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Breast cancer diagnostics using tumor-educated platelets

Abstract 
Introduction: Cancer detection in an early stage facilitates initiation of therapy and 
improves survival rates, including in breast cancer patients. Tumor-educated 
platelets (TEPs) contain distinctly spliced RNA repertoires allowing their use as a 
blood-based biosource for early cancer detection. 
Experimental design: We sequenced platelet RNA collected from asymptomatic 
women (n=216), women with non-cancerous diseases (n=144), stage I-IV breast 
cancer (n=265), and other tumor types (n=321). The samples were employed for 
TEP-based breast cancer classification algorithms. 
Results: The TEP-based algorithm enabled for accurate detection of early-stage 
breast cancer (stage I-II validation series; n=171, AUC: 0.72, CI-95%: 0.66-0.79, 
p<0.001; and stage III-IV validation series; n=183, AUC: 0.89, CI-95%: 0.81-0.96, 
p<0.001), independent of non-cancerous diseases, including different inflammatory 
conditions and benign tumors. When excluding non-cancerous diseases the TEP 
algorithm improved (stage I-II validation series; n=171, AUC: 0.81, CI-95%: 
0.74-0.87, p<0.001; and stage III-IV validation series; n=114, AUC: 0.94, CI-95%: 
0.86-0.98, p<0.001), demonstrating that non-cancerous diseases can interfere with 
TEP RNA profiles and should be included in algorithm development. We optimized 
the algorithm settings to rule-out women with false-positive mammography (stage I-
II validation series; n=171, 91% sensitivity; 37% specificity), or to rule-in women with 
early-stage breast cancer who are in a screening program for increased breast 
cancer risk (stage I-II validation series; n=171, 30% sensitivity; 92% specificity).  
Conclusions: We show that TEP-derived spliced RNA signatures enable blood-based 
detection of early-stage breast cancer. Large-scale validation is warranted to 
determine the best route towards clinical implementations, in which combination 
with other diagnostic modalities should be considered.  

Translational relevance 
Blood provides a non-invasive biosource for early-stage detection of cancer. Among 
other biosources and biomolecules, tumor-educated platelets (TEPs) are being 
investigated as a biosource for tumor-associated RNA-signatures in blood. We 
interrogated TEP RNA panels using swarm-intelligence for the development of an 
early-stage breast cancer detection algorithm. We optimized the algorithm towards 
two clinically relevant applications. Application I was developed to rule-out women 
without breast cancer who were positively classified by mammography, thereby 
potentially reducing the number of unnecessary biopsies after false-positive 
mammography. Application II was optimized to confirm breast cancer in women 
screened because of their high breast cancer risk. Our results suggest that platelet 
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RNA signatures can be employed to improve the detection of breast cancer at 
multiple stages of the screening procedures, in particular when aiming at reducing 
the number of false-positive breast cancer cases. 
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Introduction 
Breast cancer screening using mammography and/or MR-imaging enables the 
diagnosis of breast cancer in asymptomatic women. Such screening programs yield 
substantial improvements in detection rates of early breast cancers, improving 
treatment opportunities, decreasing morbidity and mortality, and reducing 
treatment-related costs252(Lauby-Secretan et al., 2015; Morrow et al., 2015). 
However, mammography has been significantly hampered by limited sensitivity 
(~80-90%253), overdiagnosis of benign lesions, overtreatment of low-risk pre-
malignant lesions, inconvenience of the procedure, and radiation-induced risks. 
Thus, the current approach in use for the screening of breast cancer is suboptimal254, 
indicating the need for more accurate methods. 

We previously reported that tumor-educated platelets (TEPs) can serve as a 
potential blood-based biomarker biosource for the detection of different types of 
cancer (Figure 1A)6,7,10,11,255. Blood platelets are traditionally known for their role in 
hemostasis and wound healing, but are also key players in cancer-associated 
processes such as epithelial-mesenchymal transition and metastasis36,256, 
angiogenesis9,257, and immune evasion191,258. Platelets potentiate outgrowth of 
dormant micro-metastatic breast cancer tumor clones39,259, and govern pre-
metastatic queues to generate niches for metastases41. During (early) tumor 
progression, platelets can be ‘educated’ by tumor cells5. This educational process is 
considered to be at least partly mediated by direct alteration of the platelet RNA 
profile caused by platelet ingestion of exogenous tumor-derived and tumor-
associated RNAs, in combination with tumor-associated stimulus-specific splicing of 
endogenous platelet pre-mRNA, possibly mediated by platelet RNA binding protein 
activity, and bone marrow educational processes6,7,10,11,255 (Figure 1A, S1A). Here, 
we explore the application of specific TEP-derived spliced RNA signatures for the 
development and validation of an early-stage breast cancer detection algorithm. 
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Methods 
Clinical sample collection, clinical data annotation, and sample series selection 
Peripheral whole blood was drawn by venipuncture from cancer patients, 
asymptomatic female controls (general Dutch population), and females with 
inflammatory diseases including multiple sclerosis, chronic pancreatitis, and 
pulmonary hypertension, cardiovascular diseases including angina pectoris and 
myocardial infarction and benign ovarian lesions including benign cystic lesions and 
fibromas at the VU University Medical Center, Amsterdam, The Netherlands, the 
Netherlands Cancer Institute (NKI/AvL), Amsterdam, The Netherlands, the Academic 
Medical Center, Amsterdam The Netherlands, the Utrecht Medical Center, Utrecht, 
The Netherlands, the Leiden University Medical Center, Leiden, The Netherlands, 
The Catharina Hospital, Eindhoven, The Netherlands, The Medical University of 
Vienna, Vienna, Austria, the Medical University of Gdańsk, Gdańsk, Poland, and 
Massachusetts General Hospital, Boston, USA. Screening-detected and symptomatic 
cancer patients were diagnosed by clinical, radiological and pathological 
examination. Blood of breast cancer patients was collected before start of or during 
treatment. No power calculation was used to determine the number of samples 
required for algorithm development and validation. Samples for both training, 
dependent evaluation, and independent validation series were collected and 
processed similarly and simultaneously. No sample replicates were included in this 
study. Previous analyses have shown high correlation among RNA-sequencing data 
from duplicated platelet samples. Due to the retrospective nature of this study, and 
the requirement to train the algorithms with known diagnostics labels, the 
researchers were during the experiments not blinded for the classification group. 
The non-cancer series includes both females with inflammatory or cardiovascular 
diseases, or benign tumors (non-cancer conditions) and asymptomatic female 
controls, all together termed the non-cancer controls. Non-cancer controls were at 
the moment of blood collection, or previously, not diagnosed with cancer, and were 
- besides diagnostic procedures required for their disease or benign tumor - not 
subjected to additional tests confirming the absence of cancer. For collection and 
annotation of clinical data, patient records were manually queried for demographic 
variables, i.e. age, gender, type of tumor, stage and grade, estrogen receptor (ER) 
expression and HER2/neu amplifications, platelet counts, metastases, BRCA1/2 
genotype, and ACR tissue density score. This study was conducted in accordance 
with the principles of the Declaration of Helsinki. Approval for this study was 
obtained from the institutional review board and the ethics committee at each 
participating hospital. Clinical follow-up of asymptomatic female and non-cancer 
controls is not available due to anonymization of these samples according to the 
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ethical rules of the hospitals. All clinical data was anonymized and stored in a 
secured database.  

