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Abstract

Therapeutic strategies targeting “tumor-educated platelets” (TEPs) and platelet–tumor inter-
actions by key signaling pathways (ITAM, P2Y12) may reduce metastasis and cancer. Using
a TEP gene expression dataset originally created to study swarm intelligence-enhanced
detection of lung cancer cells (GSE89843), we did perform extensive transcriptome analysis
to integrate these data with directed protein–protein interactions and build a TEP-specific
signaling network. We analyze network topology and controllability and identify critical
and indispensable nodes, as well as high-weight, usually high-score nodes. We reconstruct
(pharmacological) controllable subnetworks of TEP signaling, which we then explore for
drugs targets. We found 111 upregulated and 108 downregulated genes compared to con-
trol platelets, enriched in pathways related to extracellular matrix interactions, cytoskeleton
organization, immune signaling, and platelet activation. Ribosomal function, apoptosis,
and immune signaling were among the downregulated processes, highlighting unique TEP
profiles in non-small-cell lung cancer (NSCLC). Our integrative analysis of TEPs in NSCLC
reveals key transcriptional and network-based alterations harmful for the cancer patient.
Using four complementary strategies, we identified five high-confidence genes (Gene sym-
bols always given throughout the paper), ITGA2B, FLNA, GRB2, FCGR2A, and APP, as
central to TEP signaling. These can be targeted by FDA-approved drugs. Fostamatinib,
an SYK inhibitor, emerged as the top candidate drug to disrupt ITAM-mediated platelet
activation selectively; metastasis-promoting metalloprotease and cytoskeletal targets in-
fluencing adhesion were also identified. A low-dose combination therapy of fostamatinib,
Aducanumab, and acetylsalicylic acid (aspirin) may control TEP effects. In conclusion,
our preclinical in silico approach revealed FDA-approved drugs that allow therapeutic
targeting of metastasis-promoting TEPs and target NSCLC at the same time.

Keywords: tumor-educated platelets (TEP); signaling; ITAM; P2Y12; cancer; non-small cell
lung cancer (NSCLC)
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1. Introduction
Armand Trousseau was the first (in 1865) to observe the connection between cancer

and platelets [1]. This discovery was followed by many others who advanced the under-
standing of the relationship between platelets and cancer [2–6]. What is now referred to as
“Trousseau’s syndrome” describes increased incidence and severity of thrombotic events
with increased cancer progression, sometimes even detected before the cancer diagno-
sis [7–12]. However, this relationship is also observed vice versa, in which higher cancer
progression and metastasis is observed with increased platelet numbers/activity [13].

The effect of tumor cells on platelets can be via activities such as promoting platelet pro-
duction [4,14], changing platelet transcriptomes and proteomes [15–17], or by changing platelet
signaling and activity (review in [18]). These are collectively designated as “platelet education”.

One of the main mechanisms of platelet education is the transfer and storage of tumor-
associated factors (proteins, DNA, or RNA) into platelets [19–21], which are then carried to
dormant tumors at distant sites, aiding angiogenesis and preparing the pre-metastatic niche [22,23].

A second mechanism of platelet education involves platelet RNA processing and
production [24]. Although anucleate, platelets can still synthesize proteins in response to
various signals [25]. This occurs through differential splicing and alternative splicing of
pre-RNA to mRNA [26], as well as alterations directly within the gene expression profile of
megakaryocytes [17,24]. Alterations in the noncoding RNAs have also been observed in
platelets during cancer [27–31]. It is still unclear whether these changes affect platelet gene
expression and contribute to their platelet education by tumor cells.

Tumor cells can activate platelets directly by molecules on the tumor cell sur-
face [32–35] or those released by tumor cells [35–37], leading to tumor cell-induced platelet
aggregation (TCIPA) [38], which is observed in several cancer types, including lung [37],
ovarian, pancreatic, and breast cancer [39]. Indirectly, cancer cells can lead to platelet acti-
vation by interacting with other cells in the tumor microenvironment, including inducing
formation of NETs [40,41] and activating the granulocytes [42].

In return, activated platelets contribute to cancer progression in multiple ways [18], promot-
ing tumor cell proliferation by releasing growth factors, cytokines, and pro- and anti-angiogenic
molecules [23,40,43–47], shielding them from immune responses [36,40–42,48,49], inducing
epithelial–mesenchymal transition (EMT) [40,50], protecting them from shear stress in the blood-
stream, supporting tumor cell adhesion to endothelium [40,41,51–53], establishing metastatic
sites [32,41,42,54], and enabling tumor cell extravasation to the metastasis site [40,51,55–59].

The relationship between platelets and cancer can be explored as various therapeu-
tic opportunities. Increased platelet counts are often observed in cancer patients [60],
suggesting that platelets could be used for diagnostics [61], as well as to monitor cancer
progression and treatment response. Beyond diagnostics, platelets can also be utilized
directly for cancer treatment, either as drug delivery systems or as therapeutic targets [62].
Use of anti-platelet agents for cancer therapy can be beneficial in two ways. First, they can
be utilized to target the interactions between cancer cells and platelets. The platelet–tumor
crosstalk is mediated through direct cellular contact, activation of cell surface receptors,
release of soluble proteins, and shedding of microparticles [40]. Targeting platelet–cancer
cell interactions aim to disrupt the protective role that platelets play in shielding tumor
cells from immune detection and facilitating metastasis [63,64]. By interfering with the
mechanisms that cancer cells use to activate and aggregate platelets, this approach could
potentially reduce the spread of circulating tumor cells, enhancing the effectiveness of
existing cancer treatments.

Moreover, targeting platelet signaling pathways that contribute to cancer progression,
such as those involved in inflammation and thrombosis, offers another therapeutic avenue.
Drugs like acetylsalicylic acid (aspirin), which inhibits cyclooxygenase-1 (COX-1), have
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shown promise in reducing the risk of certain cancers, such as colorectal cancer [63–67].
Other anti-platelet agents such as P2Y12 inhibitor ticagrelor [41,50,68] and antibodies against
integrin αIIbβ3 [69,70] were shown to have anti-metastatic effects. This approach may
provide a broad-spectrum effect by reducing risk of thrombotic complications that arise
from sustained activation of platelets [71–73], and by slowing down cancer progression
and metastasis and thereby improving patient outcomes. However, the long-term use of
anti-platelet drugs comes with an increased risk of bleeding, and their efficacy may vary
depending on the cancer type and stage. Inhibiting platelet kinases may at the same time
also target cancer-promoting kinases in cancer cells. Bearing these complex relationships in
mind, further research is required to determine the optimal regime of anti-platelet therapies
implied by our basic target options from our network analysis [74].

To identify anti-platelet therapeutic options targeting regulated platelet signaling in
cancer, we performed transcriptome analysis of experimental data from a unique gene ex-
pression dataset on tumor-educated platelets, GEO dataset GSE89843 [75]. This dataset was
created to study swarm intelligence-enhanced detection of non-small cell lung cancer using
tumor-educated platelets [75], but the transcriptome data was not yet analyzed. Moreover,
we integrated experimental information from OmniPath database [76] regarding the implied
protein–protein interactions. This combination of experimental validated data allowed us to
construct a TEP-specific signaling network. Network topology and controllability analysis
identified key proteins essential to TEP signaling. We reconstructed controllable subnet-
works and explored potential drug targets, revealing genes associated with platelet activation,
immune signaling, and cytoskeleton organization. Screening these subnetworks identified
several FDA-approved drugs. Fostamatinib, a SYK inhibitor controlling platelet hyperactiv-
ity [77,78], emerged again as a top candidate drug, as it controls and disrupts the wide-spread
ITAM-mediated platelet activation. However, metastasis-promoting metalloprotease and
cytoskeletal targets influencing adhesion were also identified as important targets. In con-
clusion, our approach revealed FDA-approved drugs that allow therapeutic targeting of
metastasis-promoting TEPs and target NSCLC at the same time.

2. Results
2.1. RNA Profiles of Tumor-Educated Platelets in NSCLC

We compared the gene expression profile in platelets from NSCLC patients to platelets
from non-cancer donors. A total of 60% of the donors with no known cancer were classified
as healthy, and 40% were diagnosed with inflammatory conditions (Figure 1A, Table S1).
We found 111 upregulated and 108 downregulated genes in tumor-educated platelets
(TEPs) compared to platelets from a non-cancer condition (Figure 1A, ).

Figure 1. Differential Gene Expression Analysis of TEPs in NSCLC patients reveal key genes in
metastasis promotion. (A) Top 30 upregulated (red) and downregulated (blue) genes in TEPs in
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NSCLC patients. (grey = Log2FoldChange < 0.5, black = Log2FoldChange < 0.5 & adj.p-value > 0.05 )
(B) Relationship between the expression of DEGs in different conditions. (C) Gene Set Enrichment
Analysis of NSCLC-TEPs showing activated and suppressed KEGG pathways. MS: multiple sclerosis,
PulHyp: pulmonary hypertension, StableAP: stable angina pectoris, NSCLC: non-small-cell lung
cancer, ChrPanc: chronic pancreatitis, nsAth: non-significant atherosclerosis, UnstableAP: unstable
angina pectoris.

Gene expression of the differentially expressed genes in chronic pancreatitis (ChrPanc)
appeared to be the most similar condition to NSCLC in terms of expression profiles of
the DEGs. While platelets of multiple sclerosis (MS) patients showed a profile similar to
healthy patients, followed by epilepsy patients, patients with pulmonary hypertension
(PulHyp), and stable angina pectoris (stableAP), DEG profiles of platelets from patients
with unstable angina pectoris (unstableAP) and non-significant atherosclerosis (nsAth)
appeared to be the most diverse when compared to the rest of the samples (Figure 1B).

Upregulated genes were predominantly involved in KEGG pathways associated with
ECM–receptor interaction, focal adhesion, metabolism of taurine, biosynthesis of mucins,
signaling pathways of calcium, PPAR, cAMP and MAPKs, and insulin secretion. Conversely,
downregulated genes were enriched in immune-related pathways such as T-cell and B-
cell signaling, NF-κB signaling, and antigen processing, as well as apoptosis, TCA cycle
and oxidative phosphorylation, and ribosome- and spliceosome-related pathways. These
findings highlight a shift in platelet function in NSCLC, favoring pro-adhesive and ECM-
remodeling activities while downregulating immune-associated signaling. (Figure 1C).

Gene enrichment analysis using Gene Ontology Biological Process Terms and Reac-
tome Pathways also highlighted similar pathways associated with apoptosis, B- and T-cell
signaling, NF-KB signaling, translation and post-translational processes, and DNA repair
as downregulated. Upregulation of pathways and processes associated with cell–cell or
cell—-ECM interaction, ECM organization, and cytoskeleton continued to be consistently
observed (Figure S1, Datasheets S2–S4).

In summary, our findings indicate that TEPs exhibit increased gene expression of
genes associated with cell–cell interactions, extracellular matrix (ECM) dynamics, platelet
activation, and cytoskeleton organization. Conversely, genes related to ribosomal functions,
apoptosis, and immune processes, particularly those involving MHC class II and B and
T-cell signaling, are downregulated. These results highlight the altered cellular processes in
TEPs and provide insight into their potential role in cancer.

2.2. Therapeutic Target Discovery Based on Transcriptome Data

Using this gene expression dataset, we employed four complementary strategies to
identify potential therapeutic targets. The first two strategies are solely based on differential
gene expression, while the latter two integrated network-based analyses to enhance target
selection. To ensure that the regulated pathways were NSCLC-specific, we performed
k-means clustering of the differentially expressed genes (DEGs), separating patients with
inflammatory conditions from healthy donors. This resulted in nine distinct modules
based on different gene expression profiles across different sample groups (Figure 2A).
These clusters are called modules in the remaining paper. They denote all genes with a
similar gene expression profile but also imply resulting different protein-protein interaction
networks participating each in a specific set of pathways (Figure 2B). Among these, four
modules (1, 3, 7 and 8) were upregulated in TEPs from NSCLC compared to healthy samples
and enriched in processes related to protein stability, platelet activation, metabolism, and
cytoskeleton. In contrast, modules 2, 5, and 9 were downregulated and associated with
processes related to ribosome, apoptosis, cell surface, DNA binding, metabolism, infection,
and MHC class II complex (Figure 2B).
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Figure 2. Gene Expression Profile of TEPs in NSCLC compared to the profile of control patients with
other disease entities. (A) Hierarchical clustering of the differentially expressed genes according to
disease for all different patient groups and data contained in GSE89843. Vertical black boxes mark
cancer (NSCLC) and healthy control. Horizontal boxes mark protein-protein interaction networks
(“modules”) with the most upregulated genes in NSCLC (modules 1, 3, 7, and 8). (B) Combined
overrepresentation analysis of Gene Ontology (GO) molecular function. Module membership (mod-
ules ranging from 1-4 and 7-9) indicated by purple and green in different shades. In addition, we
show cellular compartment, biological process as well as KEGG and REACTOME pathways in each
module (vertical modules, numbered from 1 to 9 as in (A), module colors are matching).

Module 1 was associated with nucleic acid and protein homeostasis as indicated
by the overrepresented Gene Ontology Molecular Function terms (GO:MF) such as ATP-
dependent chaperone, disaggregating activity, and DNA/RNA- and G-quadruplex-binding
terms (Figure 2B). Among the genes-encoding proteins involved in these processes, we
found drug targets like calcium voltage-gated channel subunit alpha1 D (CACNA1D),
peroxisome proliferator activated receptor alpha (PPARA), lysophosphatidic acid receptor
4 (LPAR4), and malic enzyme 2 (ME2) (Table 1).

Table 1. Drug targets in the upregulated modules in TEPs.

Target Name 1 Description Drugs 2 Module

CACNA1D calcium voltage-gated channel subunit
alpha1 D

Ergocalciferol, Enflurane, Ranolazine,
Phenytoin, Isradipine, Topiramate,

Nimodipine, Nisoldipine,
Spironolactone, Nicardipine,

Magnesium sulfate, Verapamil,
Levomenthol, Ethanol, Felodipine,

Miconazole, Nifedipine, Amiodarone,
Dronedarone, Clevidipine,

Levamlodipine, Fish oil

1

PPARA peroxisome proliferator-activated
receptor alpha

Valproic acid, Indomethacin,
Rosiglitazone, Fenoprofen, Fenofibrate,
Ibuprofen, Amiodarone, Gemfibrozil,
Prasterone, Palmitic Acid, Soybean oil,

Fenofibric acid, Fish oil

1
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Table 1. Cont.

