TCGA CRC database. (C, D) Leading edge analysis of the
intersection proteins in the EnrichmentMap pathways network of PF4-low (C) and
AACT-low (D) phenotypes. (E, F) Dotplot of cell markers in various cell types. Dotplot
showed the expression of cell markers in various cell types from the GSE132465 dataset
(E) and the GSE132257 dataset (F).
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Figure S5 Diagnostic assessment of PF4 and AACT extracted by size exclusion
chromatography for CRC.
(A, B) Pearson correlation analysis of PF4 (A) and AACT (B) isolated by
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51
52
53
54
55
56

57
58

ultracentrifugation and SEC methods. n

=158. (C, D) EVs-derived PF4 (C) and AACT

(D) isolated by size exclusion chromatography (SEC) method were detected by ELISA
in HC (n = 60) and CRC (n = 98) groups from the external set. (E) ROC (E) and PR
curve (F) of RF diagnostic models based on SEC isolated PF4, SEC isolated AACT,
CEA, and CA19 9.

A

60

40

20

EVs-derived FN1 levels (pg/mL)

1.00 A

0.754

Sensitivity
o
o
o

0.25+

0.00+

External set

*k %

0.0
““’f aafan T “ vy
0.0 L i f:m ¥
0.0
0.0 T T
HC CRC
(n =60) (n =98)
ROC

PF4+AACT (AUC = 0.918)
PF4 (AUC = 0.845)

—— AACT (AUC = 0.779)
— FN1+HSP90AAT (AUC = 0.664)
— FN1 (AUC = 0.602)
HSPSOAAT (AUC = 0.531)
0.00 025 0.50 0.75 1.00
1 - Specificity
CRC CRC

0.2~
0.0-
-0.2-

2000

04~

0.2=

300

4000

CRC

400

"
6000 2000 4000 6000 200 400 600 800

gy
500

PF4

HC CRC

. pus . ¥
300 400 500 20 40

FN1

AACT

200 400 600 800

HC

HC

EVs-derived HSP90AA1 levels (pg/mL)

Precision

External set

100.0 n.s.
80.0 ot B
fag 2
60.0— - i
ISR —A
tafda T
Ald 4 AA‘:AA
40.0_ AAﬁi I{A:AAA:;‘
20.0- . ith
0.0 T T
HC CRC
(n = 60) (n =98)

Precision—Recall

1.004

0.754

o

o

=)
1

0.254

0.004

— PF4+AACT (PRAUC = 0.953)
— PF4 (PRAUC = 0.895)
— AACT (PRAUC = 0.855)
— FN1+HSP90AA1 (PRAUC =0.728)
— FN1(PRAUC = 0.717)

HSPYOAAT (PRAUC = 0.652)

0.00

T s s LTI

g
60 80 20

HSP90AA1

40

60 80

F

T~ o~ HsPooAal+

0.25 0.50 0.75 1.00
Recall

AACT H

FN1 4

000 005 010 0.15
Importance

Figure S6 Diagnostic performance of other biomarkers proposed in competitive
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study.

(A, B) EVs-derived FN1 (A) and HSP90AA1 (B) levels detected by ELISA in HC (n=
60) and CRC (n = 98) groups from the external set. (C, D) ROC curve (C) and PR curve
(D) of RF diagnostic models based on indicated variables in the external set. (E) The
ALE curve depicts the accumulated local effects of PF4, AACT, FN1, and HSP90AA1.
The x-axis represents the feature values, and the y-axis represents the accumulated local
effects. (F) Variable importance score plot showed the contribution of 4 variables in the
RF diagnostic model.

Table S1. Performance of different ML models.

ML Classification
AUC PRAUC Sensitivity Specificity Precision Recall Accuracy F1 score

Algorithms error

RF 0.993 0.997 0.077 0.979 0.804 0.918 0.979 0.923 0.948
Rpart 0.895 0.937 0.083 0.939 0.852 0.948 0.939 0.917 0.943
Log_reg 0.887 0.947 0.196 0.800 0.832 0.913 0.800 0.804 0.852
Kknn 0.976 0.985 0.070 0.986 0.802 0.923 0.986 0.930 0.954
SVM 0.967 0.986 0.117 0.966 0.705 0.880 0.966 0.883 0.921

Table S2. Venn result of RF model variables and LASSO model variables.