Blood processing for thromboSeq 
Whole blood samples in 6- or 10 mL EDTA-coated Vacutainer tubes were processed 
within 12 (part of samples from VU University Medical Center, and the Netherlands 
Cancer Institute, Academic Medical Center, the Utrecht Medical Center, the Medical 
University of Vienna, and the Medical University of Gdańsk) or 48 hours (part of 
samples from VU University Medical Center, and the Leiden University Medical 
Center, the Catharina Hospital, and Massachusetts General Hospital, Boston, USA) 
using standardized protocols as described previously6,10. To isolate platelets, platelet 
rich plasma (PRP) was separated from nucleated blood cells by a 20-minute 120xg 
centrifugation step, after which the platelets were pelleted by a 20-minute 360xg 
centrifugation step. Removal of 9/10th of the PRP has to be performed carefully to 
reduce the risk of contamination of the platelet preparation with nucleated cells, 
pelleted in the buffy coat. Centrifugations were performed at room temperature. 
Platelet pellets were carefully resuspended in RNAlater (Life Technologies) and after 
overnight incubation at 4°C frozen at -80°C. We previously confirmed that this 
standardized isolation protocol does result into low nucleated cell contamination (<5 
nucleated cells per 10 million platelets)10. For platelet RNA isolation, frozen platelets 
were thawed on ice and total RNA was isolated using the mirVana miRNA isolation 
kit (Ambion, Thermo Scientific, AM1560). Platelet RNA was eluated in 30 µL elution 
buffer. We evaluated the platelet RNA quality using the RNA 6000 Picochip 
(Bioanalyzer 2100, Agilent), and included as a quality standard for subsequent 
experiments only platelet RNA samples with a RIN-value >7 and/or distinctive rRNA 
curves. All Bioanalyzer 2100 quality and quantity measures were collected from the 
automatically generated Bioanalyzer result reports using default settings, and after 
critical assessment of the reference ladder (quantity, appearance, and slope). The 
TruSeq cDNA labeling protocol for Illumina sequencing (see below) requires ~1 µg 
of input cDNA. To obtain sufficient platelet cDNA for robust RNA-seq library 
preparation, the samples were subjected to cDNA synthesis and amplification using 
the SMARTer Ultra Low RNA Kit for Illumina Sequencing v3 (Clontech, cat. nr. 
634853). Prior to amplification, all samples were diluted to ~500 pg/µL total RNA 
and again the quality was determined and quantified using the Bioanalyzer Picochip. 
For samples with a stock yield below 400 pg/µL, a volume of two or more microliters 
of total RNA (up to ~500 pg total RNA) was used as input for the SMARTer 
amplification. Quality control of amplified cDNA was measured using the 
Bioanalyzer 2100 with DNA High Sensitivity chip (Agilent). All SMARTer cDNA 
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synthesis and amplifications were performed together with a negative control, which 
was required to be negative by Bioanalyzer analysis. Samples with detectable 
fragments in the 300-7500 bp region were selected for further processing. For 
labeling of platelet cDNA for sequencing, all amplified platelet cDNA was first 
subjected to nucleic acid shearing by sonication (Covaris Inc) and subsequently 
labeled with single index barcodes for Illumina sequencing using the TruSeq Nano 
DNA Sample Prep Kit (Illumina, cat nr. FC-121-4001). To account for the low platelet 
cDNA input concentration, all bead clean-up steps were performed using a 15-
minute bead-cDNA binding step and a 12-cycle enrichment PCR. All other steps 
were according to manufacturer’s protocol. Labeled platelet DNA library quality and 
quantity were measured using the DNA 7500 chip or DNA High Sensitivity chip 
(Agilent). High-quality samples with product sizes between 300-500 bp were pooled 
(12-19 samples per pool) in equimolar concentrations for shallow thromboSeq and 
submitted for 100 bp Single Read sequencing on the Illumina Hiseq 2500 and 4000 
platform using version 4 sequencing reagents.  

Processing of raw RNA-sequencing data 
Raw RNA-seq data of platelets encoded in FASTQ-files were subjected to a 
standardized RNA-seq alignment pipeline, as described previously10. In summary, 
RNA-seq reads were subjected to trimming and clipping of sequence adapters by 
Trimmomatic (v. 0.22)174, mapped to the human reference genome (hg19) using 
STAR (v. 2.3.0)176, and summarized using HTSeq (v. 0.6.1), which was guided by the 
Ensembl gene annotation version 75178. All subsequent statistical and analytical 
analyses were performed in R (version 3.3.0) and R-studio (version 0.99.902). Of 
samples that yielded less than 0.2x106 intron-spanning reads in total after 
sequencing, we again sequenced the original TruSeq preparation of the sample and 
merged the read counts generated from the two individual FASTQ-files after HTSeq 
count summarization. RNAs encoded on the mitochondrial DNA were excluded from 
downstream analyses. Sample filtering was performed by assessing the library 
complexity, which is partially associated with the intron-spanning reads library size. 
First, we excluded the RNAs that yielded <30 intron-spanning reads in >90% of the 
dataset for all platelet samples that were sequenced. For each sample, we 
quantified the number of RNAs for which at least one intron-spanning read was 
mapped, and excluded samples with <750 detected RNAs. Next, to exclude platelet 
samples that show low intersample correlation, as described previously11, we 
performed a leave-one-sample-out cross-correlation analysis. Following data 
normalization for each sample in the dataset, all samples except the ‘test sample’ 
were used to calculate the median counts-per-million expression for each RNA 
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(reference profile). Following, the comparability of the test sample to the reference 
set was determined by Pearson’s correlation. Samples with a correlation <0.5 were 
excluded, and the remaining samples were included in this study (Figure 1B, Table 
S1). 

Differential expression of splice junction analysis  
Prior to differential expression of spliced junction analyses the data was corrected 
using an iterative correction-module. This iterative correction-module employs a list 
of stable RNAs with low expression variability among potential confounding factors 
to calculate skewed RNA expression estimates in individual samples. Subsequently, 
the Remove Unwanted Variant (RUV)-algorithm206,207 is employed in order to reduce 
inter-sample variability. Next, corrected read counts were converted to counts-per-
million, log-transformed, and multiplied by the TMM-normalization factor calculated 
by the calcNormFactors-function of the R-package edgeR181. For generation of 
differential spliced RNA sets, the after fitting of negative binominal models and both 
common, tag-wise and trended dispersion estimates were obtained, differentially 
expressed transcripts were determined using a generalized linear model (GLM) 
likelihood ratio test, as implemented in the edgeR-package. RNAs with less than 
three logarithmic counts per million (logCPM) were removed from the spliced RNA 
lists. We employed particle swarm optimization (PSO) for optimal separation of 
samples in heatmap-clustering (Ward clustering, significance determined by p-value 
of Fisher’s exact test) by iteratively adjusting the p-value threshold (100 particles, 4 
iterations, for PSO see below). The resulting RNA panel was used for profile 
visualization in a heatmap. We employed a RUV-correction threshold of 0.6 for the 
potential confounding factor ‘library size’ and 0.1 the potential confounding factor 
‘hospital of sample collection’, and a swarm-optimized p-value of 0.1210103288 for 
Figure 1c. Filtering for RNAs with a progressively increasing spliced RNA level 
correlated to breast cancer stage was performed by performing an ANOVA 
differential expression analysis between non-cancer individuals including non-cancer 
conditions, early-stage (stage I-II), and late-stage (stage III-IV) breast cancer patients, 
employing the same RUV-correction thresholds. The resulting ANOVA table was 
filtered according to 1) FDR <0.05; 2) logCPM >3; 3) RNAs encoded on 
chromosomes 1 to 22 or chromosome X; 4) logFC stage I-II to non-cancer <logFC 
stage III-IV to non-cancer. 
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Support vector machine (SVM)-based algorithm development and particle swarm-
driven parameter optimization  
The PSO-enhanced thromboSeq algorithm implements multiple improvements over 
the previously published thromboSeq algorithm10. The PSO-enhanced algorithm 
employs a particle-swarm optimization meta-algorithm that iteratively selects 
parameters for RNA panel selection. The algorithm makes use of training, 
dependent evaluation, and independent validation series. The training series is 
employed for selection of stable RNAs among RNA-sequencing library size and 
sample collection hospital, RNA panel selection, and support vector machine (SVM) 
training. The dependent evaluation series is employed for PSO-enhanced 
optimization of RNA panel and SVM parameters. The independent validation series 
is employed for validation of the PSO-optimized algorithm and not involved in the 
training or optimization process. First, the algorithm performs iterative correction 
and normalization. Next, the algorithm performs ANOVA analysis of differentially 
expressed spliced junctions. Following, a SVM classifier is trained, and the cost and 
gamma parameters are optimized using an additional PSO algorithm (optim_ppso-
function of the ppso-packages in R; 50 particles with 4 iterations). Finally, the PSO-
meta algorithm identifies the most optimal p-value and stable RNA selection 
settings for classification (optim_ppso_robust-function of the ppso-packages in R)209. 
We employed for the early breast cancer detection algorithm excluding non-cancer 
conditions 100 particles with 6 iterations (Figure S3) and including non-cancer 
conditions 100 particles with 8 iterations (Figure 3), and for the breast cancer – other 
cancers algorithm 100 particles with 8 iterations. We selected the swarmed particle 
with the best AUC-score of the evaluation series, locked the algorithm settings, and 
validated the validation series independently. To account for RNAs undetected in 
individual samples in the validation series, potentially hampering normalization of 
data and slightly reducing algorithm performance, for each validated sample 
biomarker panel RNAs with zero read counts were replaced by the median counts of 
the training series for that particular RNA. 