Target Name 1 Description Drugs 2 Module

LPAR4 lysophosphatidic acid receptor 4 Promethazine 1

ME2 malic enzyme 2 NADH 1

MAOB monoamine oxidase B

Amphetamine, Phentermine, Procaine,
Tranylcypromine, Phenelzine,

Zonisamide, Selegiline, Pioglitazone,
Procarbazine, Isocarboxazid,

Rasagiline, Metamfetamine, Flavin
adenine dinucleotide, Safinamide,

Viloxazine, Flortaucipir F-18

3

FCGR2A Fc gamma receptor IIa

Cetuximab, Etanercept, Human
immunoglobulin G, Abciximab,
Alemtuzumab, Bevacizumab,

Sarilumab

3

SMPD1 sphingomyelin phosphodiesterase 1 Amlodipine, Chlorpromazine,
Desipramine 3

GSTM3 glutathione S-transferase mu 3 Glutathione disulfide, Deoxycholic acid 3

ITGA2B integrin subunit alpha 2b Abciximab, Tirofiban 3

CA1 carbonic anhydrase 1

Topiramate, Chlorthalidone,
Amlodipine, Methocarbamol,

Bendroflumethiazide, Methazolamide,
Hydroflumethiazide, Acetazolamide,

Dorzolamide, Chlorothiazide,
Zonisamide, Diclofenamide,

Brinzolamide, Sodium sulfate

7

HBA1 hemoglobin subunit alpha 1

Iron Dextran, Nitrous acid, Copper,
Sodium ferric gluconate complex,
Ferric pyrophosphate citrate, Zinc

acetate, Ferrous fumarate, Zinc
chloride, Voxelotor, Ferric

derisomaltose

7

SEC14L2 SEC14-like lipid binding 2 Vitamin E 7

ALAS2 5′-aminolevulinate synthase 2 Glycine 7

ATOX1 antioxidant 1 copper chaperone Cisplatin 8

MAP1A Microtubule-associated protein 1A Estramustine 8

1 FDA-approved drugs from Drugbank v5.1.12. 2 Only upregulated module genes are targeted.

Genes in the high platelet activation-mediating module 3 were mostly upregulated
in platelets from NSCLC patients and this module was the only module associated with
many platelet-related REACTOME pathways like “Hemostasis”, “Platelet activation, sig-
naling, and aggregation”, “Platelet degranulation”, and “Response to elevated platelet
cytosolic Ca2+” (Figure 2B). In module 3, we found genes coding for monoamine oxi-
dase B (MAOB), Fc gamma receptor IIa (FCGR2A), sphingomyelin phosphodiesterase 1
(SMPD1), glutathione S-transferase mu 3 (GSTM3), and integrin subunit alpha 2b (ITGA2B)
as potential drug targets (Table 1). Apart from platelet pathways, the only other GO term
overrepresented in this module was “Regulation of IGF and transport and uptake by IGF-
BPs”, and we found insulin-like growth factor-binding protein 2 (IGFBP2), Laminin subunit
beta-2 (LAMB2), interstitial collagenase (MMP1), and sulfhydryl oxidase 1 (QSOX1) being
involved in this process (Table S2); however, no FDA-approved drugs were found targeting
these proteins. This pathway also appeared among enriched Reactome pathways in cancer
(R-HSA-381426, Datasheet S4).

Module 7 was predominantly associated with the metabolic adaptations in TEPs with
overrepresentation of relevant KEGG and REACTOME pathways, as well as GO:MF and
GO:CC terms (Figure 2B). We identified several druggable targets in this metabolic module,
namely, carbonic anhydrase 1 (CA1), hemoglobin subunit alpha 1 (HBA1), SEC14 like lipid
binding 2 (SEC14L2), and 5′-aminolevulinate synthase 2 (ALAS2) (Table 1).

Lastly, module 8 included genes involved in cytoskeletal remodeling of platelets,
especially the spectrin and actin cytoskeleton (Figure 2B). This cytoskeletal module was
enriched in GO terms associated with supramolecular fiber organization, cytoskeletal
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protein binding, and structural integrity of the platelet cytoskeleton. Among these genes,
we identified antioxidant 1 copper chaperone (ATOX1), and microtubule-associated protein
1A (MAP1A) as potential drug targets (Table 1).

We identified four upregulated gene modules in NSCLC-derived TEPs: protein home-
ostasis (Module 1), platelet activation (Module 3), metabolism (Module 7), and cytoskeletal
remodeling (Module 8). Each module contained potential drug targets, including CACNA1D,
FCGR2A, ITGA2B, CA1, and ATOX1, highlighting key pathways for therapeutic exploration.

Building on the hierarchical clustering approach, we further examined the top up-
regulated REACTOME pathways (normalized enrichment score (NES) of at least 2, see
Section 4), identified in gene set enrichment analysis (GSEA) to refine the selection of poten-
tial drug targets. Pathways related to extracellular matrix (ECM) remodeling, cell adhesion,
and insulin signaling were among the most prominently enriched, indicating platelets’
contribution to cancer beyond their signaling. Given their functional relevance and overlap
with KEGG and Gene Ontology categories, we prioritized druggable targets within these
pathways (Table 2). Prevention of thrombosis, inflammation, as well as application of
drugs targeting platelet hyperactivity, and at the same time the cancer cells directly (e.g.,
proliferation or metastasis targeting metalloproteases and cytoskeleton) are particularly
beneficial for the patient.

Table 2. Drug targets in the upregulated REACTOME pathways in TEPs.

ID Description Drug Targets

R-HSA-445095 Interaction between L1 and ankyrins

SCN1A (sodium channel protein type 1 subunit alpha),
SCN2A (sodium channel protein type 2 subunit alpha),
SCN9A (sodium channel protein type 9 subunit alpha),
SCN3A (sodium channel protein type 3 subunit alpha),
SCN11A (sodium channel protein type 11 subunit alpha),
SCN8A (sodium channel protein type 8 subunit alpha),
SCN1B (sodium channel regulatory subunit beta-1),
SCN3B (sodium channel regulatory subunit beta-3)

R-HSA-3000178 ECM proteoglycans

APP (amyloid-beta precursor protein),
FN1 (fibronectin),
HAPLN1 (hyaluronan and proteoglycan link protein 1),
HSPG2 (basement membrane-specific heparan sulfate
proteoglycan core protein),
ITGA2B (integrin alpha-IIb)

R-HAS-1474228 Degradation of the extracellular matrix

ELN (elastin),
FBN2 (fibrillin-2),
FN1 (fibronectin),
HSPG2 (basement membrane-specific heparan sulfate
proteoglycan core protein),
NID1 (nidogen-1),
PLG (plasminogen)

R-HSA-446728 Cell junction organization
CDH11 (cadherin-11),
FLNA (filamin-A),
TESK1 (dual specificity testis-specific protein kinase 1)

R-HSA-381426 Regulation of fIGF transport and uptake by IGFBPs

APP (amyloid-beta precursor protein),
CP (ceruloplasmin),
F5 (coagulation factor V),
FN1 (fibronectin),
ITIH2 (inter-alpha-trypsin inhibitor heavy chain H2),
PLG (plasminogen),
SERPIND1 (heparin cofactor 2)

R-HSA-5173105 O-linked glycosylation MUC16 (mucin-16)

R-HSA-1474290 Collagen formation

P3H2 (prolyl 3-hydroxylase 2),
P4HB (protein disulfide-isomerase),
PLOD1 (procollagen-lysine,2-oxoglutarate 5-dioxygenase 1),
PLOD2 (procollagen-lysine,2-oxoglutarate 5-dioxygenase 2)

R-HSA-1592389 Activation of matrix metalloproteinases no FDA-approved drugs found.

Several proteins involved in ECM remodeling and adhesion were identified as poten-
tial therapeutic targets. Fibronectin (FN1) was highly represented in multiple pathways,
including ECM proteoglycans and insulin-like growth factor (IGF) regulation, and is tar-
getable by zinc-based compounds. Similarly, amyloid-beta precursor protein (APP) was
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enriched in ECM-associated processes and IGF transport, with known inhibitors such as
deferoxamine and aducanumab. Plasminogen (PLG), which plays a role in ECM degrada-
tion and IGF transport, is targeted by fibrinolytic agents including, alteplase and urokinase
among others. Basement membrane proteoglycan HSPG2 is another key component of
ECM pathways and can be inhibited by palifermin and efanesoctocog alfa. Additionally,
inter-alpha-trypsin inhibitor heavy chain H2 (ITIH2), present in IGF-related processes, is
modulated by zinc acetate and zinc chloride.

Several additional pathway-linked targets were identified. Multiple sodium channel
protein subunits (SCN genes) were significantly enriched in L1-ankyrin interactions and
are known targets of brivaracetam, ranolazine, and cocaine. Proteins involved in cell
junction organization, such as cadherin-11 (CDH11) and filamin A (FLNA), are targetable
by celecoxib and artenimol, respectively. Moreover, collagen biosynthesis proteins (P3H2,
PLOD1, PLOD2) were identified and can be modulated by ascorbic acid. Finally, coagulation
factor V (F5), found in IGF regulatory pathways, is targetable by drotrecogin alfa and
thrombin-based therapies (Datasheet S5).

These findings highlight key platelet-associated pathways in NSCLC and identify
potential drug targets within ECM remodeling, adhesion, and insulin signaling.

In summary, these transcriptome-based findings provide an initial step in identi-
fying potential therapeutic targets in NSCLC. While the clustering approach revealed
platelet-intrinsic regulatory modules, GSEA uncovered globally enriched pathways in
TEPs, representing broader systemic alterations in platelets in NSCLC. A more integrated
perspective considering platelet interactions, pathway networks, and cancer cell targeting
could further enhance the understanding and clinical relevance of these targets.

2.3. Therapeutic Target Discovery Based on Network Controllability

To have a broader view into platelet function in NSCLC, we first reconstructed the
platelet signaling network using high-quality, directed, and signed interactions from Om-
niPath [76], which provides a comprehensive representation of key pathways involved
in platelet function. This network consists of 962 interactions among 401 platelet-specific
proteins, capturing essential signaling processes such as platelet activation, receptor tyro-
sine kinase signaling, and Rho GTPase signaling. Pathway enrichment analysis further
highlights its strong representation of immune-related pathways and cytoskeletal regula-
tion, reinforcing its biological relevance (Figure S2). The detailed construction and analysis
of this network, along with its implications for platelet signaling, are presented in the
Supplementary Text.

Our next step focused on analyzing the platelet network to determine its controllability,
a key factor in understanding how to effectively manipulate the network, in other words, to
be able to steer the network from any initial state to any desired final state through external
interventions. To achieve this, we first identified critical nodes: nodes that are necessary
for network control. These critical nodes are present in every MDS, meaning that they
are necessary for modulating this network’s behavior. Our analysis revealed 86 critical
nodes within the network. In addition, we identified 196 intermittent nodes that play a
supporting role in network modulation and 119 redundant nodes, whose presence is not
necessary for the network since alternative pathways exist.

Next, we analyzed the network to classify nodes according to their indispensability.
Indispensable nodes are essential for signal transduction through the network; removing
these nodes significantly hampers the ability to control the network. We found that the
network contains 62 indispensable nodes. In contrast, we identified 127 neutral nodes,
which have a moderate impact on control when removed, and 212 dispensable nodes,
whose removal has little to no effect on the network’s overall controllability (Figure 3A).
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Figure 3. Network controllability analysis reveals key proteins to target in TEPs. (A) We show
indispensable nodes (yellow) and critical nodes (blue) in the platelet network. (B) Comparison
of controllability, degree, betweenness centrality, and logarithm of fold change (logFC) between
indispensable and critical nodes. The statistical comparisons are made using the Mann–Whitney U
test (Wilcoxon rank sum test).

To further understand the roles of critical and indispensable nodes within the platelet
network, we compared their controllability and topological measures. Critical nodes are
consistently included in the Minimum Steering Node Set (MSS), which is a subset of the
Minimal Driver Sets (MDSs). Additionally, they show significantly higher control capacity.
In contrast, indispensable nodes have a control capacity of zero and are not included in the
MSS. On the other hand, indispensable nodes show a slightly higher average control centrality
of 73.5 compared to the average control centrality of 69.3 for critical nodes (Figure 3B).
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Topologically, the differences between these two types of nodes are also pronounced.
Indispensable nodes have significantly higher values in various measures including degree
(number of connections), closeness centrality, betweenness centrality, stress, and clustering
coefficients. They also play a key role as partners in multi-edge node pairs. In contrast,
critical nodes show higher eccentricity and average shortest path length (Figure S3). Critical
nodes also have zero incoming interactions, and slightly lower neighborhood connectivity
in comparison to indispensable nodes (Figure S4).

Interestingly, there is no significant difference between the average expression levels
and log2FC values of critical and indispensable nodes (Figure 3B). This implies that the
observed differences between these node types are not attributed to the inherent expression
or differential expression of these nodes but rather stem from their distinct roles and
functional positions within the network.

These findings underscore the distinct roles that critical and indispensable nodes play
in the platelet network. While critical nodes are essential for network control, indispensable
nodes contribute significantly to the network’s structural properties and connectivity.

To identify the most regulated and targetable regions of platelet signaling in NSCLC,
we constructed a central TEP subnetwork by calculating edge weights based on the fold
changes and mapping the shortest paths from critical to indispensable nodes. This resulted
in a focused subnetwork of 188 nodes and 501 interactions (Figure 4), representing the key
dysregulated platelet functions in the tumor environment.

Figure 4. Central TEP subnetwork in the platelet signaling with key nodes and drugs to target them.
The central TEP network was constructed by identifying shortest paths from critical to indispensable
nodes targeted by FDA-approved drugs. Blue: critical, yellow: indispensable, gray: intermediate,
purple: drugs.
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To enhance specificity and safety of therapeutic options, we identified the indispens-
able nodes in this central TEP. With this approach, we aimed to narrow down the targetable
space to those nodes that are more specifically involved in TEP functions, potentially
offering a more precise and less risky therapeutic strategy.

Among the 22 indispensable nodes we identified in the central TEP subnetwork, 16 are
known drug targets, which can be targeted by a total of 75 drugs. Top drugs targeting most
indispensable nodes included fostamatinib, minocycline, and acetylsalicylic acid (Table 3).
The top targets included were carbonic anhydrase 2 (CA2), amyloid-beta precursor protein
(APP), and tyrosine-protein Janus kinase 2 (JAK2).

Table 3. FDA-approved drugs targeting the reanalyzed indispensable nodes in the controllable Subnetwork.

Drug Name 1 Number of Targets Targets 2

Fostamatinib 5 CAMK1, JAK2, MAPK14, PRKCD, PTK2
Minocycline 4 CASP3, MAPK1, MAPK14, MAPK3
Acetylsalicylic acid 3 CASP3, MAPK1, MAPK3
Arsenic trioxide 3 MAPK3, MAPK1, AKT1
Copper 3 APP, GAPDH, HSP90AA1
Benzoyl peroxide 2 PRKCA, PRKCD
Dequalinium * 2 PRKCA, PRKCD
Ingenol mebutate 2 PRKCD, PRKCA
Tamoxifen 2 PRKCA, PRKCD
Abrocitinib 1 JAK2

1 FDA-approved drugs from Drugbank v5.1.12. 2 Only reanalyzed indispensable nodes are targeted. * Other-approved.

To prioritize clinically actionable therapies, we filtered for FDA-approved drugs and
known pharmacological action to ensure clinical applicability. Of the 75 drugs initially
identified, only 54 met this criterion. Among the indispensable nodes, there were no
FDA-approved drugs with a known mechanism of action and a non-interacting profile
for PRKCA, GAPDH, HSP90AA1, AKT1, GRB2, and ITGB1. We provide a list of drugs
in the Supplementary Materials (Datasheet) that can target these nodes as their implied
function in TEP signaling; these non-FDA-approved drugs are an important lead for later
drug development, targeting in this way both TEP’s contribution metastasis, as well as
direct metastatic potential in tumor cells.