Names Total Elements

RF_5_variables & LASSO_A_lIse & LASSO_A min 2 PF4; AACT

LASSO _A_lse LASSO _A_min 6 PGRP1; PGBM; X1433B; CALL3; S10A6; MA1A1
LASSO _A_min 7 PCSK6; HV205; IGJ; TGFB1; RETN; ATPB; FA1l
LASSO _A_lse 2 AIMI; IF5A1_AND_IF5AL

RF_5_variables 3 KLD8B; CP135; KV315

Table S3. Correlation between serum EVs-derived PF4 and clinicopathological
characteristics of CRC patients in the train set, test set, and external set.

Train Set Test Set External Set
(n=195) (n=161) (n=98)
Characteristics
No.of PF4 level P value No.of PF4 level P value No.of PF4 level P value
patients (mean+SD) patients (mean+SD) patients (mean+SD)
Age
<60 103 4.079+0.824 0.674 82 4.269+0.855 0.544 38 4.384+1.039 0.928
>60 92 4.127+0.784 79 4.193+0.730 60 4.366+0.887
Gender
Male 111 4.105+0.783 0.985 98 4.153+0.786 0.116 47 4.287+0.955 0.382
Female 84 4.103+0.830 63 4.355+0.799 51 4.452+0.936
Clinical stage
-1 70 3.624+0.783 <0.001 50 3.658+0.687 <0.001 39 3.829+0.749 <0.001
mI-1v 125 4.373+0.747 111 4.490+0.701 59 4.732+0.889
T classification
T1-T2 49 3.822+0.789 0.003 32 3.798+1.034 0.001 20 3.826+0.775 0.003



T3-T4 146 4.201+0.785 129 4.335+0.692 77 4.515+0.942

N classification

NO 73 3.682+0.713 <0.001 55 3.741£0.724 <0.001 39 3.829+0.749 <0.001

NI-N3 122 4.357+0.745 106 4.487+0.708 58 4.738+0.896

M classification

MO 153 3.975+0.703 <0.001 97 3.931£0.696 <0.001 85 4.254+0.907 0.001
M1 42 4.575+0.956 64 4.688+0.718 13 5.147+0.827
Differentiation

Poor 24 3.956+0.828 0.351 25 4.561+0.657 0.025 15 4.615+0.954 0.259
Moderate / Well 111 4.139+0.879 120 4.163+0.825 64 4.298+0.977

HER2

expression

Negative 88 4.070+0.806 0.459 64 4.180+0.752 0.768 36 4.289+1.005 0.725
Positive 36 4.191+0.877 38 4.223+0.624 23 4.381+0.920

BRAF status

Wild 113 4.108+0.844 0.590 43 4.386+0.585 0.016 53 4.362+0.962 NA
Mutation 6 3.918+0.733 4 5.148£0.525 0 NA

MSS/MSI status

MSS 124 4.173+0.866 0.114 107 4.207+0.736 0.390 61 4.282+1.044 0.397
MSI 11 3.749+0.546 9 3.98+0.85 7 4.626+0.618

CEA (ng/mL)

<5 129 4.031+0.761 0.073 90 4.056+0.752 0.002 65 4.256+0.909 0.087
>5 66 4.248+0.863 71 4.446+0.797 33 4.602+0.981

CA19-9 (ng/mL)

<35 153 4.064+0.779 0.184 112 4.093+0.726 0.001 82 4.353+0.942 0.638

>35 42 4.250+0.873 49 4.558+0.866 16 4.475+0.977

74
75  Table S4. Correlation between serum EVs-derived AACT and clinicopathological
76  characteristics of CRC patients in the train set, test set, and external set.