Performance measurement of the PSO-enhanced thromboSeq algorithm  
We assessed the performance, stability, and reproducibility of the PSO-enhanced 
thromboSeq platform using multiple training, dependent evaluation, and 
independent validation series (Figure 2B). We randomly assigned for the early breast 
cancer detection algorithm 106 stage I-IV breast cancer patients, 70 asymptomatic 
female controls, and 36 non-cancer controls to the training series, and 62 stage I-IV 
breast cancer patients, 52 asymptomatic female controls, and 39 non-cancer 
controls to the dependent evaluation series. To ensure that sufficient numbers of 
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early-stage breast cancer samples remained for independent validation, we selected 
a ~1:1 and ~1:2 ratio of early- to late-stage breast cancer samples in the training 
and evaluation series, respectively. These numbers of samples assigned to each 
series were selected based on empirical experience of the authors with 
development of TEP spliced RNA-based classification algorithms, and an optimum 
for sample series composition is upfront of algorithm development unknown. A total 
of 77 early-stage (stage I/II) and 20 late-stage (stage III/IV) breast cancer patients, 94 
asymptomatic female controls, and 69 non-cancer controls remained for the 
independent validation series. For the breast cancer – other cancers classifier 106 
breast cancer and 106 other cancer samples were employed for training, 62 breast 
cancer and 67 other cancer samples for dependent evaluation, and 97 breast cancer 
and 148 other cancer samples remained for independent validation. Here, the breast 
cancer samples assigned to each subseries were the same as those employed for 
the early breast cancer detection algorithm. All random selection procedures were 
performed using the sample-function as implemented in R. For assignment of 
samples per series to the training and evaluation subseries the number of samples 
per clinical group was balanced, thereby minimizing potential bias in the training 
process. Following, a classification model was trained using the training samples, 
optimized using the dependent evaluation series. After selection of the most 
optimal RNA panel settings, the algorithm was locked and the samples assigned to 
the independent validation series were predicted. The performance of the samples 
assigned to the training was assessed by leave-one-out cross validation10. The 
thresholds for the rule-out and rule-in algorithms were selected from the 
classification score, which ranges from zero till one and represents the classification 
score for either group. The rule-out threshold was selected from the range of 
evaluation series scores at which the classifier reached a sensitivity of, or most near 
to, 95% (Figure S3), and 93% (Figure 3B) with the most optimal specificity. 
Conversely, the rule-in threshold was selected from the range of evaluation series 
scores at which the classifier reached a specificity of, or most near to, 95% (Figure 
S3), and 93% (Figure 3B) with the most optimal sensitivity. These thresholds were 
subsequently applied to the classification score of the independent validation series. 
As a control for internal reproducibility, we randomly sampled samples for similar-
sized training and dependent evaluation series, while for each iteration the 
remaining samples were assigned to validation. The PSO-guided RNA panel of the 
original classifier was maintained, and a training and classification procedure was 
performed 1000 times. As a control for random classification, class labels of the 
samples used by the SVM-algorithm for training of the support vectors were 
randomly permutated, while maintaining the PSO-guided RNA list of the original 
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classifier. This process was performed 1000 times. P-values were calculated 
accordingly, as described previously10. Results were presented in receiver operating 
characteristics (ROC)-curves, and summarized using area under the curve (AUC)-
values, as determined by the ROCR-package in R. To estimate statistical confidence 
for the observed detection accuracies we included 95% confidence intervals 
(CI-95%) for each result reported. AUC CI-95% were calculated according to the 
method of Delonge using the ci.auc-function of the pROC-package in R. CI-95% for 
sensitivities and specificities were calculated according to the binomial proportion 
confidence interval (binom.test-function in R). All employed bioinformatics software 
and code can be found online (https://github.com/MyronBest). 

Gene Ontology analysis  
DAVID gene ontology (GO) was performed on the 23th of November 2018, using the 
online accessible DAVID database (https://david.ncifcrf.gov). Statistically significantly 
enhanced and decreased RNAs in the breast cancer versus non-cancer comparison 
(2,660 ANOVA RNA panel with FDR<0.05, Figure 1C, Table S2), and 857 RNAs 
correlated to disease stage (Figure 1E) were selected for assessment in the DAVID 
GO databases, with all reference databases selected as default. Enhanced or 
decreased RNAs were subjected to ‘functional annotation clustering’ with low class 
stringency. Resulting clusters with an enrichment score >2, with a maximum of 10 
clusters, were selected (Figure 1D, Figure S2A, Table S3A-C). 