To identify the most effective drug combination targeting indispensable nodes, we
filtered for drugs with no interaction risk with fostamatinib. We then ranked combinations
based on (1) number of indispensable targets covered, (2) target inhibition strength [79],
and (3) control metrics of the targets within the network (e.g., control centrality, edge count,
and betweenness centrality).

Fostamatinib emerged as the most promising agent, strongly inhibiting JAK2, PTK2,
and CAMK1 (details in Supplemental Text). Aducanumab was selected for its specificity
against APP, and Acetylsalicylic acid for targeting CASP3, both targets consistently ranking
high in network influence.

While other drugs like minocycline and acetazolamide were considered, they either
had weaker evidence or added to regimen complexity (details in Supplemental Text). By
refining based on network metrics and drug interaction profiles, we propose the final,
optimized combination of fostamatinib, aducanumab, and acetylsalicylic acid (aspirin) as a
clinically actionable, multi-target strategy designed to modulate platelet hyperactivity and
inflammation in cancer.

2.4. Expanded Platelet Interactome Reveals Novel Targetable Nodes

To enhance the platelet network analysis, we incorporated all available protein–protein
interactions rather than restricting the dataset to signed and directed reactions from the
Omnipath database. Filtering specific interactions can increase specificity but also carries
the risk of overlooking potentially important correlations. By including all interactions, we
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reconstructed a more comprehensive platelet network encompassing 1638 interactions among
600 platelet proteins, approximately 1.5 times larger than the initial platelet signaling network.

To prioritize key proteins, we first assigned node weights based on both differen-
tial expression and network connectivity. The top 10% highest-weighted nodes (55 in
total) included proto-oncogene tyrosine-protein kinase Src (SRC) as the most connected
protein, followed by protein kinase C alpha (PRKCA), tyrosine-protein kinase Lyn (LYN),
signal transducer and activator of transcription 1 (STAT1), and phosphoinositide-3-kinase
regulatory subunit 1 (PIK3R1) (Table S3, Datasheet S7).

We then applied a second proximity-based scoring method designed for undirected
networks, which ranked nodes by their closeness to high-weight nodes [80] (Table 4). The
highest-scoring protein was phosphatidylinositol 3,4,5-trisphosphate 5-phosphatase 1 (known
as SHIP1 or INPP5D), followed by 1-phosphatidylinositol 4,5-bisphosphate phosphodiesterase
gamma-2 (PLCG2) and E3 ubiquitin-protein ligase CBL (CBL), indicating their central roles in
the expanded network (Table S4). This approach uncovered new potential drug targets, such
as low-affinity immunoglobulin gamma Fc region receptor II-a (FCGR2A), P2Y purinoceptor
12 (P2RY12), tyrosine-protein kinase Tec (TEC), peptidyl-prolyl cis-trans isomerase A (PPIA),
tyrosine-protein kinase CSK (CSK), phosphatidylinositol-4,5-bisphosphate 3-kinase catalytic
subunit beta (PIK3CB), tubulin alpha-4A chain (TUBA4A), integrin alpha-5 (ITGA5), and
tyrosine-protein phosphatase non-receptor type 6 (PTPN6) (Datasheet S8).

Table 4. Targetable high-score nodes in platelet interactome.

Drug Name 1 Degree Log2FC Weight Gene Score Drugs 2

LYN 48 −0.24 11.34 0.48 Dasatinib, Bosutinib, Ponatinib,
Nintedanib, Fostamatinib

JAK1 21 -- 0 0.47

Ruxolitinib, Tofacitinib,
Momelotinib, Baricitinib,
Fostamatinib, Fedratinib,
Filgotinib, Abrocitinib,
Upadacitinib, Pralsetinib

FCGR2A 4 0.68 2.71 0.46

Cetuximab, Etanercept, Human
immunoglobulin G, Abciximab,
Alemtuzumab, Bevacizumab,
Catumaxomab, Sarilumab

TEC 10 0.25 2.47 0.46 Bosutinib, Fostamatinib,
Ritlecitinib, Zanubrutinib

TUBA4A 1 −0.13 0.13 0.45 Vincristine, Podofilox

PTPN6 29 −0.09 2.73 0.45 Tiludronic acid

SYK 37 −0.1 3.84 0.45 Fostamatinib

ITGA5 5 -- 0 0.45 Tauroursodeoxycholic acid

GRB2 37 -- 0 0.45 Pegademase

JAK3 16 0.45 7.3 0.44

Ruxolitinib, Tofacitinib,
Momelotinib, Baricitinib,
Fostamatinib, Ritlecitinib,
Abrocitinib, Zanubrutinib

P2RY12 1 −0.49 0.49 0.44

Ticlopidine, Treprostinil,
Clopidogrel, Promethazine,
Epoprostenol, Prasugrel,
Cangrelor, Ticagrelor

BTK 19 −0.271 5.08 0.44

Dasatinib, Ibrutinib,
Acalabrutinib, Fostamatinib,
Ritlecitinib, Zanubrutinib,
Pirtobrutinib

PPIA 1 -- 0 0.44 Cyclosporine, Copper, Artenimol
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Table 4. Cont.

Drug Name 1 Degree Log2FC Weight Gene Score Drugs 2

PIK3CB 1 0.13 0.13 0.44 Caffeine, Copanlisib

CSK 18 0.11 1.95 0.44 Dasatinib, Fostamatinib

PTK2B 37 0.18 6.76 0.44 Leflunomide, Fostamatinib

1 FDA-approved drugs from Drugbank v5.1.12. 2 Only high-score nodes are targeted.

Among the high-score nodes, tyrosine-protein kinase JAK1 (JAK1) emerged as the
most targetable, with ten FDA-approved drugs (according to DrugBank [81]) including
ruxolitinib, tofacitinib, and baricitinib. Low-affinity immunoglobulin gamma Fc region
receptor II-a (FCGR2A) was also highly targetable, with drugs such as cetuximab, beva-
cizumab, and etanercept. Similarly, tyrosine-protein kinase JAK3 (JAK3) was associated
with multiple inhibitors, including ruxolitinib, filgotinib, and upadacitinib, while P2Y
purinoceptor 12 (P2RY12) was targeted by ticagrelor, clopidogrel, and prasugrel. Notably,
tyrosine-protein kinase BTK (BTK) was another promising target, with inhibitors such as
ibrutinib, acalabrutinib, and zanubrutinib.

In conclusion, combining the results of new transcriptome data on tumor-educated
platelets and combining it with latest proteome and protein interaction data, as well as
applying a complementary prioritization approach revealed novel key nodes active in TEPs
that are tumor -and metastasis-promoting, which, according to our results, are active in
NSCLC lung cancer and we can now influence by FDA-approved drugs.

Several of the targetable genes identified are well-known players in normal hemostasis,
such as P2RY12 Lyn, Syk, Jak1, Jak3 and FCGR2A. Others are more involved in cytoskeletal
signaling, such as PIK3CB and BTK. New targets suggested here involving more exclusively
cytoskeletal signaling are TUBA4A, ITGA5 and PPIA. Nevertheless, the network nodes are
tightly connected and there is a certain overlap between all signaling networks in the platelet.

To validate the TEP targets from our study by independent new experimental datasets,
we looked at the expression pattern for our reported genes in two other gene expression
datasets, GSE183635 and GSE207586 (Datasheets S11 and S12). The log fold changes and,
thus, the rankings among all the DEGs are almost the same for each of the found key genes
ITGA2B, FLNA, GRB2, FCGR2A, and APP across all three datasets, confirming that these
are consistently differentially expressed in NSCLC vs. healthy/non-cancer. As these are
independent studies, findings here from these data show comparable results; this is a strong
validation of our findings, in particular, regarding the expression of ITGA2B, FLNA, GRB2,
FCGR2A, and APP as novel findings in these datasets.

In the transition to TEPs and to become cancer-promoting, first, proliferative acting
transcription factors must be switched on. Several examples for transcription factors signif-
icantly upregulated in TEPs and not in normal platelets are apparent (see Supplementary
Datasheet); for instance, BTBD7P1 (BTB/POZ domain-containing protein 7; dataset DS1,
line 60) which is upregulated 0.91 logarithm of fold change (logFC) in TEP compared to
normal platelets. It acts as a mediator of epithelial dynamics and organ branching by pro-
moting cleft progression and its expression in TEPs close to the tumor, if released (e.g., by
activating the TEPs) is likely to promote tumor progression. Another example is ZSCAN30
(see Dataset S1, line 16, zinc finger and SCAN domain-containing protein 30) upregulated
0.20 logFC in TEP compared to normal platelets.

Showing even more differences in TEPs compared to normal platelets, several zinc
finger transcription factors such as ZNRF2 (zinc and ring finger 2; Dataset S1, line 35)
are downregulated. These TEP-specific transcription factors should already be active in
megakaryocytes and stimulate a differentiation program different from normal platelet
differentiation there.
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The general tumor-educated platelet-targets and FDA-approved drugs targeting them
and involved in hemostasis and cytoskeletal signaling are expected to hold for cancers in
general, while the more NSCLC TEP-specific ones (e.g., FLNA and APP) could be more
NSCLC-specific, for instance, not featuring in TEPs from pancreatic cancer [82].

To explore this, we looked at two further datasets (see Supplementary Datasheets S13 and S14):

- Datasheet S13 analyzes another TEP cohort (GSE68086; Best et al.) comparing breast
cancer vs healthy. Results mirror our findings, with our top genes (ITGA2B, FLNA,
GRB2, FCGR2A, APP) among the highest-ranking DEGs (|log2FC| ≈ 2–3).

- Datasheet S14 reuses the same GEO cohort (GSE183635) to compare pancreatic cancer
with healthy controls. Our genes appeared again with very similar differential expression
(often with slightly higher logFC), both across datasets and relative to each other.

The logFCs and placements among all the DEGs are only overall similar. These are
shown in detail in Table 5 with the ranking of five key genes in the four datasets given,
comparing two NSCLC datasets versus pancreatic and breast cancer. Though the ranking
is of course not identical in the different datasets, the ranking of the genes in the three
different datasets is broadly comparable among the top-ranked genes ITGA2B, FLNA,
GRB2, FCGR2A, and APP. Except for a single outlying GRB2 value, the expression change
is consistently significant and differs from controls across all four datasets, with effect sizes
(fold changes vs. control) generally of similar magnitude. (see Table 5).

Table 5. Key TEP gene expression comparison over four datasets.

Gene GSE89843
(NSCLC)

GSE183635
(NSCLC)

GSE68086
(Pancreatic

Cancer)

GSE183635
(Breast Cancer) Values

ITGA2B 0.728134021 0.4243767 2.073708 0.6252545 LogFC 1

1.40 × 10−29 2.20 × 10−4 1.25 × 10−13 1.72 × 10−3 adj.p-value 2

142/14545 3458/14608 2598/14784 407/17851 DEG ranking 3

FLNA 0.808899158 0.354511 3.144132 0.7036141 LogFC
1.22 × 10−31 7.92 × 10−4 1.43 × 10−21 1.48 × 10−4 adj.p-value
102/14545 5047/14608 409/14784 247/17851 DEG ranking

GRB2 0.030350283 −0.1527763 1.188885 0.229971 LogFC
Not significant 3.79 × 10−2 7.34 × 10−11 1.15 × 10−1 adj.p-value
Not among top 10092/14608 5890/14784 5659/17851 DEG ranking

FCGR2A 0.786305852 0.8687625 1.745807 0.633244 LogFC
4.03 × 10−19 1.21 × 10−24 1.62 × 10−12 1.95 × 10−6 adj.p-value
118/14545 159/14608 3523/14784 387/17851 DEG ranking

APP 0.336303527 0.2051573 1.344015 0.4870745 LogFC
5.93 × 10−8 2.23 × 10−2 3.48 × 10−13 4.25 × 10−3 adj.p-value
2257/14545 8645/14608 5126/14784 992/17851 DEG ranking

1 LogFC = logarithm of fold change; 2 adj.p-value = multiple testing corrected adjusted p-value;
3 DEG ranking = differential gene expression ranking.

However, as there is clearly some variation among the datasets regarding the values
and ranking, more data and further analyses are required to evaluate our top gene sugges-
tions for targeting TEPs including data from different cancers, to allow further and more
firm conclusions.

3. Discussion
Unlike physiological platelet activation triggered by vascular injury, tumor cell-

induced platelet aggregation (TCIPA) is mediated by tumor-secreted factors such as co-
agulation and growth factors, and matrix metalloproteases [36,42]. This tumor-specific
signaling presents a therapeutic opportunity to target tumor-educated platelets (TEPs)
without disrupting normal platelet function [18].
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Integration of the gene expression data with protein–protein interaction information
allowed us to build a TEP-specific signaling network. Analyzing the network topology
and controllability, we highlighted important proteins to this signaling, e.g., critical and
indispensable nodes, high-weight and high-score nodes. These nodes revealed potential
drug targets, and fostamatinib came up as the top-ranking with the broadest effect on the
central TEP subnetwork.

The original authors (Best et al.) of the GSE dataset had an interesting agenda: “Swarm
Intelligence-Enhanced Detection of Non-Small-Cell Lung Cancer Using Tumor-Educated
Platelets”. Their study primarily analyzed RNA splicing events and identified differentially
spliced transcripts in platelets from cancer patients using the thromboSeq method. They
further focused on enhancing this approach with a particle swarm optimization (PSO)
algorithm. However, their analysis was limited to splicing-related changes and did not
include a detailed pathway analysis of platelet-pathophysiology. Instead, we directly
investigated how TEP transcriptome differs from non-cancer platelets and activation.

Transcriptome comparisons revealed the highest similarity between TEPs and platelets
from chronic pancreatitis patients, suggesting overlapping inflammatory signatures. However,
to isolate cancer-specific signals, we pooled all non-cancer samples as controls. Among
the most upregulated transcripts were several previously reported TEP biomarkers (e.g.,
ITGA2B (integrin alpha 2ß) [83], CD79 (B-cell antigen receptor complex) [84,85], PRSS50
(serine protease 50) [86], CRYM (crystallin mu; also known as THBP (NADP-regulated thyroid-
hormone-binding protein)) [86], IGFBP2 (insulin-like growth factor-binding protein 2) [86,87],
LGALS3BP (galectin 3 binding protein) [87], IFITM3 (interferon-induced transmembrane
protein 3) [87], HPSE (heparanase) [87], LAMB2 (laminin subunit beta 2) [86], IFI27 (interferon
alpha inducible protein 27) [87]). A notable novel finding was PSG2 (Pregnancy-Specific
Beta-1-Glycoprotein 2), a gene typically expressed in pregnancy [88] regulating immune
response [89,90]. It was upregulated in certain cancers [91,92] but not previously detected
in platelets. It has been noted that cancers exploit pregnancy-induced immunosuppression,
which allows embryos and fetuses to express paternal antigens and still evade immune
defense [93]. Its strong upregulation in TEPs, as well as lack of evidence to its presence in
platelets, suggests tumor-derived RNA uptake, potentially supporting metastasis.