Train Set Test Set External Set
(n=195) (n=161) (n=98)
Characteristics
No.of AACT level P value No.of AACT level P value No.of AACT level P value
patients (mean+SD) patients (mean+SD) patients (mean+SD)
Age
<60 103 5.204+1.422 0.306 82 5.172+1.426 0.807 38 5.703+1.528 0.235
>60 92 5.409+1.357 79 5.22441.253 60 5.331+1.481
Gender,
Male 111 5.303+1.414 0.971 98 5.157+1.411 0.638 47 5.325+1.554 0.345
Female 84 5.297+1.370 63 5.260+1.229 51 5.614+1.456

Clinical stage



I-11 70 4.923+1.393 0.004 50 4.681+1.287 0.001 39 4.791+1.244 <0.001

-1V 125 5.512+1.351 111 5.430+1.303 59 5.928+1.496

T classification

T1-T2 49 5.013+1.331 0.095 32 4.777+1.293 0.051 20 4.991+1.466 0.122

T3-T4 146 5.397+1.403 129 5.298+1.336 71 5.568+1.479

N classification

NO 73 4.910+1.400 0.002 55 4.733+1.264 0.001 39 4.791+1.244 <0.001

NI1-N3 122 5.534+1.339 106 5.439+1.320 58 5.892+1.483

M classification

Mo 153 5.159+1.347 0.006 97 4.983+1.389 0.012 85 5.373+1.459 0.084
M1 42 5.816+1.446 64 5.523+1.201 13 6.147+1.669
Differentiation

Poor 24 5.704+1.630 0.137 25 5.277+1.351 0.793 15 5.479+1.500 0.880
Moderate / Well 111 5.236+1.333 120 5.200+1.318 64 5.546+1.542

HER2

expression

Negative 88 5.443+1.407 0.259 64 5.241£1.299 0.377 36 5.684+1.662 0.393
Positive 36 5.120+1.515 38 4.997+1.407 23 5.331+1.298

BRAF status

Wild 113 5.400+1.463 0.241 43 5.282+1.104 0.849 53 5.645+1.583 NA
Mutation 6 4.678+1.449 4 5.172+1.020 0 NA

MSS/MSI status

MSS 124 5.384+1.387 0.818 107 5.025+1.258 0.711 61 5.477+1.535 0.838
MSI 11 5.283+1.496 9 5.190+1.286 7 5.604+1.731

CEA (ng/mL)

<5 129 5.178+1.393 0.086 90 5.056+1.346 0.166 65 5.412+1.555 0.561
>5 66 5.540+1.369 71 5.352+1.312 33 5.600+1.408

CA19-9 (ng/mL)

<35 153 5.220+1.420 0.123 112 5.121.+1.401 0.193 82 5.417+1.429 0.388
>35 42 5.595+1.258 49 5.421+1.144 16 5.774+1.859
77
78  Table SS. Diagnostic performance of RF models based on different combinations.
Classification
Combinations AUC PRAUC Sensitivity Specificity Precision Recall  Accuracy F1 score
error
PF4 0.926 0.958 0.146 0.894 0.771 0.891 0.894 0.854 0.893
PF4+AACT 0.950 0.969 0.089 0.945 0.843 0.924 0.945 0911 0.935
PF4+AACT+CEA 0.957 0.976 0.092 0.937 0.849 0.927 0.937 0.908 0.932
PF4+AACT+
0.960 0.979 0.084 0.942 0.867 0.935 0.942 0.916 0.938
CEA+CA199




79
80  Table S6. Diagnostic performances of train set, test set, and external set through
81  the EVs-related model.

Classification

Models AUC PRAUC Sensitivity Specificity Precision  Recall ~ Accuracy  F1 score
error

The EVs-related model 0.960 0.979 0.084 0.942 0.867 0.935 0.942 0.916 0.938
Test set (CRC vs HC) 0.963 0.975 0.117 0.944 0.795 0.869 0.944 0.883 0.905
Test set (Stage I-1l CRC

0.905 0.841 0.198 0.820 0.795 0.641 0.820 0.802 0.719
vs HC)
Train set (CRC vs BCD) 0.985 0.996 0.058 0.979 0.787 0.950 0.979 0.942 0.965
Test set (CRC vs BCD) 0.936 0.973 0.102 0.944 0.764 0.921 0.944 0.898 0.933
External set (CRC vs

0.895 0.921 0.190 0.959 0.567 0.783 0.959 0.810 0.862
HC)
External set (CRC vs

0.855 0.928 0.186 0.959 0.476 0.810 0.959 0.814 0.879
Enteritis)
External set (CRC vs

0.848 0.919 0.194 0.959 0.478 0.797 0.959 0.806 0.870

Hepatitis B)

82
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