Hypothetical real-world detection flow-diagram 
To estimate the detection accuracy of breast cancer in multiple clinical settings, we 
constructed serial 2x2-table workflows, and summarized the detection rates in a 
flow-diagram (Figure S7). We selected five clinically relevant applications, i.e. 1) 
mammography or MR-imaging plus a rule-out blood test in either a population with 
potentially denser breast tissue (Figure S7A) or BRCA1/2-predisposing mutation 
(Figure S7B), or 2) a rule-in test followed by mammography or MR-imaging in a 
population with women with a BRCA1/2-predisposing mutation (Figure S7C) or a 
general population (Figure S7D,E). For the serial detection tests, individuals 
identified as positive in the first diagnostics test were subjected to the second 
diagnostics test. Here, these individuals were again classified according to the 
specific follow-up tests’ sensitivity and specificity. We collected the ‘all cancer’ 
respectively ‘breast cancer’ incidence rate per 1,000 individuals per year from the 
NIH SEER database (https://seer.cancer.gov/statfacts/html/all.html, https://
seer.cancer.gov/statfacts/ 
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html/breast.html), and corrected this for the incidence per age range. The incidence 
rate of women with a predisposing BRCA1/2 mutation was collected from Kriege et 
al.254. The detection rates and corresponding confidence intervals for 
mammography were collected from Kerlikowske et al.253, and for MR-imaging from 
Zhang et al.260. The sensitivity and specificity metrics from the TEP early breast 
cancer detection algorithm trained on the non-cancer series including non-cancer 
conditions (Figure 3B) were determined from the performance of the algorithm in 
the validation series (Figure 3C,E). To determine the 95% confidence intervals 
(CI-95%) accompanying the detection rates, we employed the individual confidence 
intervals from both diagnostics tests and calculated ‘worst-case’ and ‘best-case’ 
scenarios according to the lower and upper boundaries of the confidence intervals, 
respectively. Potential false positive TEP early breast cancer detection results due to 
a cancer other than breast cancer were calculated according to the ‘all cancer’ 
incidence rate (corrected for total number of samples in the analyses, e.g. 
proportionally reduced when the TEP test was employed as second test in a serial 
test setup), and added to the false positive rate. The positive predictive value (PPV) 
was calculated by dividing the correctly predicted breast cancer patients in the 
second diagnostics test by the total number of positive tests results in the second 
diagnostics test. The negative predictive value (NPV) was calculated by dividing the 
correctly predicted non-cancer females in both the first and second diagnostics tests 
by the total number of negative test results in the first and second diagnostics tests. 
Finally, we had to assume that 1) the TEP early breast cancer detection test, 
mammography and MR-imaging test are independent tests thus the result of one 
test does not influence the result of a second test, 2) the mammography and MRI 
diagnostics tests have similar detection rates among early- and late-stage cancers, 3) 
a full attendance and adherence rate for all women recruited for both parallel 
diagnostics procedures, and 4) the false positive rate of the TEP breast cancer 
detection test due to the presence of a cancer other than breast cancer is similar for 
any cancers other than breast cancer, and similar to the false positive rate obtained 
in the eight tumor types tested. 
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Results 
Tumor-educated platelets have an altered spliced RNA repertoire in patients with 
breast cancer 
We prospectively collected and isolated blood platelets from women with 1) early-
stage (stage I-II) or late-stage (stage III-IV) breast cancer (n=265 in total), and 2) 
women reported to be cancer free (n=216 asymptomatic female controls) but not 
excluding women with benign ovarian lesions, or inflammatory or cardiovascular 
diseases (non-cancer controls n=144; non-cancer series in total n=360; Figure 1B). 
Platelets were isolated within 48 hours after blood withdrawal, according to a 
previously established and standardized protocol, yielding only minimal platelet 
activation and no significant contamination of leukocytes10. A total of 99% (133 out 
of 134) of early- and late-stage breast cancer patients of which platelet counts were 
available had platelet counts within the normal 150-450x109/L reference range, one 
patient showed thrombocytosis (Figure S1B).  

Platelet RNA was isolated and RNA quality and quantity were determined 
prior to mRNA amplification and RNA-sequencing. Post-sequencing bioinformatics 
analyses were performed using the previously described particle swarm optimization 
(PSO)-enhanced thromboSeq platform (Figure S1A-D, additional details are 
available in the Methods)10,11. All platelet RNA sequencing libraries were analyzed 
using solely the intron-spanning spliced RNA reads, thereby circumventing potential 
cell-free DNA contamination, and uncovering the spliced RNA repertoire of the 
platelets. Tumor stage, breast tissue density, patient age, and mutant BRCA1/2 
status were available for correlative analysis (Table 1; Table S1). The series was 
matched for patient age (median age of 51 years (interquartile range (IQR): 16 years) 
and 54 years (IQR: 24 years) for patients with breast cancer (n=265) and non-cancer 
series (n=360), respectively). We observed a high correlation of quantified and 
averaged spliced RNAs (n=4,351 detected in total) between women with breast 
cancer (n=265) and age-matched non-cancer series (n=360) (r>0.98, p<0.001, 
Pearson’s correlation, Figure S1E).  

By ANOVA analysis and unsupervised hierarchical clustering of selected 
differentially expressed splice junction TEP RNAs, we determined the alterations in 
TEPs of women with breast cancer as compared to the non-cancer series (FDR<0.05; 
n=2,660 out of a total of n=4,351; n=1,112 increased and n=1,548 decreased 
spliced RNAs, heatmap clustering with particle-swarm optimization; p<0.001, 
Fisher’s exact test, Figure 1C, Table S2), as described previously10.  
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Figure 1 – Tumor-educated platelet RNA panels enable for breast cancer detection.  

(A) Blood-based breast cancer analysis by thromboSeq, a platelet RNA-based classification 
platform employing swarm intelligence. (B) Overview of the cross-sectional sample series, 
i.e. early- and late-stage female breast cancer (n=265) and female non-cancer controls 
(n=360). (C) The diagnostic thromboSeq signatures are based on spliced RNA reads and 
distinguish women with breast cancer from non-cancer controls, p-value<0.001 by Fisher’s 
exact test. Patient characteristics are indicated on top of the heatmap according to color 
codes: American College of Radiology (ACR) tissue density: 1 = red; 2 = blue; 3 = groen; 4 
= paars. BRCA1/2-genotype: mutant = blue; wildtype = red. Clinical subtype: HER2 = red, 
LUM  (luminal) = blue, TN (triple negative) = green. Tumor stage: Stage I = rood; Stage II = 
blauw; Stage III = groen, Stage IV = paars. Not applicable/unknown = grey. (D) Fold 
enrichment score of biological processes associated with increased (red bars) or decreased 
(blue bars) spliced RNAs in platelets of women with breast cancer. (E) Top: schematic 
representation of multiple spliced intron-spanning RNA-sequencing reads (red) mapped to a 
platelet RNA reference annotation (grey). Bottom: Normalized spliced read counts showing 
a tumor stage-related increase of splicing (top-5 depicted), FDR<0.05. 
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Table 1 – Cross-sectional sample series characteristics and classification accuracies of 
the early breast cancer detection algorithm. 

* Stage III and IV are tested in the late-stage validation series 

All stage 
Training 

(n)

All stage 
Evaluation 

(n)

Early-stage 
Validation 

(n, % correct) 
Application I 

rule-out

Early-stage 
Validation 

(n, % correct) 
Application II 

rule-in
Total of all 
samples

Non-cancer 106 91 163 (37%) 163 (92%) 360

Breast cancer 106 62 77 (91%) 77 (30%) 245

Stage I 16 4 16 (88%) 16 (38%) 36

Stage II 45 20 61 (92%) 61 (28%) 126

Stage III 12 8 0 (n.a.)* 0 (n.a.)* 20*

Stage IV 33 30 0 (n.a.)* 0 (n.a.)* 63*

BRCA1/2 
mut. 5 3 7 (86%) 7 (29%) 15

BRCA1/2 wt 96 57 66 (91%) 66 (32%) 219

BRCA1/2 
unknown 5 2 4 (100%) 4 (0%) 11

ACR 1 6 2 4 (100%) 4 (0%) 12

ACR 2 11 9 15 (80%) 15 (27%) 35

ACR 3 21 10 24 (96%) 24 (29%) 55

ACR 4 12 4 5 (100%) 5 (20%) 21

ACR 
unknown 56 37 29 (90%) 29 (38%) 122

LUM subtype 61 34 40 (85%) 40 (38%) 135

HER2 
subtype 24 11 11 (100%) 11 (9%) 46

TN subtype 14 13 25 (96%) 25 (28%) 52

Subtype 
unknown 7 4 1 (100%) 1 (0%) 12
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The top-5 RNAs that showed increased spliced read counts in women with breast 
cancer were H3F3A, SLA2, FKBP1A, DMTN, and PARVB, and the top-5 RNAs 
showing decreased spliced read counts were EZR, HSPA5, CCNH, NFKB1, and 
SRSF7. Gene ontology analyses of the spliced RNAs in TEPs of early- and late-stage 
breast cancer patients revealed roles in actin-binding, cell-cell adhesions and 
platelet degranulation (Figure 1D, Table S3A). We observed reduced spliced read 
counts of RNAs involved in mRNA-translation, mRNA-splicing, and RNA-binding 
(Figure 1D, Table S3B). In total, 857 out of the 4,351 spliced RNAs showed a tumor 
stage-related increase of splicing activity in platelets of non-cancer series to TEPs of 
patients with early- or late-stage breast cancer. Of the top-5 stage-related spliced 
RNAs SLA2, H3F3A, AP1B1, CA1, and FKBP1A (Figure 1E) were also part of the 
top-5 of RNA showing most increased spliced read counts. Gene ontology analyses 
of the detected TEP RNA biomarkers revealed associations with cell-cell adhesions, 
GTP-binding, and SH3-domains (Figure S2A, Table S3C).  