GSEA using Gene Ontology, Reactome Pathways, and KEGG databases revealed down-
regulation of RNA splicing and translation, as well as antigen processing and presentation,
B- and T-cell receptor signaling, apoptosis, NF-κB signaling, antigen processing, apoptosis,
TCA cycle, and oxidative phosphorylation, while we consistently observed upregulation of
cell–cell or cell–ECM interaction, ECM organization, and cytoskeleton associated processes
(Figure 1B). This finding aligns with decreased gene expression observed in lung cancer
TEPs [15]. Additionally, Best et al. also identified cytoskeletal processes as upregulated,
and RNA translation, T cell immunity, and interleukin signaling as downregulated in TEPs
from NSCLC, as well as from glioblastoma, colorectal, pancreatic, hepatobiliary, and breast
cancers [85].

Tumor-educated platelets (TEPs) showed transcriptional changes, indicating adhe-
sive interactions, potentially with tumor cells and the vasculature, could promote in this
combination metastasis. A key finding was the significant upregulation of ITGA2B, a
subunit of the platelet-specific αIIbβ3 integrin complex. This integrin mediates platelet
aggregation and binds to ECM proteins such as fibrinogen, von Willebrand factor (VWF),
and fibronectin, all mildly upregulated in TEPs. These interactions facilitate tumor–platelet
bridging via fibrinogen and αVβ3 on tumor cells [53,94,95], enhancing shear resistance
and vascular adhesion representing key steps in extravasation [95,96]. Furthermore, we ob-
served upregulation of other platelet surface proteins like glycoproteins, including GP1BB
(glycoprotein Ib platelet subunit beta), GPNMB (glycoprotein nonmetastatic melanoma
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protein B), GPM6A (glycoprotein M6A), and GPM6B (glycoprotein M6B), as well as PAPLN
(papilin; proteoglycan-like sulfated glycoprotein), RHBG (Rh family B glycoprotein), SV2B
(synaptic vesicle glycoprotein 2B), MOG (myelin oligodendrocyte glycoprotein), and PSG
(pregnancy-specific glycoprotein) 1, 2, 4, 6, 9, and 11 (Figure S5).

TEPs showed increased expression of genes related to focal adhesion (KEGG hsa04510);
proteins DOCK1 (dedicator of cytokinesis protein 1), LAMB2 (laminin subunit beta-2
protein), ITGA2B (integrin alpha 2ß), MYL9 (myosin light chain 9), FLNA (filamin A), and
ECM–receptor interactions (map hsa04512; LAMB2, ITGA2B).

Conversely, key immune-related genes such as CXCL8 (interleukin-8) were downreg-
ulated in TEPs. It is involved in neutrophil recruitment and angiogenesis [97–99], but its
suppression may reflect tumor strategies to evade immune surveillance [100]. Gene Set
Enrichment Analysis revealed consistent downregulation of RNA processing, immune
signaling (T- and B-cell receptor pathways), and metabolism, while genes related to cy-
toskeletal remodeling and ECM interactions were upregulated—hallmarks of platelet
activation and tumor interaction.

In our analysis of the platelet transcriptome in NSCLC, we observed downregulation of
genes encoding several cell surface proteins in TEPs, contradicting increased cell adhesion
processes. However, we mostly found downregulation of cell surface proteins related to
immune signaling here. CD79B is a component of the B-cell antigen receptor complex,
CD79, and plays a critical role in B-cell signaling. It has been identified as an oncogenic
driver in lung adenocarcinoma [101] and is included among the eleven genes suggested
by Best et al. [85] as biomarkers and then tested by Goswami et al. [84] for the TEPs to
diagnose NSCLC. Both CD79A and CD79B are also part of the downregulated gene set of
the KEGG pathway “B-cell receptor signaling” (Figure S6). We also found CD8A along with
CD8B, CD3D, and CD247 in the downregulated “T-cell receptor signaling” KEGG pathway
in our enrichment analysis (Figure S6). Additionally, CXCR1 is a chemokine receptor, and
the effect of platelets on T-cell CXCR1 has been shown to be immunosuppressive [102]. We
observed CXCR1 in “Viral protein interaction with cytokine and cytokine receptor” KEGG
pathway in GSEA (Figure S6).

In metastatic vs. primary cancer comparison (Datasheet S9), we found platelet-derived
growth factor subunit A (PDGFA) upregulated (0.67). It was also slightly upregulated in
NSCLC-TEPs when directly compared to healthy donors with no existing health condition
(0.33) (Datasheet S10). PDGF is both pro-angiogenic and pro-metastatic [103] and increased
PDGF secretion from platelets may be the distinguishing factor aiding the transition from
primary tumor to metastatic tumor. Increased levels of PDGF, along with TGFβ and MMP1,
was shown to result from platelets taking up mRNA and proteins that are secreted by
tumors [22,23].

TEPs are enriched in IGF-related pathways (Figure S7), particularly the REACTOME
pathway for “IGF transport and uptake via IGF binding proteins (IGFBPs)”, highlighting a
potential role in cancer progression. IGF-1 enhances platelet activation through the IGF
receptor/IRS/PI3K/PKB pathway [104], contributing to cancer-associated hypercoagu-
lability [105] and metastasis [106]. Autocrine IGF-1 may further drive tumor-mediated
platelet “education,” with cancer signals altering RNA splicing to increase IGF-related
transcripts [106].

A key mediator is IGFBP2, upregulated in several cancers and involved in processes
such as EMT, angiogenesis, and invasion via β-catenin and STAT2 signaling, contributing to
the malignancy [107]. It promotes platelet-mediated cancer cell communication, particularly
in MACC1-driven colorectal cancer metastasis [108,109]. IGFBP2 upregulation is further
associated with increased metastasis, larger tumors, and poor survival in NSCLC [109–111],
while enhancing gefitinib resistance through STAT2 signaling [112]. IGFBP2 can be released
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from platelets upon activation, leading to the modulation of IGF signaling in the tumor mi-
croenvironment [108] which suggests a role as a functional mediator as well as a biomarker
for disease progression.

3.1. Targeting Tumor-Educated Platelet Signaling

TEPs have emerged as key facilitators of cancer progression, immune evasion, and
metastasis. To identify potential therapeutic targets within TEPs, we employed four com-
plementary strategies, integrating transcriptomic profiling with network-based systems
biology approaches.

In the following, we show that our suggestions of targets and FDA-approved drugs to
positively influence TEPs are supported by the literature.

The first two strategies focused exclusively on the gene expression data. These analyses
identified ITGA2B and FLNA consistently upregulated and functionally relevant in platelet
signaling and cancer-associated thrombosis. Both genes are critical to platelet structure and
activation and represent targets of FDA-approved therapies.

Inhibitors of αIIbβ3 integrin were shown to decrease TCIPA and ECM degradation
by tumor cells [94], and colonization of tumor cells in the lungs [70]. Moreover, the strong
expression levels of ITGA2B were found to be significantly higher in TEPs from NSCLC
patients, and its use as a diagnostic marker proved to have high sensitivity and specificity,
making it a promising marker to diagnose early-stage NSCLC [83].

To expand beyond expression changes and capture the complexity of protein in-
teractions, we implemented two network-based approaches. In the third strategy, we
applied network controllability analysis, identifying optimal intervention points that could
efficiently modulate TEP signaling. This approach prioritized a drug combination of fosta-
matinib, aducanumab, and acetylsalicylic acid, targeting JAK2, PTK2, and CAMK1; APP;
and CASP3, respectively.

The fourth strategy involved a network proximity-based scoring method to rank genes
by their closeness to high-weight nodes within the platelet–cancer interaction network.
Both network-based strategies independently highlighted GRB2, a central adaptor in
multiple platelet activation pathways, including ITAM signaling, as a potential therapeutic
bottleneck [113,114].

Across all methods, we observed convergence on FCGR2A and APP as key targets,
supporting their robust involvement in cancer–platelet signaling. APP, known for its role
in amyloid-β processing, also contributes to platelet-mediated thrombus formation and is
targetable via monoclonal antibodies such as aducanumab [115].

FCGR2A can be engaged by tumor cell-derived IgG/immune complexes to facilitate
platelet activation via ITAM signaling [35]. Importantly, FcγRIIA and αIIbβ3 (ITGA2B)
are canonical platelet activation routes and in this context, FcγRIIA signals through ITAM
adaptors, whereas αIIbβ3 mediates outside-in integrin signaling; GRB2 functions as a
shared adaptor across multiple pathways [116]. FCGR2A-dependent activation has been
implicated to mediate immuno-thrombosis across multiple cancers via interacting with
the platelet integrin αIIbβ3, though not yet in NSCLC [35,116]. Studies have shown that
blocking FCGR2A or knocking down IgG in various cancers, including hepatocellular
carcinoma (HCC), cervical, and bladder cancers, reduces platelet activation and subsequent
metastasis [35]. Similarly, in colon, prostate, and breast cancers, interference with FCGR2A
has proven effective in limiting platelet activation [34]. However, the role of FCGR2A in
NSCLC remains unexplored. Targeting cancer-derived IgG or blocking FCGR2A could
potentially hinder TEP-mediated metastasis and may offer a novel therapeutic strategy
for inhibiting cancer-induced platelet activation while minimizing disruption to normal
hemostatic processes.
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Taken together, our integrative strategy revealed ITGA2B, FLNA, GRB2, FCGR2A,
and APP as high-confidence, FDA-targetable candidates that intersect cancer-associated
platelet education with pro-metastatic platelet signaling.

The ranking of the five genes, is of course, not identical in the four different datasets
compared in Table 5; however, the overall values, effect size (log FC) and placement among
top-ranked genes are generally the same (with one value for GRB2 being an exception).
Given the typical error from such gene expression measurements, it is completely sufficient
to pick these specific genes as potentially strong mediators of TEP effects for further
investigation in other datasets and targeted experiments testing gene effects (e.g., by
knocking one of the five genes out).

Importantly, several targets (e.g., GRB2, FCGR2A) are involved in ITAM signaling, which
governs immune receptor-driven platelet activation. Selectively disrupting this pathway may
suppress TEP-mediated cancer progression while preserving physiological hemostasis.

Along with the targeted therapeutic strategies focusing on specific platelet pro-
teins, most of which proved to be useful targets in anti-platelet and anti-metastatic ther-
apy [41,63–74,117–120], we looked at the bigger picture using a more comprehensive strat-
egy by investigating the TEP signaling regulated by cancer-employing networks. Across
network-based strategies, fostamatinib frequently emerged as a top drug target, as well
as in our previous study on platelet hyperactivation in COVID-19 [77]. Although we
identified multiple targets of fostamatinib in our networks, it is important to note that it
does not inhibit all targets equally, as indicated by varying inhibition constants (Ki) [79].
Through its primary target Syk, it inhibits the ITAM signaling pathways downstream of
GPVI, CLEC-2, and FCGR2A [121–123]. These three receptors were also shown to be the
primary ways tumor cells activate platelets, different from physiological conditions, where
platelet activation starts with adhesion receptors [32–34,124]. Note: these receptors are not
tumor-specific modes of engagement—they are used by other activators as well. Further-
more, it has been reported that both liver cancer [35] and SARS-CoV-2 [125,126] activate
platelets by IgG binding to the FCGR2A receptor. This suggests that receptors of ITAM
signaling are promising drug targets for managing both infection-related coagulopathy
and cancer-associated thrombosis. In particular, inhibiting GPVI was shown to inhibit
thrombosis with no major impact on hemostasis, making it a potential anti-thrombotic and
anti-metastatic therapeutic option [32].

Furthermore, we suggest a combination therapy of fostamatinib, aducanumab, and
aspirin, tailored to selectively target TEP activity instead of only using fostamatinib. As they
do not interfere with each other and act independently with different biological targets (see
Supplementary Text), this allows a safer low-dose regime for administering the combination.

Fostamatinib has already been shown to be a safe and effective therapeutic agent
against primary and secondary immune thrombocytopenia (ITP) [127]. Besides the anti-
thrombotic features, it demonstrated anti-cancer activities in multiple in vitro studies,
inhibiting various molecules and pathways such as receptor tyrosine kinases, PI3K-AKT
pathway, and immune checkpoints PD-L1 and CD47, decreasing cell proliferation and
inducing apoptosis in different cancers, including NSCLC and AML [128,129]. These results
were also supported by multiple phase I and phase II clinical trials targeting different
carcinomas such as NSCLC, advanced colorectal, platinum-resistant ovarian, thyroid, and
renal cell carcinoma [78,130].

Aspirin has long been known to show anti-platelet activity mainly via the inhibition
of COX-1 pathway and reducing thromboxane A2 formation, and thus, has been effective
against inflammation-induced platelet aggregation [131–133]. It was also suggested to
have a protective effect against multiple cancer types, including colorectal, prostate, and
pancreatic cancers as well as lymphomas [134]. A recent study revealed anti-metastatic
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properties of aspirin via the inhibition of COX-1-TXA2 pathway and releasing T-cells from
the TXA2-mediated and intrinsic ARHGEF1-dependent immunosuppression, leading to
decrease in metastatic rates [135]. When used in combination, the anti-thrombotic and
anti-metastatic properties of fostamatinib and aspirin might be boosted as the safety of
such a combination was previously assessed positively [122]. Aducanumab has not yet
been tested for any effect regarding platelets or cancer; however, it might be a valuable
addition against one of the consistently emerging key proteins, APP, that aducanumab was
shown to effectively target [136].

Based on these observations, the potential of fostamatinib against platelet hyperac-
tivation in inflammatory contexts is strongly supported. As the next steps, experiments
to assess the effects of fostamatinib on the other targets that we identified can help refine
our networks and followingly our understanding of their impact. Additionally, measuring
fostamatinib’s impact directly on platelet function in platelets derived from NSCLC patients
would further reinforce its anti-metastatic use, while in the context of COVID-19, it has
already been shown to reverse platelet hyperactivity [123]. It is important to note that
using drugs with broader effects on TEP signaling may have drawbacks, including the
possibility of unknown side effects that could lead to bleeding complications. Therefore,
future work should focus on functional validation of these targets, particularly in NSCLC,
and assessment of therapeutic combinations in preclinical models.

3.2. Limitations and Outlook

To gain a broader understanding of the cancer side of the platelet–cancer loop, recon-
struction of the NSCLC large-scale networks can help identify the significant modules when
combined with gene expression or proteomics data. Additionally, as we demonstrated in
the analysis of the platelet signaling, network analysis including centrality and controllabil-
ity measures can assist in identifying key targets that are central to pro-metastatic functions.
Our data suggest that the results are robust in different NSCLC datasets and the key target
genes identified (ITGA2B, FLNA, GRB2, FCGR2A, and APP, etc.) seem to also be strongly
expressed in the breast cancer and pancreatic cancer datasets we analyzed. This is quite
promising but needs more detailed investigation to be sure.