It was shown that platelet lysates from breast cancer patients have enhanced 
p-selectin protein expression, a surface marker associated with younger, reticulated 
platelets11,59,219,261. Previously, we associated increased spliced RNA levels of p-
selectin in TEPs of patients with non-small-cell lung cancer with the presence of 
cancer. We confirmed our platelet isolation protocol does not induce platelet 
activation with enhanced surface membrane protein expression of the activation 
marker p-selectin11. Here, we now investigated p-selectin spliced RNA levels in TEPs 
of patients with breast cancer (Figure S2B). We observed a gradual increase of both 
p-selectin spliced RNA as well as our previously identified p-selectin signature 
(Figure S2C), composed of RNAs significantly correlating to p-selectin expression in 
platelets11. We estimate that ~86% (955 out of 1,112 RNAs with increased splicing) 
RNAs of the ‘breast cancer versus non-cancer’-signature (Figure 1C) is associated 
with the presence of younger, reticulated, p-selectin-high platelets (Figure S2D). The 
splicing levels of these illustrative markers indicate that individual spliced platelet 
RNA markers can increase or decrease across the different stages of disease, and 
therefore may have limited impact as individual markers. However, in the context of 
biomarker RNA panels the combined markers can result in distinct clustering of 
women with different stages of breast cancer and/or asymptomatic females with or 
without benign tumors, inflammatory or cardiovascular diseases (Figure 1C,E and 
Figure S2A-C). Altogether, these results suggest that the early breast cancer TEP 
signature may at least be partially correlated to tumor size and lymph node 
involvement. 

167



Chapter 5

Tumor-educated platelets allow for blood-based detection of early and late-stage 
breast cancer 
The significant tumor-specific clustering of patients with breast cancer based on their 
spliced platelet RNA profiles urged us to employ our PSO-enhanced thromboSeq 
algorithm for RNA biomarker panel selection and test development10,11. We 
determined that multiple scenarios could be employed for a pre-clinical test for 
blood-based early breast cancer diagnostics (Figure 2A). Application I (a rule-out 
test) is aimed to reduce the number of false positive non-cancer test outcomes after 
mammography, thereby preventing that these individual patients receive 
burdensome and needless follow-up diagnostics. A highly sensitive mammography-
supporting TEP-based algorithm with optimal negative predictive value (NPV) could 
potentially reduce the number of false positive test outcomes after mammography, 
and prevent unnecessary clinical follow-up. Of note, the chance of having a false 
positive result after 10 yearly mammograms is about 50 to 60 percent262–264, 
resulting in significant costs and undesired anxiety. Application II (a rule-in test) is 
directed at breast cancer screening of women with on average relatively dense 
breast tissue, a feature which hampers the sensitivity of mammography, and/or 
women genetically predisposed to breast cancer, most commonly caused by 
BRCA1/2 germline mutations. This algorithm thus aims to detect breast cancer at an 
early stage in women who have an increased risk for breast cancer with high 
specificity and optimal positive predictive value (PPV). Here, the TEP-based 
algorithm is required to be breast tissue density-, clinical subtype-, and BRCA1/2 
genotype-independent. The diagnostic PSO-enhanced thromboSeq algorithm we 
employ allows for dual use of the same TEP-trained dataset by adjusting the 
classification thresholds (Figure 2A).  

We first considered all 265 breast cancer samples and the 216 asymptomatic 
female controls for algorithm development and independent validation (see sample 
flow chart, Figure 2B). We randomly selected platelet RNA profiles of 106 stage I-IV 
breast cancer patients and platelet RNA profiles of 70 age-matched asymptomatic 
female controls (n=176; Figure 2B, 3A) for algorithm training. We next evaluated 
and optimised the algorithm by selection of a tailored RNA panel using PSO by 
employing another 114-samples dependent evaluation series (n=114; Figure 2B, 
3A). This classification algorithm enabled for accurate detection of early- and late-
stage breast cancer and asymptomatic female controls in the independent validation 
series (AUC 0.81 and 0.94, respectively), however, the classification accuracy of non-
cancer conditions, including several inflammatory diseases, was reduced below 
clinically relevant and acceptable thresholds (AUC 0.46) (Figure S3).  
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Figure 2 – PSO-enhanced thromboSeq early breast cancer detection algorithm 

development and flow chart of sample series.  

(A) Two clinically relevant applications for a TEP-based early breast cancer diagnostics test. 
The algorithm characteristics are shown in the boxes. (B) Flow chart of samples series 
employed for early breast cancer detection algorithm development. Out of a total sample 
series size of 946 blood samples, 265 breast cancer TEP samples, 360 non-cancer platelet 
samples, and 321 other-cancers TEP samples were included for algorithm development and 
validation. Samples were split over the various training, evaluation, and validation series as 
indicated. 

These results indicate that this algorithm that was trained with asymptomatic women 
as controls only, could not properly distinguish between breast cancer and other 
non-cancerous diseases. Hence, we re-initiated the algorithm training process, and 
this time selected an additional 36 and 39 non-cancer controls including several 
inflammatory diseases for the training and evaluation series, respectively. The 
remaining non-cancer controls were included in the validation series (n=69, Figure 
2B, 3A). Following training and swarm-optimization of the algorithm, the dependent 
evaluation series including stage I-IV breast cancer patients resulted in an area under 
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the curve (AUC) of 0.90 (CI-95%: 0.85-0.95, n=153, p<0.001, dark grey line, Figure 
3B). The PSO-selected biomarker panel consisted of 1,078 spliced RNAs out of the 
total of 4,351 spliced RNAs (Table S4), which is a significant decrease over the 2,660 
differentially spliced RNAs that were selected by ANOVA (Figure 1C), and indicative 
of the additional selection power that swarm-intelligence may provide. The PSO-
selected 1,078 spliced RNA panel showed 74% overlap with the ANOVA-selected 
panel of 2,660 spliced RNAs.  

Subsequently, based on the stage I-IV training and evaluation series we 
selected two optimal classifier threshold values that result in patient rule-out 
(threshold value 0.28; 94% sensitivity, 58% specificity) or rule-in (threshold value 
0.76; 63% sensitivity, 93% specificity; Figure S4A) for independent validation. We 
locked these threshold parameters of the ‘breast cancer versus non-cancer’-
algorithm prior to validation. For the independent early-stage validation series, we 
employed the remaining early-stage breast cancer and non-cancer samples (n=240) 
collected and processed in parallel to the samples of the training and evaluation 
series but not included in algorithm development. This resulted in an AUC of 0.72 
(CI-95%: 0.66-0.79, n=240, p<0.001, red line, Figure 3B). Validation of the early-
stage breast cancer TEP test using the rule-out Application I setting resulted in 91% 
sensitivity and 37% specificity, whereas validation using the rule-in Application II 
setting resulted in 30% sensitivity and 92% specificity (Figure 3C-F, Table 1). We 
confirmed the sensitivity of the spliced TEP RNA panel for the detection of early-
stage breast cancer by randomly selecting other training and dependent evaluation 
series with similar sample sizes (n=1000 iterations, median AUC: 0.69, IQR: 0.06). In 
addition, we confirmed the specificity by randomly shuffling class labels 
(permutations) during the training process, resulting in random classifications 
(n=1000, median AUC: 0.50, IQR: 0.07, p<0.001). 

Additional validation using the independent late-stage validation series 
(n=183) including 20 stage III/IV breast cancer patients and the same 163 non-
cancer controls (Figure 2B, S4B), resulted in an AUC of 0.89 (CI-95%: 0.81-0.96, 
n=183, blue line, Figure S4B), and increased rule-out and rule-in detection rates 
(Figure S4B-D). Evaluation of samples assigned to the training series (n=212) 
performed by leave-on-out cross validation analysis resulted in comparable 
classification performance (AUC: 0.86, CI-95%: 0.81-0.92, n=212, grey dashed line, 
Figure 3B, S4B). 

Results from additional analyses evaluating the early-stage validation series 
employing both rule-out and rule-in settings suggests that correct classification by 
the TEP-based algorithm is independent of tumor stage, clinical subtype as 
determined from estrogen receptor expression and HER2-amplification, BRCA1/2 
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status, and breast tissue density (ACR1-4; American College of Radiology tissue 
density scoring) (Table 1, Figure S5), though detection may be compromised in 
patients with ACR1 breast density (n=4; Figure S5B). This data also indicates that 
non-cancer conditions may interfere with the TEP RNA-based early- and late-stage 
breast cancer detection, 

 

Figure 3 – PSO-enhanced thromboSeq allows for detection of early-stage breast cancer 
according to two clinically relevant applications.  
(A) Schematic representation and details of the training, dependent evaluation, and 
independent validation series. The stage I-IV training and evaluation series are employed for 
algorithm training and optimization (indicated with the ‘PSO-bird’), and validated in an 
independent early-stage breast cancer validation series. (B) ROC-curves based on the 
1,078-RNA TEP breast cancer algorithm of the training (stage I-IV, dashed grey), dependent 
evaluation (stage I-IV, dark grey), and independent early stage breast cancer validation 
(stage I-II; red). Indicated are series size and area-under-the-curve (AUC). Two-by-two cross-
tables show classification of the independent early-stage validation series in the early breast 
cancer detection algorithm directed towards a rule-out setting (C) or rule-in setting (E). 
Actual classes are shown in the columns, predicted classes are shown in the rows. Indicated 
are sample numbers and percentages per group total, and the percentage of correctly 
predicted individuals. (D,F) Bars represent for early-stage breast cancer patients and non-
cancer controls the detection accuracy in the early-stage validation series, employing the 
rule-out (D) and rule-in (F) algorithm settings. Bars include a CI-95%.  
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highlighting the need for non-cancer controls in the algorithm development. 
Despite this, a minority of asymptomatic female individuals with or without non-
cancer conditions classified as breast cancer patients. These individuals may 
potentially be false-positive cases. Due to anonymization for follow-up, we cannot 
exclude these individuals had at moment of blood draw undiagnosed cancer.

TEP RNA profiles from patients with breast cancer can be discriminated from those 
with other tumor types 
As the incidence of any type of (asymptomatic) cancer in the Western world is rather 
low (~0.3%), the early breast cancer diagnostics algorithm in practice may only be 
minimally interfered by false positive test results due to cancers other than breast 
cancer. An advantage of the TEP RNA-based thromboSeq platform for cancer 
diagnostics is the unbiased platelet RNA profiling approach, which allows for 
detection of an RNA signature in an a priori unselected manner, as opposed to 
diagnostics tests dependent on cancer-specific (genomic) markers. As the TEPs of 
patients with a type of cancer other than breast cancer were reported to also contain 
cancer-associated RNA profiles10, we questioned whether such blood samples would 
test positively in the early breast cancer detection algorithm. We collected another 
321 blood samples from females with several other tumor types (Table S1), including 
non-small-cell lung cancer, glioblastoma, and pancreatic cancer, and also subjected 
these TEP samples to the thromboSeq pipeline. Out of 321 women with other types 
of cancer than breast cancer, 273 and 102 cases were incorrectly recognized as 
breast cancer in the rule-out and rule-in setting of the algorithm including non-
cancer conditions, respectively (Figure S6A). These results indicate that our early-
stage breast cancer detection algorithm is specifically trained and optimized for 
discrimination of individuals with early-stage breast cancer from non-cancer 
individuals, but not for discrimination of individuals with early breast cancer from 
those with other tumor types. However, we confirmed that TEP signatures from early 
breast cancer patients can be discriminated from those with several other age-
matched stage I-IV tumor types using a second ‘breast cancer versus other cancers’-
algorithm (Figure S6B). The algorithm could be applied sequentially to the early 
breast cancer detection algorithm to (partially) rule out other tumor types (n=245 
validation series, AUC 0.78, CI-95%: 0.73-0.84, p<0.001, Figure S6C). The ‘breast 
cancer versus other cancers’-algorithm is based on a PSO-selected biomarker panel 
of 2,573 spliced RNAs, and showed 25% overlap with the ‘breast cancer versus non-
cancer’ panel of 1,078 spliced RNAs. We thus confirmed that TEPs harbor tumor 
type-specific RNA signatures that allow the discrimination of patients with breast 
cancer from women not diagnosed with cancer and those with other tumor types. 
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An early breast cancer detection TEP test combined with conventional breast cancer 
detection methods may potentially decrease the number of invasive diagnostic 
procedures 
Currently employed screening tests for breast cancer, mammography and MR-
imaging have suboptimal detection rates. Though these imaging modalities provide 
valuable information regarding the side and exact location of the breast tumor, they 
may ideally be supplemented by an additional rule-in or rule-out diagnostic (blood) 
test. An additional screening tool complementing mammography and MR-imaging 
may lower the number of false positive test results, thereby reducing burdensome 
and costly follow-up diagnostics. To estimate the potential contribution of the early 
breast cancer detection algorithm to potential real-world scenarios we collected 
incidence rates and test metrics of the imaging tests (see also the Methods). We 
compared multiple serial diagnostic workflows in a hypothetical model, including 
mammography followed by TEP rule-out test (Figure S7A), MR-imaging in BRCA1/2-
predisposed women followed by TEP rule-out test (Figure S7B) or vice versa (Figure 
S7C), a TEP rule-in test followed by mammography in women aged over 55 currently 
in national breast cancer screening programs (Figure S7D), and a TEP rule-in test 
followed by MR-imaging in younger women with potential denser breast tissue 
(Figure S7E). These hypothetical populations and the age-ranges were carefully 
selected according to potential, clinically relevant settings. Women aged below 45 
years have on average increased dense breast tissue, whereas women aged over 55 
are usually included in nation-wide screening programs. Since the early breast 
cancer detection TEP algorithm could also detect other cancers, the performance 
metrics of the TEP test were corrected for possible false positive test results 
obtained from cancers other than breast cancer. After all corrections we calculated 
the potential significant reduction of required invasive biopsies that may come at 
cost of undetected tumors. The modelled results revealed a possible reduction in 
biopsies required of 22.2-89.2% upon introduction of the early breast cancer 
detection TEP test (Figure S7, Table S5). Importantly, since standardized, matched 
imaging data from the breast cancer and non-cancer individuals were not available, 
we here assumed that both diagnostics tests in parallel behave independently and 
thus the results from the first test do not influence those of the second test. Since 
these tests are most likely not independent in clinical practice, the reported results 
may be an overestimation of the true effect. In conclusion, although these modelled 
results are based on multiple assumptions and corrections, and hence should be 
interpreted with caution, they support further prospective validation of TEPs in early-
stage breast cancer detection studies. 
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Discussion 
Early detection of cancer from blood is considered as a promising strategy to reduce 
cancer-related deaths158,159,202,265. Here, we introduce a diagnostic algorithm that 
requires the input of platelet-derived RNA for the sensitive and specific classification 
of different stages of breast cancer. Further optimization of the detection of early-
stage breast cancer in rule-out or rule-in settings may be achieved by adjusting the 
exact algorithm threshold settings towards even higher specificity or higher 
sensitivity. Such fine-tuning may be employed to minimize the number of false 
positive women and can be determined in a future prospective case-controlled 
early-stage breast cancer detection setting, before and/or after mammography or 
MR-imaging. In addition, recent technological advances in liquid biopsies have 
enabled tissue-of-origin diagnostics10,266,267. As we observed significant false positive 
cross-classification of patients with cancers other than breast cancer in the early 
breast cancer detection algorithm, we instructed a second algorithm to specifically 
identify differences between these two groups, and confirmed our previous 
observation that TEPs harbor tumor type-specific signatures, including in earlier 
cancers10. We first trained an early breast cancer detection algorithm employing 
asymptomatic female controls only. However, we observed large numbers of false-
positive test results when women with non-cancerous conditions were tested, urging 
us to include these women also in the training process. This new algorithm was able 
to discriminate women with non-cancerous conditions from women with early- or 
late-stage breast cancer. Though it should be noted that we had only access to a 
small selection of existing non-cancerous disease conditions and the incidence of 
certain non-cancerous disease conditions is in our sample series potentially 
overestimated. Prospective validation of the algorithms in independently collected 
and processed validation series, including individuals with benign tumours, 
inflammatory or other non-cancerous diseases, is required. This may reveal that 
additional algorithm training is required to improve generalizability in other 
independently collected validation series and/or to reduce potential false positive 
test results due to non-cancerous diseases.  