Further investigation of platelets’ role in metastasis requires drawing a more specific
picture. For this, although more challenging than large-scale analysis, integration of newly
found important platelets protein and their simulation may be helpful. Furthermore, a
complete annotation of platelet proteins such as receptor, surface, or secreted proteins,
etc., can help to identify important surface proteins. These can be then investigated for
their interaction partners on cancer cell surface via analyzing domain–domain interactions,
domain–motif interactions, and using machine learning approaches.

Lastly, investigating the indirect role of platelets in cancer through interactions with
other cell types may help us understand their functions in a bigger context, including
interactions with endothelial cells to promote angiogenesis or natural killer cells to inhibit
their cytotoxicity or macrophages to induce their differentiation to M2 phenotype, all of
which constitute an important aspect of platelets’ role in metastasis.

Mammalian platelets evolved to be highly efficient in hemostasis and immune defense,
offering survival advantages through rapid response to injury; however, this efficiency
carries an evolutionary tradeoff, which is particularly evident under chronic inflammatory
conditions that now drive high rates of thrombotic disorders in humans [137]. With ad-
vances in medicine significantly increasing life expectancy since the 19th century [138,139],
infectious diseases have become less prevalent, shifting major health burdens toward
aging-related conditions like cardiovascular disease and cancer [140]. As a result, platelet
hyperactivity has emerged as a central factor in these diseases, as well as in acute infec-
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tions such as COVID-19 [141–143]. The very mechanisms that once ensured survival are
now co-opted by cancers, which mimic chronic wounds [144] and perpetuate a cycle of
inflammation and platelet activation [145], fostering disease progression through thrombo-
inflammation. Thus, our drug screening approach, while directly targeting TEPs, also
potentially disrupts pro-metastatic tumor cell behaviors and coagulation-promoting kinase
activity, stressing a dual therapeutic benefit.

4. Materials and Methods
Overview on used software and Databases

Softwares and algorithms Ref. Source Identifier

conda 24.3.0 [146] https://docs.anaconda.com/
cowplot 1.1.3 [147] https://CRAN.R-project.org/package=cowplot
CytoCtrlAnalyzer [148] https://apps.cytoscape.org/apps/cytoctrlanalyser
Cytoscape 3.10.2 [149] https://cytoscape.org/
Cytoscape Omnipath [150] https://apps.cytoscape.org/apps/omnipath

DEFormats 1.30.0 [151]
https://bioconductor.org/packages/release/bioc/
html/DEFormats.html

DESeq2 1.42.1 [152]
https://bioconductor.org/packages/release/bioc/
html/DESeq2.html

edgeR 4.0.16 [153]
https://bioconductor.org/packages/release/bioc/
html/edgeR.html

Enhancedvolcano 1.20.0 [154]
https://bioconductor.org/packages/release/bioc/
html/EnhancedVolcano.html

EnsDb.Hsapiens.v86 2.99.0 [155]
https://bioconductor.org/packages/release/data/
annotation/html/EnsDb.Hsapiens.v86.html

fastp 0.23.4 [156] https://anaconda.org/bioconda/fastp
FastQC 0.12.1 [157] https://anaconda.org/bioconda/fastqc
ggplot2 3.5.1 [158] https://CRAN.R-project.org/package=ggplot2
ggpubr 0.6.0 [159] https://CRAN.R-project.org/package=ggpubr
ggraph 2.2.1 [160] https://CRAN.R-project.org/package=ggraph

glmGamPoi 1.14.3 [161]
https://bioconductor.org/packages/release/bioc/
html/glmGamPoi.html

gprofiler2 0.2.3 [162] https://CRAN.R-project.org/package=gprofiler2
gt 0.11.0 [163] https://CRAN.R-project.org/package=gt
igraph 2.0.3 [164] https://CRAN.R-project.org/package=igraph
kallisto 0.50.1 [165] https://anaconda.org/bioconda/kallisto

limma 3.58.1 [166]
https://bioconductor.org/packages/release/bioc/
html/limma.html

MetBrewer 0.2.0 [167] https://CRAN.R-project.org/package=MetBrewer
MultiQC 1.22.2 [168] https://anaconda.org/bioconda/multiqc

OmniPathR 3.10.1 [169]
https://bioconductor.org/packages/release/bioc/
html/OmnipathR.html

org.Hs.eg.db 3.18.0 [170]
https://bioconductor.org/packages/release/data/
annotation/html/org.Hs.eg.db.html

pheatmap 1.0.12 [171] https://CRAN.R-project.org/package=pheatmap
plotly 4.10.4 [172] https://github.com/plotly/plotly.R
R 4.3.0 (2023-04-21)—“Already Tomorrow” N/A https://cran.r-project.org/

rhdf5 2.46.1 [173]
https://www.bioconductor.org/packages/release/
bioc/html/rhdf5.html

RStudio 2024.04.2+764 (2024.04.2+764) [174] https://posit.co/download/rstudio-desktop/

RUVSeq 1.36.0 [175]
https://bioconductor.org/packages/release/bioc/
html/RUVSeq.html

SANTA 2.38.0 [80]
https://bioconductor.org/packages/release/bioc/
html/SANTA.html

tidyverse 2.0.0 [176]
https://cran.r-project.org/web/packages/
tidyverse/index.html

tximport 1.30.0 [177]
https://bioconductor.org/packages/release/bioc/
html/tximport.html

swamp 1.5.1 [178] https://CRAN.R-project.org/package=swamp

Databases

Drugbank 5.0 [81] https://go.drugbank.com/

Scripts for all the analyses can be found at https://github.com/ozgeosmanoglu/Platelet_NSCLC. All source identifiers verified on 28 October 2025.

4.1. RNAseq Data Analysis

We downloaded 779 samples (826 SRA files/runs) from ENA Bioproject ID: PR-
JNA353588, GSE89843 [75]. The samples included 402 tumor-educated platelet (TEP)
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samples from patients with non-small-cell lung cancer (NSCLC) and 377 platelet sam-
ples from donors without cancer, some with inflammatory conditions. The samples were
sequenced on Illumina Hiseq 2500 platform. The quality control of the fastq files was
evaluated with FastQC [157] and fastp [156]. Fastp was also used to trim adapters and
low-quality reads. After trimming, we indexed human GRCh38 cDNA/transcriptome with
kallisto index and performed pseudoalignment and quantification of the reads with kallisto
quant function [165].

4.2. Differential Gene Expression Analysis and Data Normalization

Kallisto output files with counts for each sample were imported in Rstudio with
tximport [177]. We first collapsed technical replicates (collapseReplicates from DESeq2)
and removed one sample from PISA hospital (GSM2391029). Lowly expressed genes
were filtered by using filterByExpr from edgeR (min.count = 10, design = ~class, min.
group size = 376). We performed variance-stabilizing transformation (vst from DESeq2) to
explore the data with principal component analysis (PCA). We removed two outliers we
observed in PCA plots (GSM2390915 and GSM2627443). Next, we checked for unwanted
variation (UV) in the data using RUVg from RUVSeq. For this, we generated a list of
stable (empirical) genes. We fit a Gamma–Poisson generalized linear model to the filtered
data and ran a likelihood ratio test (LRT) to find genes that do not have changes in their
expression across different levels of the experimental conditions (~class). We then defined
the empirical genes as the genes with log2FC between −0.05 and 0.05 and with adjusted
p-values larger than 0.05. We ended up with 1491 genes as empirical genes and using
this list, we performed RUV with k = 5. We included the 5 UV factors in the design
matrix alongside the condition of interest (~class: non-cancer vs. NSCLC) and performed
differential expression (DE) analysis with limma-voom and edgeR. Genes that have log2FC
values smaller than −0.58 and larger than 0.58 adjusted p-values smaller than 0.05 were
classified as differentially expressed genes.

4.3. Volcano Plots and Heatmaps

We used EnhancedVolcano R package version 1.20.0 to make the volcano plots of
all the genes. Differentially expressed genes were colored blue if downregulated, red if
upregulated, black if significant, and gray if not significant.

For the heatmaps, we used pheatmap and scaling was performed row-wise (to
obtain z-scores).

4.4. Gene Set Enrichment Analysis

We used ClusterProfiler version 4.10.1 for the Gene Set Enrichment Analysis (GSEA)
and used enrichGO, enrichKEGG functions for Gene Ontology and KEGG Pathways. For
Reactome Pathways, the gsePathway function from ReactomePA R package version 1.54.0
was used. p-values were corrected for multiple testing using Benjamini–Hochberg.

4.5. Clustering of DEGs

We used k-means clustering with k = 9 (number of modules) to cluster DEGs. We sep-
arated the non-cancer class into subgroups and ended up with 9 groups: NSCLC, Healthy,
Chronic Pancreatitis, Epilepsy, Multiple Sclerosis (MS), Non-significant (NS) atherosclerosis,
Pulmonary Hypertension, Stable Angina Pectoris (AP), and Unstable Angina Pectoris (AP).
We used Pearson correlation to cluster the rows and Spearman correlation for samples. For
each module, we then performed functional enrichment analysis using the gost function
from gprofiler2 package to find overrepresented Gene Ontology (GO) terms, KEGG, and
REACTOME pathways. We visualized the top 5 overrepresented pathways for each module
using ggplot2.
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4.6. Construction of Platelet Signaling Network

We began by importing all post-translational interactions using the OmnipathR version
3.10.1 [169] package in R. To ensure data quality, we filtered out low-quality interactions
and kept only directed and signed interactions that were supported by a curation effort of
at least 3 [76]. This quality control step significantly reduced the number of interactions
from 134,282 to 12,963.

Next, we constructed the platelet signaling network by filtering the high-quality
Omnipath interactions based on gene and protein expression specific to platelets. We
selected nodes with an average expression (average log2fold expression for the probe over
all arrays and channels in limma:topTable) of at least 1 (25th percentile, also defined as first
quartile) in the RNA-sequencing dataset or those detected in the two proteomics datasets
(unpublished, details in Supplement Materials). We then predicted interactions based on
the regulation of the nodes involved by multiplying their respective log2FC values. We
used only the log2FCs of significant genes, as the regulation of non-significant genes could
be misleading; for these, we assigned NA. If the product of this multiplication was positive,
the interaction was classified as “activation”; if negative, it was classified as “inhibition.”
We then compared these predicted interactions to the actual interaction types from the
Omnipath database. Interactions where the predicted and actual types were contradictory
were removed from the network, and the nodes that were not connected with the rest of
the network were removed, resulting in the largest connected component of the platelet
network containing 962 interactions among 401 platelet proteins.

From this platelet network, we further extracted a subnetwork focused on differentially
expressed genes (DEGs). We isolated the interactions involving the 219 DEGs and removed
any interactions that contradicted the predicted interaction type, as previously described.
This process yielded a DEG network consisting of 23 nodes and 31 interactions.

Pathway Overrepresentation Analysis was performed using gProfiler Cytoscape plugin.
p-values were adjusted using g:SCS algorithm and whole human genome was used as background.

4.7. Network Controllability and Subnetworks

We identified the nodes that are topologically important for the controllability of the
platelet network: indispensable nodes, and critical nodes.

To identify the minimum driver node sets (MDSs) in the reconstructed networks,
we implemented the concept of controllability and used Maximum Matching (MM), a
graph theory-based approach for network analysis [148]. Then, using the identified MDSs,
we utilized the node classification schemes recommended by Vinayagam et al. [179], i.e.,
indispensable, neutral, and dispensable, and Jia et al. [180], i.e., critical, intermittent, and
redundant, to identify the key nodes in the network for controllability and targeting.

To obtain the controllable subnetworks, we first calculated edge weight between nodes
i and j as follows:

Wij =
1∣∣log2FCi ∗ log2FCj

∣∣ (1)

A lower edge weight signifies a more important edge, where the interacting nodes
exhibit higher relative fold changes between two conditions. Using these edge weights,
we identified the shortest paths from critical nodes to indispensable nodes by applying
Dijkstra’s algorithm (igraph::shortest_paths) and constructed the controllable subspace.

4.8. Gene Scores and Subnetworks

We first assigned node weights to each node in the platelet network using the multi-
plication of degree and log2FC. For nodes that were not significantly regulated, we used
log2FC value of 1 × 10−6. High-weight genes are the ones that are then highly connected
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and regulated. Then, using these high-weight genes, we assigned gene scores to nodes that
are connected to them with shortest path.

Knode
i [s] =

2
p ∑

j
(pj − p)I(dg (i, j) ≤ s) (2)

where pj represents the weight of node j and p is the average node weight, and
I(dg (i, j) ≤ s) is an identity function that equals 1 when node I and node j are within
a distance s, and 0 otherwise (SANTA::Knode) [80]. We then obtained controllable sub-
spaces by combining the shortest paths between the top 10% of the high-gene-scored nodes
and the top 10% high-weight nodes. Since the node classification is already based on
differential regulation, we did not use edge weights.

4.9. Drug Repurposing

We downloaded all FDA-approved drugs and their targets from Drugbank 5.1.12. We
searched for all drugs that target the critical nodes (or the high-gene-score nodes) in the
controllable subspace and visualized it with R ggraph. Drug interactions were obtained
from Drugbank and drugs.com.

5. Conclusions
Tumor-educated platelets (TEPs) display a cancer-specific transcriptional program

distinct from physiological activation. In this study, we investigated TEPs in non-small-
cell lung cancer (NSCLC) to uncover potential therapeutic vulnerabilities that could curb
metastasis without impairing physiological hemostasis. Analyzing an exceptional, recent
large-scale transcriptome dataset focusing on TEPs, and complementing it with further
recent transcriptome data-sets and the latest data on protein–protein interactions, we give
pathways, molecular markers, and target TEPs pharmacologically in a novel, beneficial
way which, after appropriate clinical testing, should find its way into the clinical setting.

Pathways: Transcriptomic analysis of latest TEP data revealed that genes for adhe-
sion, ECM-receptor interactions, and cytoskeletal remodeling are upregulated, whereas
RNA processing, antigen presentation, lymphocyte receptor signaling, and core metabolic
pathways are suppressed.

Molecular markers: Alongside established TEP biomarkers (ITGA2B, IGFBP2), PSG2
indicates tumor-derived RNA uptake. PDGF/IGF signaling may potentiate platelet activa-
tion and pro-metastatic crosstalk. In this platelet state primed for tumor binding, vascular
adhesion, and metastatic assistance, central platelet subnetworks involve the ITAM-SYK
hyperactivation core (FCGR2A, SYK, GRB2) with JAK2, CAMK1, and PTK2 as potential
intervention points; a cytoskeleton/adhesion sub-module (ITGA2B, FLNA, MYL9, and
DOCK1), an ECM-remodeling/metalloprotease axis (MMP1, HPSE), and an apoptosis
sub-module centered around CASP3. Two approaches based solely on differential gene
expression converged on ITGA2B and FLNA, known regulators of platelet structure and
function. Network-based analyses, leveraging controllability and proximity scoring, further
highlighted GRB2 as a key signaling hub. Importantly, FCGR2A and APP were consis-
tently identified across transcriptomic and network methods, reinforcing their roles in
TEP-mediated immune evasion and thrombo-inflammatory processes.