Recent studies have highlighted the contributive role of platelets to cancer 
growth, angiogenesis and metastasis39,268–271. Platelets can be regarded as 
participants of the tumorigenesis process, thereby altering their spliced RNA 
profile255. Possibly, alterations in TEP RNA profiles are partially mediated by 
transcriptional programs in the megakaryocyte, the platelet precursor cell residing in 
the bone marrow and the lungs227. A previous study has identified that non-small-
cell lung cancers stimulate blood platelet production via platelet factor 4-signaling, 
with an concomitant increase of younger reticulated platelets272. We estimated that 
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about one-fifth of the altered TEP RNA profile in breast cancer patients may be 
attributed to this reticulated platelet population (Figure S2B-D)11,272. We previously 
identified non-small-cell lung cancer-associated RNA-binding protein (RBP) 
signatures, correlated to the observed splicing events11. As RBPs partially regulate 
the RNA splicing patterns in platelets71, differential breast or any other solid tumor-
derived queues may result in primary tumor specific RNA splicing profiles, enabling 
for TEP RNA-based distinction between breast cancer and other cancers. It remains 
to be investigated which exact breast cancer-associated factors are responsible for 
the change in spliced platelet RNA levels. Follow-up studies should also address the 
heterogeneity of RNA alterations and splicing events in individual platelets in the 
context of circular RNA formation and miRNA regulation212, and  the breast tumor – 
platelet – megakaryocyte axes towards both the bone marrow and the lung 
parenchyma. Such communication might be revealed by employing murine breast 
cancer models with use of reporter genes or Cre recombinase systems 273 that may 
shuttle between the primary tumor, platelets and megakaryocytes. In addition, 
follow-up studies should assess the intended purpose of additional and altered 
spliced RNAs in TEPs, which might be subjected to protein translation45 and 
platelet-tumor signaling, or decay60. 

The thromboSeq protocol enables for unbiased characterization of the 
(spliced) platelet RNA content. With this, for any thromboSeq-based diagnostics test 
the same RNA-sequencing wet-lab protocol can be applied, and the large biomarker 
panel selection is not a limitation for the dedicated thromboSeq software. This 
approach advances the use of the same RNA sequencing file for multiple 
comparative analyses and diagnostics read-outs. Though the platelet pellets are 
isolated using a standardized protocol based on differential centrifugation, we 
cannot exclude that a part of the platelet RNA-derived signal is caused by co-
isolation of other cell fragments of similar size. Further improvement of the 
specificity and sensitivity of the platelet assay may be accomplished by including 
significantly more platelet samples for algorithm training and/or the combined 
readout of multiple blood-based biosources and biomolecules, such as cell-free 
plasma or exosome-derived nucleic acids, or circulating tumor cells14,158,233,274. In 
addition, prospective clinical trials, benchmarking (blood-based) detection tools, 
require the thorough pre-analytical rule-out, for example by mammography analysis, 
of the presence of cancer in age-matched individuals included as non-cancer 
controls. Despite that the early-stage breast cancer classifier may be able to identify 
the presence of breast cancer independent of breast tissue density, follow-up 
studies should require inclusion of screen-detected benign breast lesions, e.g. 
sclerosing lesions and papillomas, and evaluation of the performance of the 
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classification algorithms in a general population. Also, breast tissue density should 
be defined in the non-cancer series as well. Moreover, the blood-based read-out of 
malignant potential of pre-cancerous lesions, such as ductal carcinoma in situ, which 
might progress towards invasive breast cancer, or low-grade biologically favorable 
breast tumors which may have extensive lead-time bias when detected early 
requires further attention275. Such prospective and preferably blinded clinical studies 
may be first performed in women with BRCA1/2-predisposing mutations. On top, 
coming studies may take potential age-related changes to the platelet RNA into 
account, similarly as the recently observed and potentially related to blood clonal 
hematopoiesis66,109,276. Finally, the complementary value of the algorithm able to 
discriminate breast cancer from other cancers in TEP breast cancer-positive but 
imaging-negative individuals should be investigated in a prospective setting. In 
conclusion, large scale validation of TEPs, possibly combined with additional 
biosources and/or biomolecules, in a rule-out and/or rule-in setting for the early 
detection of breast cancer is warranted. 
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Supplementary data 