FDA-approved drugs for mitigation: These five genes—ITGA2B, FLNA, GRB2,
FCGR2A, and APP—emerged as high-confidence, FDA-targetable candidates. Many partic-
ipate in ITAM signaling, which is uniquely co-opted by tumor cells to activate platelets,
representing an attractive avenue for targeted disruption of cancer-associated platelet ac-
tivity. We also identify metalloproteases as key promoters of metastasis and historically
challenging, yet compelling targets for therapeutic exploration. Notably, fostamatinib,
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an FDA-approved SYK inhibitor, consistently ranked as a top candidate, suggesting it
could suppress ITAM-mediated TEP activation. In light of its previous success in reversing
platelet hyperactivation in COVID-19, we propose fostamatinib, alone or in combination
with aducanumab and acetylsalicylic acid, as a potential therapeutic strategy to selectively
block cancer–platelet crosstalk. Future experimental validation in NSCLC-derived platelets
and preclinical models will be critical to assess the efficacy and safety of these targeted
interventions and to refine our understanding of TEP signaling in cancer progression.

Supplementary Materials: The following supporting information can be downloaded at https://www.
mdpi.com/article/10.3390/ijms262110780/s1. Refs. [181–187] are cited in the Supplementary Materials.
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36. Strasenburg, W.; Jóźwicki, J.; Durślewicz, J.; Kuffel, B.; Kulczyk, M.P.; Kowalewski, A.; Grzanka, D.; Drewa, T.; Adamowicz, J.
Tumor Cell-Induced Platelet Aggregation as an Emerging Therapeutic Target for Cancer Therapy. Front. Oncol. 2022, 12, 909767.
[CrossRef]

37. Heinmoller, E.; Weinel, R.J.; Heidtmann, H.H.; Salge, U.; Seitz, R.; Schmitz, I.; Müller, K.M.; Zirngibl, H. Studies on tumor-
cell-induced platelet aggregation in human lung cancer cell lines. J. Cancer Res. Clin. Oncol. 1996, 122, 735–744. [CrossRef]
[PubMed]

38. Jurasz, P.; Alonso-Escolano, D.; Radomski, M.W. Platelet-Cancer interactions: Mechanisms and pharmacology of tumour
cell-induced platelet aggregation. Br. J. Pharmacol. 2004, 143, 819–826. [CrossRef]

39. Cooke, N.M.; Egan, K.; McFadden, S.; Grogan, L.; Breathnach, O.S.; O’Leary, J.; Hennessy, B.T.; Kenny, D. Increased platelet
reactivity in patients with late-stage metastatic cancer. Cancer Med. 2013, 2, 564–570. [CrossRef]

40. Tesfamariam, B. Involvement of platelets in tumor cell metastasis. Pharmacol. Ther. 2016, 157, 112–119. [CrossRef] [PubMed]
41. Mammadova-Bach, E.; Mangin, P.; Lanza, F.; Gachet, C. Platelets in cancer. From basic research to therapeutic implications.

Hamostaseologie 2015, 35, 325–336. [CrossRef] [PubMed]
42. Palacios-Acedo, A.L.; Mège, D.; Crescence, L.; Dignat-George, F.; Dubois, C.; Panicot-Dubois, L. Platelets, Thrombo-Inflammation,

and Cancer: Collaborating with the Enemy. Front. Immunol. 2019, 10, 1805. [CrossRef]
43. Filippelli, A.; Del Gaudio, C.; Simonis, V.; Ciccone, V.; Spini, A.; Donnini, S. Scoping Review on Platelets and Tumor Angiogenesis:

Do We Need More Evidence or Better Analysis? Int. J. Mol. Sci. 2022, 23, 13401. [CrossRef] [PubMed]
44. Haemmerle, M.; Stone, R.L.; Menter, D.G.; Afshar-Kharghan, V.; Sood, A.K. The Platelet Lifeline to Cancer: Challenges and

Opportunities. Cancer Cell 2018, 33, 965–983. [CrossRef] [PubMed]
45. von Hundelshausen, P.; Koenen, R.R.; Sack, M.; Mause, S.F.; Adriaens, W.; Proudfoot, A.E.; Hackeng, T.M.; Weber, C. Heterophilic

interactions of platelet factor 4 and RANTES promote monocyte arrest on endothelium. Blood 2005, 105, 924–930. [CrossRef]
46. Ansari, M.J.; Bokov, D.; Markov, A.; Jalil, A.T.; Shalaby, M.N.; Suksatan, W.; Chupradit, S.; Al-Ghamdi, H.S.; Shomali, N.; Zamani,

A.; et al. Cancer combination therapies by angiogenesis inhibitors; a comprehensive review. Cell Commun. Signal 2022, 20, 49.
[CrossRef]

47. Pinedo, H.M.; Verheul, H.; D’Amato, R.; Folkman, J. Involvement of platelets in tumour angiogenesis? Lancet 1998, 352, 1775–1777.
[CrossRef]

48. Maurer, S.; Ferrari de Andrade, L. NK Cell Interaction with Platelets and Myeloid Cells in the Tumor Milieu. Front. Immunol.
2020, 11, 608849. [CrossRef]

49. Placke, T.; Örgel, M.; Schaller, M.; Jung, G.; Rammensee, H.-G.; Kopp, H.-G.; Salih, H.R. Platelet-derived MHC class I confers a pseudonormal
phenotype to cancer cells that subverts the antitumor reactivity of natural killer immune cells. Cancer Res. 2012, 72, 440–448. [CrossRef]

50. Plantureux, L.; Crescence, L.; Dignat-George, F.; Panicot-Dubois, L.; Dubois, C. Effects of platelets on cancer progression. Thromb.
Res. 2018, 164 (Suppl. 1), S40–S47. [CrossRef]

51. Gay, L.J.; Felding-Habermann, B. Contribution of platelets to tumour metastasis. Nat. Rev. Cancer 2011, 11, 123–134. [CrossRef]
[PubMed]

52. Erpenbeck, L.; Schon, M.P. Deadly allies: The fatal interplay between platelets and metastasizing cancer cells. Blood 2010, 115, 3427–3436.
[CrossRef]

53. Lonsdorf, A.S.; Krämer, B.F.; Fahrleitner, M.; Schönberger, T.; Gnerlich, S.; Ring, S.; Gehring, S.; Schneider, S.W.; Kruhlak, M.J.;
Meuth, S.G.; et al. Engagement of αIIbβ3 (GPIIb/IIIa) with ανβ3 integrin mediates interaction of melanoma cells with platelets:
A connection to hematogenous metastasis. J. Biol. Chem. 2012, 287, 2168–2178. [CrossRef]

54. Labelle, M.; Begum, S.; Hynes, R.O. Platelets guide the formation of early metastatic niches. Proc. Natl. Acad. Sci. USA 2014,
111, E3053–E3061. [CrossRef]

55. Foss, A.; Muñoz-Sagredo, L.; Sleeman, J.; Thiele, W. The contribution of platelets to intravascular arrest, extravasation, and
outgrowth of disseminated tumor cells. Clin. Exp. Metastasis 2020, 37, 47–67. [CrossRef]

56. Schumacher, D.; Strilic, B.; Sivaraj, K.K.; Wettschureck, N.; Offermanns, S. Platelet-derived nucleotides promote tumor-cell
transendothelial migration and metastasis via P2Y2 receptor. Cancer Cell 2013, 24, 130–137. [CrossRef]

57. Sierko, E.; Wojtukiewicz, M.Z. Inhibition of platelet function: Does it offer a chance of better cancer progression control? Semin.
Thromb. Hemost. 2007, 33, 712–721. [CrossRef] [PubMed]

58. Seizer, P.; May, A.E. Platelets and matrix metalloproteinases. Thromb. Haemost. 2013, 110, 903–909. [CrossRef] [PubMed]
59. Vlodavsky, I.; Eldor, A.; Haimovitz-Friedman, A.; Matzner, Y.; Ishai-Michaeli, R.; Lider, O.; Naparstek, Y.; Cohen, I.R.; Fuks,

Z. Expression of heparanase by platelets and circulating cells of the immune system: Possible involvement in diapedesis and
extravasation. Invasion Metastasis 1992, 12, 112–127.

60. Giannakeas, V.; Kotsopoulos, J.; Cheung, M.C.; Rosella, L.; Brooks, J.D.; Lipscombe, L.; Akbari, M.R.; Austin, P.C.; Narod, S.A.
Analysis of Platelet Count and New Cancer Diagnosis Over a 10-Year Period. JAMA Netw. Open 2022, 5, e2141633. [CrossRef]

61. Sabrkhany, S.; Kuijpers, M.J.E.; Egbrink, M.G.A.O.; Griffioen, A.W. Platelets as messengers of early-stage cancer. Cancer Metastasis
Rev. 2021, 40, 563–573. [CrossRef] [PubMed]

https://doi.org/10.3389/fonc.2022.909767
https://doi.org/10.1007/BF01209121
https://www.ncbi.nlm.nih.gov/pubmed/8954171
https://doi.org/10.1038/sj.bjp.0706013
https://doi.org/10.1002/cam4.86
https://doi.org/10.1016/j.pharmthera.2015.11.005
https://www.ncbi.nlm.nih.gov/pubmed/26615781
https://doi.org/10.5482/hamo-14-11-0065
https://www.ncbi.nlm.nih.gov/pubmed/26289826
https://doi.org/10.3389/fimmu.2019.01805
https://doi.org/10.3390/ijms232113401
https://www.ncbi.nlm.nih.gov/pubmed/36362186
https://doi.org/10.1016/j.ccell.2018.03.002
https://www.ncbi.nlm.nih.gov/pubmed/29657130
https://doi.org/10.1182/blood-2004-06-2475
https://doi.org/10.1186/s12964-022-00838-y
https://doi.org/10.1016/s0140-6736(98)05095-8
https://doi.org/10.3389/fimmu.2020.608849
https://doi.org/10.1158/0008-5472.can-11-1872
https://doi.org/10.1016/j.thromres.2018.01.035
https://doi.org/10.1038/nrc3004
https://www.ncbi.nlm.nih.gov/pubmed/21258396
https://doi.org/10.1182/blood-2009-10-247296
https://doi.org/10.1074/jbc.M111.269811
https://doi.org/10.1073/pnas.1411082111
https://doi.org/10.1007/s10585-019-10009-y
https://doi.org/10.1016/j.ccr.2013.05.008
https://doi.org/10.1055/s-2007-991540
https://www.ncbi.nlm.nih.gov/pubmed/18000800
https://doi.org/10.1160/TH13-02-0113
https://www.ncbi.nlm.nih.gov/pubmed/23864155
https://doi.org/10.1001/jamanetworkopen.2021.41633
https://doi.org/10.1007/s10555-021-09956-4
https://www.ncbi.nlm.nih.gov/pubmed/33634328


Int. J. Mol. Sci. 2025, 26, 10780 27 of 32

62. Huong, P.T.; Nguyen, L.T.; Nguyen, X.-B.; Lee, S.K.; Bach, D.-H. The Role of Platelets in the Tumor-Microenvironment and the
Drug Resistance of Cancer Cells. Cancers 2019, 11, 240. [CrossRef] [PubMed]

63. Yu, L.; Guo, Y.; Chang, Z.; Zhang, D.; Zhang, S.; Pei, H.; Pang, J.; Zhao, Z.J.; Chen, Y. Bidirectional Interaction Between Cancer
Cells and Platelets Provides Potential Strategies for Cancer Therapies. Front. Oncol. 2021, 11, 764119. [CrossRef]

64. Franco, A.T.; Corken, A.; Ware, J. Platelets at the interface of thrombosis, inflammation, and cancer. Blood 2015, 126, 582–588.
[CrossRef] [PubMed]

65. Battinelli, E.M.; Markens, B.A.; Italiano, J.E., Jr. Release of angiogenesis regulatory proteins from platelet alpha granules:
Modulation of physiologic and pathologic angiogenesis. Blood 2011, 118, 1359–1369. [CrossRef]

66. Guillem-Llobat, P.; Dovizio, M.; Bruno, A.; Ricciotti, E.; Cufino, V.; Sacco, A.; Grande, R.; Alberti, S.; Arena, V.; Cirillo, M.; et al.
Aspirin prevents colorectal cancer metastasis in mice by splitting the crosstalk between platelets and tumor cells. Oncotarget 2016,
7, 32462–32477. [CrossRef]

67. Lucotti, S.; Cerutti, C.; Soyer, M.; Gil-Bernabé, A.M.; Gomes, A.L.; Allen, P.D.; Smart, S.; Markelc, B.; Watson, K.; Armstrong, P.C.;
et al. Aspirin blocks formation of metastatic intravascular niches by inhibiting platelet-derived COX-1/thromboxane A2. J. Clin.
Investig. 2019, 129, 1845–1862. [CrossRef]

68. Gebremeskel, S.; LeVatte, T.; Liwski, R.S.; Johnston, B.; Bezuhly, M. The reversible P2Y12 inhibitor ticagrelor inhibits metastasis
and improves survival in mouse models of cancer. Int. J. Cancer 2015, 136, 234–240. [CrossRef]

69. Zhang, W.; Dang, S.; Hong, T.; Tang, J.; Fan, J.; Bu, D.; Sun, Y.; Wang, Z.; Wisniewski, T. A humanized single-chain antibody against
beta 3 integrin inhibits pulmonary metastasis by preferentially fragmenting activated platelets in the tumor microenvironment.
Blood 2012, 120, 2889–2898. [CrossRef]

70. Amirkhosravi, A.; Mousa, S.A.; Amaya, M.; Blaydes, S.; Desai, H.; Meyer, T.; Francis, J.L. Inhibition of tumor cell-induced platelet
aggregation and lung metastasis by the oral GpIIb/IIIa antagonist XV454. Thromb. Haemost. 2003, 90, 549–554.

71. Khorana, A.A.; Francis, C.W.; Culakova, E.; Kuderer, N.M.; Lyman, G.H. Thromboembolism is a leading cause of death in cancer
patients receiving outpatient chemotherapy. J. Thromb. Haemost. 2007, 5, 632–634. [CrossRef] [PubMed]

72. Riedl, J.; Preusser, M.; Nazari, P.M.S.; Posch, F.; Panzer, S.; Marosi, C.; Birner, P.; Thaler, J.; Brostjan, C.; Lötsch, D.; et al. Podoplanin
expression in primary brain tumors induces platelet aggregation and increases risk of venous thromboembolism. Blood 2017, 129, 1831–1839.
[CrossRef] [PubMed]

73. Sasano, T.; Gonzalez-Delgado, R.; Muñoz, N.M.; Carlos-Alcade, W.; Cho, M.S.; Sheth, R.A.; Sood, A.K.; Afshar-Kharghan, V.
Podoplanin promotes tumor growth, platelet aggregation, and venous thrombosis in murine models of ovarian cancer. J. Thromb.
Haemost. 2022, 20, 104–114. [CrossRef]

74. Wojtukiewicz, M.Z.; Hempel, D.; Sierko, E.; Tucker, S.C.; Honn, K.V. Antiplatelet agents for cancer treatment: A real perspective
or just an echo from the past? Cancer Metastasis Rev. 2017, 36, 305–329. [CrossRef]

75. Best, M.G.; Sol, N.; Veld, S.G.I. ‘.; Vancura, A.; Muller, M.; Niemeijer, A.-L.N.; Fejes, A.V.; Fat, L.-A.T.K.; In ‘t Veld, A.E.H.; Leurs,
C.; et al. Swarm Intelligence-Enhanced Detection of Non-Small-Cell Lung Cancer Using Tumor-Educated Platelets. Cancer Cell
2017, 32, 238–252.E9. [CrossRef]

76. Turei, D.; Korcsmaros, T.; Saez-Rodriguez, J. OmniPath: Guidelines and gateway for literature-curated signaling pathway
resources. Nat. Methods 2016, 13, 966–967. [CrossRef]

77. Osmanoglu, O.; Gupta, S.K.; Almasi, A.; Yagci, S.; Srivastava, M.; Araujo, G.H.M.; Nagy, Z.; Balkenhol, J.; Dandekar, T. Signaling
network analysis reveals fostamatinib as a potential drug to control platelet hyperactivation during SARS-CoV-2 infection. Front.
Immunol. 2023, 14, 1285345. [CrossRef]

78. Gaillard, S.; Wilkinson, M.; Martin, L.P.; Deery, A.; Langsdale, A.; Bayable, A.; Zahurak, M.; Huang, P.; Armstrong, D.K.; Shih,
I.-M.; et al. A phase 1 study of the SYK inhibitor fostamatinib and weekly paclitaxel for recurrent platinum-resistant ovarian
cancer. Am. Soc. Clin. Oncol. 2023, 41, 5574. [CrossRef]

79. Rolf, M.G.; Curwen, J.O.; Veldman-Jones, M.; Eberlein, C.; Wang, J.; Harmer, A.; Hellawell, C.J.; Braddock, M. In vitro pharmaco-
logical profiling of R406 identifies molecular targets underlying the clinical effects of fostamatinib. Pharmacol. Res. Perspect. 2015,
3, e00175. [CrossRef]

80. Cornish, A.J.; Markowetz, F. SANTA: Quantifying the functional content of molecular networks. PLoS Comput. Biol. 2014, 10, e1003808.
[CrossRef] [PubMed]

81. Knox, C.; Wilson, M.; Klinger, C.M.; Franklin, M.; Oler, E.; Wilson, A.; Pon, A.; Cox, J.; Chin, N.E.L.; Strawbridge, S.A.; et al.
DrugBank 6.0: The DrugBank Knowledgebase for 2024. Nucleic Acids Res. 2024, 52, D1265–D1275. [CrossRef] [PubMed]

82. Mai, S.; Inkielewicz-Stepniak, I. Pancreatic Cancer and Platelets Crosstalk: A Potential Biomarker and Target. Front. Cell Dev. Biol.
2021, 9, 749689. [CrossRef]

83. Xing, S.; Zeng, T.; Xue, N.; He, Y.; Lai, Y.-Z.; Li, H.-L.; Huang, Q.; Chen, S.-L.; Liu, W.-L. Development and Validation of
Tumor-educated Blood Platelets Integrin Alpha 2b (ITGA2B) RNA for Diagnosis and Prognosis of Non-small-cell Lung Cancer
through RNA-seq. Int. J. Biol. Sci. 2019, 15, 1977–1992. [CrossRef]

https://doi.org/10.3390/cancers11020240
https://www.ncbi.nlm.nih.gov/pubmed/30791448
https://doi.org/10.3389/fonc.2021.764119
https://doi.org/10.1182/blood-2014-08-531582
https://www.ncbi.nlm.nih.gov/pubmed/26109205
https://doi.org/10.1182/blood-2011-02-334524
https://doi.org/10.18632/oncotarget.8655
https://doi.org/10.1172/JCI121985
https://doi.org/10.1002/ijc.28947
https://doi.org/10.1182/blood-2012-04-425207
https://doi.org/10.1111/j.1538-7836.2007.02374.x
https://www.ncbi.nlm.nih.gov/pubmed/17319909
https://doi.org/10.1182/blood-2016-06-720714
https://www.ncbi.nlm.nih.gov/pubmed/28073783
https://doi.org/10.1111/jth.15544
https://doi.org/10.1007/s10555-017-9683-z
https://doi.org/10.1016/j.ccell.2017.07.004
https://doi.org/10.1038/nmeth.4077
https://doi.org/10.3389/fimmu.2023.1285345
https://doi.org/10.1200/JCO.2023.41.16_suppl.5574
https://doi.org/10.1002/prp2.175
https://doi.org/10.1371/journal.pcbi.1003808
https://www.ncbi.nlm.nih.gov/pubmed/25210953
https://doi.org/10.1093/nar/gkad976
https://www.ncbi.nlm.nih.gov/pubmed/37953279
https://doi.org/10.3389/fcell.2021.749689
https://doi.org/10.7150/ijbs.36284


Int. J. Mol. Sci. 2025, 26, 10780 28 of 32

84. Goswami, C.; Chawla, S.; Thakral, D.; Pant, H.; Verma, P.; Malik, P.S.; Jayadeva, J.; Gupta, R.; Ahuja, G.; Sengupta, D. Molecular
signature comprising 11 platelet-genes enables accurate blood-based diagnosis of NSCLC. BMC Genom. 2020, 21, 744, Erratum in
BMC Genom. 2020, 21, 877.

85. Best, M.G.; Sol, N.; Kooi, I.E.; Tannous, J.; Westerman, B.A.; Rustenburg, F.; Schellen, P.; Verschueren, H.; Post, E.; Koster, J.; et al.
RNA-Seq of Tumor-Educated Platelets Enables Blood-Based Pan-Cancer, Multiclass, and Molecular Pathway Cancer Diagnostics.
Cancer Cell 2015, 28, 666–676. [CrossRef] [PubMed]

86. Ge, X.; Yuan, L.; Cheng, B.; Dai, K. Identification of seven tumor-educated platelets RNAs for cancer diagnosis. J. Clin. Lab. Anal.
2021, 35, e23791. [CrossRef] [PubMed]

87. Zhang, B.; Hong, C.; Luo, Y.; Wei, L.; Luo, Y.; Peng, Y.; Xu, Y. Prognostic value of IGFBP2 in various cancers: A systematic review
and meta-analysis. Cancer Med. 2022, 11, 3035–3047. [CrossRef] [PubMed]

88. Moore, T.; Dveksler, G.S. Pregnancy-specific glycoproteins: Complex gene families regulating maternal-fetal interactions. Int. J.
Dev. Biol. 2014, 58, 273–280. [CrossRef]

89. Ingman, W.V.; Robertson, S.A. The essential roles of TGFB1 in reproduction. Cytokine Growth Factor. Rev. 2009, 20, 233–239.
[CrossRef]

90. Zhao, M.R.; Qiu, W.; Li, Y.-X.; Zhang, Z.-B.; Li, D.; Wang, Y.-L. Dual effect of transforming growth factor beta1 on cell adhesion
and invasion in human placenta trophoblast cells. Reproduction 2006, 132, 333–341. [CrossRef] [PubMed]

91. Sorensen, S.; Andersen, J.; Norgaard, T. Pregnancy-specific beta 1-glycoprotein (SP1) in serum and tissue from patients with
benign and malignant breast tumours. Br. J. Cancer 1984, 49, 663–667. [CrossRef]

92. Skinner, J.M.; Whitehead, R. Pregnancy-specific beta glycoprotein (SP1) in tumours of the human gastrointestinal tract. Br. J.
Cancer 1981, 44, 476–478. [CrossRef] [PubMed]

93. Zhao, J.; Rabadan, R.; Levine, A.J. Pregnancy specific glycoproteins: A possible mediator of immune tolerance of cancers. J. Cell.
Immunol. 2021, 3, 109–117.

94. Pang, J.H.; Coupland, L.A.; Freeman, C.; Chong, B.H.; Parish, C.R. Activation of tumour cell ECM degradation by thrombin-
activated platelet membranes: Potentially a P-selectin and GPIIb/IIIa-dependent process. Clin. Exp. Metastasis 2015, 32, 495–505.
[CrossRef]

95. Felding-Habermann, B.; Habermann, R.; Saldívar, E.; Ruggeri, Z.M. Role of beta3 integrins in melanoma cell adhesion to activated
platelets under flow. J. Biol. Chem. 1996, 271, 5892–5900. [CrossRef] [PubMed]

96. Burdick, M.M.; Konstantopoulos, K. Platelet-induced enhancement of LS174T colon carcinoma and THP-1 monocytoid cell
adhesion to vascular endothelium under flow. Am. J. Physiol. Cell Physiol. 2004, 287, C539–C547. [CrossRef]

97. Koch, A.E.; Polverini, P.J.; Kunkel, S.L.; Harlow, L.A.; DiPietro, L.A.; Elner, V.M.; Elner, S.G.; Strieter, R.M. Interleukin-8 as a
macrophage-derived mediator of angiogenesis. Science 1992, 258, 1798–1801. [CrossRef]

98. Strieter, R.M.; Polverini, P.J.; Kunkel, S.L.; Arenberg, D.A.; Burdick, M.D.; Kasper, J.; Dzuiba, J.; Van Damme, J.; Walz, A.; Marriott,
D.; et al. The functional role of the ELR motif in CXC chemokine-mediated angiogenesis. J. Biol. Chem. 1995, 270, 27348–27357.
[CrossRef]

99. Cambier, S.; Gouwy, M.; Proost, P. The chemokines CXCL8 and CXCL12: Molecular and functional properties, role in disease and
efforts towards pharmacological intervention. Cell. Mol. Immunol. 2023, 20, 217–251. [CrossRef]

100. Zhu, Y.M.; Webster, S.J.; Flower, D.; Woll, P.J. Interleukin-8/CXCL8 is a growth factor for human lung cancer cells. Br. J. Cancer
2004, 91, 1970–1976. [CrossRef]

101. Zhang, W.; Qu, H.; Ma, X.; Li, L.; Wei, Y.; Wang, Y.; Zeng, R.; Nie, Y.; Zhang, C.; Yin, K.; et al. Identification of cuproptosis and
immune-related gene prognostic signature in lung adenocarcinoma. Front. Immunol. 2023, 14, 1179742. [CrossRef]

102. Tyagi, T.; Jain, K.; Yarovinsky, T.O.; Chiorazzi, M.; Du, J.; Castro, C.; Griffin, J.; Korde, A.; Martin, K.A.; Takyar, S.S.; et al.
Platelet-derived TLT-1 promotes tumor progression by suppressing CD8+ T cells. J. Exp. Med. 2023, 220, e20212218. [CrossRef]

103. Pandey, P.; Khan, F.; Upadhyay, T.K.; Seungjoon, M.; Park, M.N.; Kim, B. New insights about the PDGF/PDGFR signaling
pathway as a promising target to develop cancer therapeutic strategies. Biomed Pharmacother. 2023, 161, 114491, Erratum in Biomed
Pharmacother. 2023, 167, 115388.. [CrossRef]

104. Hers, I. Insulin-like growth factor-1 potentiates platelet activation via the IRS/PI3Kalpha pathway. Blood 2007, 110, 4243–4252.
[CrossRef] [PubMed]

105. Mantini, G.; Meijer, L.L.; Glogovitis, I.; In ‘t Veld, S.G.J.G.; Paleckyte, R.; Capula, M.; Le Large, T.Y.S.; Morelli, L.; Pham, T.V.;
Piersma, S.R.; et al. Omics Analysis of Educated Platelets in Cancer and Benign Disease of the Pancreas. Cancers 2020, 13, 66.
[CrossRef]

106. Eslami, S.Z.; Cortés-Hernández, L.E.; Glogovitis, I.; Antunes-Ferreira, M.; D’ambrosi, S.; Kurma, K.; Garima, F.; Cayrefourcq,
L.; Best, M.G.; Koppers-Lalic, D.; et al. In vitro cross-talk between metastasis-competent circulating tumor cells and platelets in
colon cancer: A malicious association during the harsh journey in the blood. Front. Cell Dev. Biol. 2023, 11, 1209846. [CrossRef]
[PubMed]

https://doi.org/10.1016/j.ccell.2015.09.018
https://www.ncbi.nlm.nih.gov/pubmed/26525104
https://doi.org/10.1002/jcla.23791
https://www.ncbi.nlm.nih.gov/pubmed/33955587
https://doi.org/10.1002/cam4.4680
https://www.ncbi.nlm.nih.gov/pubmed/35546443
https://doi.org/10.1387/ijdb.130329gd
https://doi.org/10.1016/j.cytogfr.2009.05.003
https://doi.org/10.1530/rep.1.01112
https://www.ncbi.nlm.nih.gov/pubmed/16885541
https://doi.org/10.1038/bjc.1984.103
https://doi.org/10.1038/bjc.1981.210
https://www.ncbi.nlm.nih.gov/pubmed/6974564
https://doi.org/10.1007/s10585-015-9722-5
https://doi.org/10.1074/jbc.271.10.5892
https://www.ncbi.nlm.nih.gov/pubmed/8621462
https://doi.org/10.1152/ajpcell.00450.2003
https://doi.org/10.1126/science.1281554
https://doi.org/10.1074/jbc.270.45.27348
https://doi.org/10.1038/s41423-023-00974-6
https://doi.org/10.1038/sj.bjc.6602227
https://doi.org/10.3389/fimmu.2023.1179742
https://doi.org/10.1084/jem.20212218
https://doi.org/10.1016/j.biopha.2023.114491
https://doi.org/10.1182/blood-2006-10-050633
https://www.ncbi.nlm.nih.gov/pubmed/17827393
https://doi.org/10.3390/cancers13010066
https://doi.org/10.3389/fcell.2023.1209846
https://www.ncbi.nlm.nih.gov/pubmed/37601099


Int. J. Mol. Sci. 2025, 26, 10780 29 of 32

107. Li, T.; Forbes, M.E.; Fuller, G.N.; Li, J.; Yang, X.; Zhang, W. IGFBP2: Integrative hub of developmental and oncogenic signaling
network. Oncogene 2020, 39, 2243–2257. [CrossRef] [PubMed]

108. Haschemi, R.; Kobelt, D.; Steinwarz, E.; Schlesinger, M.; Stein, U.; Bendas, G. Insulin-like Growth Factor Binding Protein-2
(IGFBP2) Is a Key Molecule in the MACC1-Mediated Platelet Communication and Metastasis of Colorectal Cancer Cells. Int. J.
Mol. Sci. 2021, 22, 12195. [CrossRef]