Figure S1 – thromboSeq for early breast cancer detection.  
(A) Schematic overview of thromboSeq procedure. Whole blood is collected in 6 or 10 mL 
purple-cap EDTA-coated vacutainer tubes. Platelets are isolated by differential 
centrifugation and the platelet pellet is subjected to RNA isolation. Following a Bioanalyzer 
RNA Picochip quality-control step, poly-A-tailed RNA is amplified, and subjected to Truseq 
cDNA labeling and preparation for sequencing. All steps are quality-controlled by 
Bioanalyzer analyses. Pooled sample libraries (12-19 samples a lane) are sequenced on the 
Illumina Hiseq platform using 100 bp Single Read sequencing mode. In silico RNA 
signatures were subjected to differential expression analysis. (B) Scatterplot with available 
platelet counts in 109 per liter from blood of breast cancer patient (n=134 samples had 
available platelet counts). The platelet counts were determined at day of blood collection 
for thromboSeq, 1 out of 134 patients had thrombocytosis. (C) Representative examples of 
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quality control Bioanalyzer steps, starting with total RNA (RNA 6000 Picochip) after platelet 
RNA isolation, SMARTer amplified cDNA (DNA High Sensitivity chip) following SMARTer 
mRNA amplification, and Truseq cDNA (DNA 7500 chip) after platelet cDNA labeling and 
library preparation. Graphs are shown for samples collected from a female reported to be 
without cancer (non-cancer) and a breast cancer patient. (D) Summary of the number of 
different spliced RNAs detected in the platelet samples using thromboSeq (10-20 million 
reads on average), shown for both non-cancer females (n=360), breast cancer patients 
(n=265), and females with other tumor types (other cancers; n=321). The box indicates the 
interquartile range (IQR), black line represents the median, and the whiskers indicate 1.5 x 
IQR. The average number of different spliced RNAs detected per sample is approximately 
4,000-4,500. (E) Pearson correlation coefficient (color bar) and hierarchical clustering of 
mean RNA expression of 4,351 RNAs per group, indicating the high comparability of the 
platelet RNA samples among the three groups on the averaged, complete platelet RNA 
repertoire. The number of individuals per group is noted between brackets. 
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Figure S2 – TEP Gene ontologies and p-selectin signature. 
(A) Left: Barplots indicating the fold enrichment score resulting from DAVID gene ontology 
analyses for RNAs with increased splicing levels between non-cancer controls, early-stage 
(stage I/II) or late-stage (stage III/IV) breast cancer patients (see also Figure 1E). The higher 
the fold enrichment score, the stronger the association with the named biological process. 
Right: Boxplot of median log2-transformed counts-per-million (logCPM) normalized spliced 
read counts (top) of the RNA signatures annotated for the three top gene ontologies in 
platelets from non-cancer individuals and TEPs of patients with early- or late-stage breast 
cancer. (B,C) Boxplot of log2-transformed counts-per-million (logCPM) normalized spliced 
read counts (top) of the P-selectin (ENS00000174175) spliced RNAs (C) or median logCPM 
normalized spliced read counts of the P-selectin signature (D) in platelets from non-cancer 
controls and TEPs of patients with early- or late-stage breast cancer. (D) Venn diagram 
overlay of spliced RNAs with increased levels in the breast cancer TEP signature (blue circle, 
see also Figure 1C) and RNAs including in the P-selectin signature (grey circle, i.e. positive 
Pearson’s correlation (FDR<0.01) towards P-selectin11). 43 RNAs included in the original P-
selectin (n=1,820 RNAs) were not detected in this dataset, resulting in a signature 
composed of 1,787 RNAs. Number of overlapping RNAs is indicated in the Venn diagram. 
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Figure S3 – Asymptomatic female controls versus breast cancer detection algorithm 
(A) ROC-curves based on the 1,140-RNA TEP breast cancer algorithm of the training (stage 
I-IV, dashed grey), dependent evaluation (stage I-IV, dark grey), independent early-stage 
breast cancer validation (stage I-II; red), and independent late-stage breast cancer validation 
(stage III-IV; blue) series. Indicated are series size and area-under-the-curve (AUC). Non-
cancer conditions were validated in the algorithm resulting in random classifications (black 
line). (B,C) Bars represent for early- and late-stage breast cancer patients, asymptomatic 
female controls (abbreviated as ‘asymp.’), and non-cancer controls the detection accuracy in 
the ‘asymptomatic female controls versus breast cancer’-detection algorithm, employing the 
rule-out (B) and rule-in (C) algorithm settings. Bars include a CI-95%. 
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Figure S4 – Detection rates of the late-stage breast cancer validation series 
(A) Two-by-two cross tables show classification of the dependent evaluation series with a 
cut-off value selected towards high sensitivity (left cross table) and high specificity (right 
cross table), the rule-out and rule-in applications, respectively. Actual classes are shown in 
the columns, predicted classes are shown in the rows. Indicated are sample numbers and 
percentages per group total, and the percentage of correctly predicted individuals. (B) 
ROC-curves based on the 1,078-RNA TEP breast cancer algorithm of the training (stage I-IV, 
dashed grey), dependent evaluation (stage I-IV, dark grey), and independent late-stage 
breast cancer validation (stage III-IV; blue). Indicated are series size and area-under-the-
curve (AUC). Two-by-two cross tables show classification of the independent late-stage 
validation series in the early breast cancer detection algorithm directed towards a rule-out 
setting (upper) or rule-in setting (lower). Actual classes are shown in the columns, predicted 
classes are shown in the rows. Indicated are sample numbers and percentages per group 
total, and the percentage of correctly predicted individuals. (C) Bars represent for late-stage 
breast cancer patients and non-cancer controls the detection accuracy in the late-stage 
validation series, employing the rule-out (left) and rule-in (right) algorithm settings. Bars 
include a CI-95%. (D) Cross sectional sample series characteristics and late-stage validation 
series classification accuracies of the early breast cancer detection algorithm. 
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Figure S5 – Correlation of TEP classification scores to clinical characteristics. 
(A) Boxplots show predictive strength (‘platelet classification score’) of breast cancer 
samples (red boxes) and non-cancer controls (blue boxes, only included in evaluation of the 
patient age) studied in the independent validation series correlated to multiple clinical 
characteristics, i.e. patient age, BRCA1/2-genotype, clinical subtype, and ACR tissue density 
score. A high platelet classification score represents increased confidence of the algorithm 
for breast cancer as the clinical diagnosis. Grey lines indicate the algorithm thresholds 
selected using the evaluation series for a rule-in or rule-out setting. (B) Sensitivity of the 
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early breast cancer detection algorithm, employing the rule-in (top) and rule-out (bottom) 
algorithm readout, for BRCA1/2-genotype mutant (+; n=7) or wild-type (-; n=66) patients, 
patients with tissue density ACR scores 1 (n=4), 2 (n=15), 3 (n=24), and 4 (n=5), and patients 
with clinical subtypes luminal (LUM; n=40), HER2 (n=11), and triple-negative (TN; n=25). 
Investigated are the breast cancer patients included in the early-stage validation series and 
of which this particular clinical data is known. Bars include a CI-95%. 
 

Figure S6 – Early breast cancer TEP RNA profiles can be distinguished from those of 
females with other tumor types. 
(A) Performance of the early breast cancer detection algorithm for the classification of 321 
females with other tumor types. (B) Schematic representation of samples series employed 
for development of the ‘breast cancer versus other cancers’-algorithm and details of the 
training, dependent evaluation, and independent validation series. The stage I-IV training 
and dependent evaluation series are employed for algorithm training and optimization 
(indicated with the ‘PSO-bird’), and validated in an independent early- and late-stage breast 
and other cancers validation series. (C) ROC analysis of the PSO-enhanced ‘breast cancer 
versus other cancers’-algorithm. Training series performance is indicated by the dashed grey 
line, dependent evaluation series by the dark grey line, and independent validation series 
by the blue line. 
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Figure S7 – Flow diagram of early breast cancer detection algorithm in hypothetical 
clinical settings.  
Detection rates of breast cancer in multiple modelled real-world scenarios: (A) 
mammography applied to women aged 35-44 of the general population with a breast 
cancer incidence of 0.11/1000/year and other cancer incidence of 0.19/1000/year, followed 
by TEP rule-out test, (B) MR-imaging applied to women with predisposing BRCA1/2 
genotype aged 35-44 with a breast cancer incidence of 26.5/1000/year and other cancer 
incidence of 0.19/1000/year, followed by TEP rule-out test, (C) TEP rule-in test applied to 
women with predisposing BRCA1/2 genotype and aged 35-44 with a breast cancer 
incidence of 26.5/1000/year and other cancer incidence of 0.22/1000/year, followed by MR-
imaging, (D) TEP rule-in test applied to women aged 55-64 of the general population with a 
breast cancer incidence of 0.32/1000/year and other cancer incidence of 0.93/1000/year, 
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followed by a conventional mammography test, and (E) TEP rule-in test applied to women 
aged 35-44 of the general population with a breast cancer incidence of 0.11/1000/year and 
other cancer incidence of 0.19/1000/year, followed by a conventional MR-imaging test. See 
for details Table S5 and the Methods-section. Shown are rates of true positive (TP), false 
positive (FP), false negative (FN), and true negative (TN) detection rates, including CI-95%, 
according to the total population size (n=10,000 in all calculations). For serial diagnostic 
workflows women tested positive (TP or FP) were assigned to the second diagnostic 
procedure. For each workflow the estimated final positive (PPV) and negative predictive 
value (NPV) is shown, including the percentage reduction of invasive diagnostics and 
percentage of potentially missed cases. 

The supplementary tables can be found online at 
https://surfdrive.surf.nl/files/index.php/s/0SqdKZRVeSbsoi9/download 
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