109. Wei, L.F.; Weng, X.; Huang, X.; Peng, Y.; Guo, H.; Xu, Y. IGFBP2 in cancer: Pathological role and clinical significance (Review).
Oncol. Rep. 2021, 45, 427–438. [CrossRef]

110. Guo, C.; Lu, H.; Gao, W.; Wang, L.; Lu, K.; Wu, S.; Pataer, A.; Huang, M.; El-Zein, R.; Lin, T.; et al. Insulin-like growth factor
binding protein-2 level is increased in blood of lung cancer patients and associated with poor survival. PLoS ONE 2013, 8, e74973.
[CrossRef]

111. Wang, J.; Hu, Z.G.; Li, D.; Xu, J.X.; Zeng, Z.G. Gene expression and prognosis of insulin-like growth factor-binding protein family
members in non-small cell lung cancer. Oncol. Rep. 2019, 42, 1981–1995. [CrossRef]

112. Lu, H.; Ai, J.; Zheng, Y.; Zhou, W.; Zhang, L.; Zhu, J.; Zhang, H.; Wang, S. IGFBP2/ITGA5 promotes gefitinib resistance via
activating STAT3/CXCL1 axis in non-small cell lung cancer. Cell Death Dis. 2024, 15, 447. [CrossRef]

113. Saci, A.; Liu, W.Q.; Vidal, M.; Garbay, C.; Rendu, F.; Bachelot-Loza, C. Differential effect of the inhibition of Grb2-SH3 interactions
in platelet activation induced by thrombin and by Fc receptor engagement. Biochem. J. 2002, 363, 717–725. [CrossRef]

114. Vogtle, T.; Baig, A.A.; Volz, J.; Duchow, T.B.; Pleines, I.; Dütting, S.; Nitschke, L.; Watson, S.P.; Nieswandt, B. Critical redundant
functions of the adapters Grb2 and Gads in platelet (hem)ITAM signaling in mice. Platelets 2020, 31, 801–811. [CrossRef] [PubMed]

115. Visconte, C.; Canino, J.; Guidetti, G.F.; Zarà, M.; Seppi, C.; Abubaker, A.A.; Pula, G.; Torti, M.; Canobbio, I. Amyloid precursor protein
is required for in vitro platelet adhesion to amyloid peptides and potentiation of thrombus formation. Cell Signal 2018, 52, 95–102.
[CrossRef] [PubMed]

116. Patel, P.; Michael, J.V.; Naik, U.P.; McKenzie, S.E. Platelet FcγRIIA in immunity and thrombosis: Adaptive immunothrombosis.
J. Thromb. Haemost. 2021, 19, 1149–1160. [CrossRef]

117. Camerer, E.; Qazi, A.A.; Duong, D.N.; Cornelissen, I.; Advincula, R.; Coughlin, S.R. Platelets, protease-activated receptors, and
fibrinogen in hematogenous metastasis. Blood 2004, 104, 397–401. [CrossRef]

118. Palumbo, J.S.; Talmage, K.E.; Massari, J.V.; La Jeunesse, C.M.; Flick, M.J.; Kombrinck, K.W.; Jirousková, M.; Degen, J.L. Platelets
and fibrin(ogen) increase metastatic potential by impeding natural killer cell-mediated elimination of tumor cells. Blood 2005, 105,
178–185. [CrossRef]

119. Trikha, M.; Zhou, Z.; Timar, J.; Raso, E.; Kennel, M.; Emmell, E.; Nakada, M.T. Multiple roles for platelet GPIIb/IIIa and
alphavbeta3 integrins in tumor growth, angiogenesis, and metastasis. Cancer Res. 2002, 62, 2824–2833. [PubMed]

120. Jain, S.; Zuka, M.; Liu, J.; Russell, S.; Dent, J.; Guerrero, J.A.; Forsyth, J.; Maruszak, B.; Gartner, T.K.; Felding-Habermann, B.; et al.
Platelet glycoprotein Ibα supports experimental lung metastasis. Proc. Natl. Acad. Sci. USA 2007, 104, 9024–9028. [CrossRef]

121. Spalton, J.C.; Mori, J.; Pollitt, A.Y.; Hughes, C.E.; Eble, J.A.; Watson, S.P. The novel Syk inhibitor R406 reveals mechanistic
differences in the initiation of GPVI and CLEC-2 signaling in platelets. J. Thromb. Haemost. 2009, 7, 1192–1199. [CrossRef]

122. Harbi, M.H.; Smith, C.W.; Alenazy, F.O.; Nicolson, P.L.R.; Tiwari, A.; Watson, S.P.; Thomas, M.R. Antithrombotic Effects of
Fostamatinib in Combination with Conventional Antiplatelet Drugs. Int. J. Mol. Sci. 2022, 23, 6982. [CrossRef]

123. Apostolidis, S.A.; Sarkar, A.; Giannini, H.M.; Goel, R.R.; Mathew, D.; Suzuki, A.; Baxter, A.E.; Greenplate, A.R.; Alanio, C.;
Abdel-Hakeem, M.; et al. Signaling Through FcγRIIA and the C5a-C5aR Pathway Mediate Platelet Hyperactivation in COVID-19.
Front. Immunol. 2022, 13, 834988. [CrossRef] [PubMed]

124. Saha, B.; Mathur, T.; Tronolone, J.J.; Chokshi, M.; Lokhande, G.K.; Selahi, A.; Gaharwar, A.K.; Afshar-Kharghan, V.; Sood, A.K.;
Bao, G.; et al. Human tumor microenvironment chip evaluates the consequences of platelet extravasation and combinatorial
antitumor-antiplatelet therapy in ovarian cancer. Sci. Adv. 2021, 7, eabg5283. [CrossRef]

125. Iba, T.; Levy, J.H. The roles of platelets in COVID-19-associated coagulopathy and vaccine-induced immune thrombotic thrombo-
cytopenia. Trends Cardiovasc. Med. 2022, 32, 1–9. [CrossRef] [PubMed]

126. Bye, A.P.; Hoepel, W.; Mitchell, J.L.; Jégouic, S.M.; Loureiro, S.; Sage, T.; Vidarsson, G.; Nouta, J.; Wuhrer, M.; de Taeye, S.W.;
et al. Aberrant glycosylation of anti-SARS-CoV-2 spike IgG is a prothrombotic stimulus for platelets. Blood 2021, 138, 1481–1489.
[CrossRef]

127. Gonzalez-Lopez, T.J.; Bermejo-Vega, N.; Cardesa-Cabrera, R.; Martínez-Robles, V.; Aguilar-Monserrate, G.; Pérez-Segura, G.;
Domingo, A.; Luis-Navarro, J.; Lakhwani, S.; Acedo, N.; et al. Fostamatinib effectiveness and safety for immune thrombocytopenia
in clinical practice. Blood 2024, 144, 646–656. [CrossRef]

128. Hu, M.; Yin, R.; Deng, K.; Xu, N. Drug repurposing of fostamatinib against cancer via potential cytotoxicity and immune
checkpoint regulation. Front. Immunol. 2025, 16, 1602189. [CrossRef] [PubMed]

129. Choi, Y.; Lee, H.; Beck, B.R.; Lee, B.; Lee, J.H.; Kim, S.; Chun, S.H.; Won, H.S.; Ko, Y.H. Repurposing of the Syk inhibitor
fostamatinib using a machine learning algorithm. Exp. Ther. Med. 2025, 29, 110. [CrossRef]

https://doi.org/10.1038/s41388-020-1154-2
https://www.ncbi.nlm.nih.gov/pubmed/31925333
https://doi.org/10.3390/ijms222212195
https://doi.org/10.3892/or.2020.7892
https://doi.org/10.1371/journal.pone.0074973
https://doi.org/10.3892/or.2019.7314
https://doi.org/10.1038/s41419-024-06843-y
https://doi.org/10.1042/bj3630717
https://doi.org/10.1080/09537104.2019.1709633
https://www.ncbi.nlm.nih.gov/pubmed/31948362
https://doi.org/10.1016/j.cellsig.2018.08.017
https://www.ncbi.nlm.nih.gov/pubmed/30172024
https://doi.org/10.1111/jth.15265
https://doi.org/10.1182/blood-2004-02-0434
https://doi.org/10.1182/blood-2004-06-2272
https://www.ncbi.nlm.nih.gov/pubmed/12019160
https://doi.org/10.1073/pnas.0700625104
https://doi.org/10.1111/j.1538-7836.2009.03451.x
https://doi.org/10.3390/ijms23136982
https://doi.org/10.3389/fimmu.2022.834988
https://www.ncbi.nlm.nih.gov/pubmed/35309299
https://doi.org/10.1126/sciadv.abg5283
https://doi.org/10.1016/j.tcm.2021.08.012
https://www.ncbi.nlm.nih.gov/pubmed/34455073
https://doi.org/10.1182/blood.2021011871
https://doi.org/10.1182/blood.2024024250
https://doi.org/10.3389/fimmu.2025.1602189
https://www.ncbi.nlm.nih.gov/pubmed/40510356
https://doi.org/10.3892/etm.2025.12860


Int. J. Mol. Sci. 2025, 26, 10780 30 of 32

130. Park, S.R.; Speranza, G.; Piekarz, R.; Wright, J.J.; Kinders, R.J.; Wang, L.; Pfister, T.; Trepel, J.B.; Lee, M.-J.; Alarcon, S.; et al. A
multi-histology trial of fostamatinib in patients with advanced colorectal, non-small cell lung, head and neck, thyroid, and renal
cell carcinomas, and pheochromocytomas. Cancer Chemother. Pharmacol. 2013, 71, 981–990. [CrossRef]

131. Schror, K. Aspirin and platelets: The antiplatelet action of aspirin and its role in thrombosis treatment and prophylaxis. Semin.
Thromb. Hemost. 1997, 23, 349–356. [CrossRef]

132. Pulcinelli, F.M.; Pignatelli, P.; Celestini, A.; Riondino, S.; Gazzaniga, P.P.; Violi, F. Inhibition of platelet aggregation by aspirin
progressively decreases in long-term treated patients. J. Am. Coll. Cardiol. 2004, 43, 979–984. [CrossRef]

133. van Zijverden, L.M.; Schutte, M.H.; Madsen, M.C.; Bonten, T.N.; Smulders, Y.M.; Wiepjes, C.M.; van Diemen, J.J.K.; Thijs, A.
The efficacy of aspirin to inhibit platelet aggregation in patients hospitalised with a severe infection: A multicentre, open-label,
randomised controlled trial. Clin. Exp. Med. 2023, 23, 3501–3508. [CrossRef]

134. Florensa, D.; Mateo, J.; Solsona, F.; Galván, L.; Mesas, M.; Piñol, R.; Espinosa-Leal, L.; Godoy, P. Low-dose acetylsalicylic acid for
cancer prevention considering risk factors: A retrospective cohort study. Ann. Epidemiol. 2023, 84, 60–66. [CrossRef]

135. Yang, J.; Yamashita-Kanemaru, Y.; Morris, B.I.; Contursi, A.; Trajkovski, D.; Xu, J.; Patrascan, I.; Benson, J.; Evans, A.C.; Conti,
A.G.; et al. Aspirin prevents metastasis by limiting platelet TXA(2) suppression of T cell immunity. Nature 2025, 640, 1052–1061.
[CrossRef] [PubMed]

136. Sevigny, J.; Chiao, P.; Bussière, T.; Weinreb, P.H.; Williams, L.; Maier, M.; Dunstan, R.; Salloway, S.; Chen, T.; Ling, Y.; et al. The
antibody aducanumab reduces Abeta plaques in Alzheimer’s disease. Nature 2016, 537, 50–56. [CrossRef] [PubMed]

137. Mussbacher, M.; Salzmann, M.; Brostjan, C.; Hoesel, B.; Schoergenhofer, C.; Datler, H.; Hohensinner, P.; Basílio, J.; Petzelbauer, P.;
Assinger, A.; et al. Cell Type-Specific Roles of NF-kappaB Linking Inflammation and Thrombosis. Front. Immunol. 2019, 10, 85.
[CrossRef] [PubMed]

138. Crimmins, E.M. Lifespan and Healthspan: Past, Present, and Promise. Gerontologist 2015, 55, 901–911. [CrossRef]
139. Finch, C.E. Evolution in health and medicine Sackler colloquium: Evolution of the human lifespan and diseases of aging: Roles of

infection, inflammation, and nutrition. Proc. Natl. Acad. Sci. USA 2010, 107 (Suppl. S1), 1718–1724. [CrossRef]
140. Wendelboe, A.M.; Raskob, G.E. Global Burden of Thrombosis: Epidemiologic Aspects. Circ. Res. 2016, 118, 1340–1347. [CrossRef]
141. Gu, S.X.; Dayal, S. Inflammation mediated platelet hyperactivity in aging. Ann. Blood 2020, 5, 10. [CrossRef]
142. Price, J.; Lord, J.M.; Harrison, P. Inflammaging and platelet hyperreactivity: A new therapeutic target? J. Thromb. Haemost. 2020,

18, 3–5. [CrossRef]
143. Klavina, P.A.; Leon, G.; Curtis, A.M.; Preston, R.J. Dysregulated haemostasis in thrombo-inflammatory disease. Clin. Sci. 2022,

136, 1809–1829. [CrossRef] [PubMed]
144. Byun, J.S.; Gardner, K. Wounds that will not heal: Pervasive cellular reprogramming in cancer. Am. J. Pathol. 2013, 182, 1055–1064.

[CrossRef]
145. Martins Castanheira, N.; Spanhofer, A.K.; Wiener, S.; Bobe, S.; Schillers, H. Uptake of platelets by cancer cells and recycling of the

platelet protein CD42a. J. Thromb. Haemost. 2022, 20, 170–181. [CrossRef] [PubMed]
146. Anaconda Documentation, 2020. Version 2020.x. Available online: https://www.anaconda.com/docs/getting-

started/anaconda/release/2020.x (accessed on 29 October 2025).
147. Wilke, C. cowplot: Streamlined Plot Theme and Plot Annotations for ‘ggplot2’_. 2024. Cowplot 1.2.0.. Available online:

https://wilkelab.org/cowplot/ (accessed on 29 October 2025).
148. Wu, L.; Li, M.; Wang, J.; Wu, F.-X. CytoCtrlAnalyser: A Cytoscape app for biomolecular network controllability analysis.

Bioinformatics 2018, 34, 1428–1430. [CrossRef]
149. Shannon, P.; Markiel, A.; Ozier, O.; Baliga, N.S.; Wang, J.T.; Ramage, D.; Amin, N.; Schwikowski, B.; Ideker, T. Cytoscape:

A software environment for integrated models of biomolecular interaction networks. Genome Res. 2003, 13, 2498–2504. [CrossRef]
150. Ceccarelli, F.; Turei, D.; Gabor, A.; Saez-Rodriguez, J. Bringing data from curated pathway resources to Cytoscape with OmniPath.

Bioinformatics 2020, 36, 2632–2633. [CrossRef] [PubMed]
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