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Background
The number of cancer cases is expected to increase by 40% 
in 20 years and reach nearly 30 million new cases per year 
in 2040 [1]. Therefore, it is of utmost importance to get a 
grip on cancer prevention and early diagnosis. Colorectal 
cancer (CRC) is the third most commonly diagnosed and 
the second most deadly cancer worldwide [1]. Because it 
begins insidiously, 20% of CRC cases are not discovered 
until cancer has already outgrown the colon [2]. Detecting 
tumors at an early stage represents a major opportunity to 
reduce CRC morbidity and mortality and improve patient 
prognosis. Renal cell carcinoma is the ninth most com-
mon cancer worldwide, with an increasing incidence due 
to growing obesity rates, smoking and alcohol consump-
tion. In most cases, renal cell carcinoma is diagnosed 
incidentally on imaging, and rarely presents with either 
classic symptoms such as hematuria and flank mass or 
paraneoplastic syndromes or varicocele in men [3]. 35% of 
renal cell carcinoma cases are detected at the metastatic 
stage, and no current screening test is available.

Cell-free DNA (cfDNA) found in the bloodstream is pri-
marily a byproduct of cell death in both normal and can-
cer cells [4]. Circulating DNA fragments are mainly short 
molecules with an average length of mononucleosome 
size that tend to be more fragmented in internucleoso-
mal linkers and open chromatin regions. This leads to a 
biased, non-random fragmentation pattern [5]. Moreover, 

tumor-derived DNA fragments (ctDNA) tend to be shorter 
than the non-tumor cell-derived fraction, and constantly 
accumulating evidence suggests that cfDNA fragmenta-
tion may serve as a cancer biomarker at the whole-genome 
level [6, 7]. Some studies argue the presence of specific 
genomic regions with preferential tissue-specific or tumor-
specific cfDNA fragmentation [8]. Recently, several groups 
have thoughtfully characterized open chromatin land-
scapes in human cancer [9, 10], allowing further extrapola-
tions to the cfDNA fragmentation footprints [11]. Here, we 
focus on targeted high-resolution profiling of cancer-spe-
cific open-chromatin regions in cfDNA from the blood of 
healthy individuals and patients with colorectal and renal 
cancers. We demonstrate that the proposed approach can 
facilitate cancer detection.

Results
Targeted fragment end profiling in cfDNA
To design an assay capable of capturing cfDNA frag-
ment end profile shifts in cancer, we examined the avail-
able ATAC-seq datasets of 410 tumor samples from The 
Cancer Genome Atlas (TCGA). These data character-
ize chromatin accessibility in 23 cancer types, including 
colon adenocarcinoma (COAD) and renal cell carcinoma 
(RCC) with a peak resolution of 500 bp [10]. Of these, we 
selected 48 COAD-specific and 48 RCC-specific peaks 
based on their normalized scores and specificity for 
the corresponding cancer type (Supplementary Fig.  1). 
To accurately analyze cfDNA fragment end profiles 
(cfDNA-FEP) in genomic regions of interest, we used a 
modified anchored multiplex PCR approach followed 
by NGS [12]. Briefly, ligation of the universal adapter to 
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cfDNA is followed by primer extension from the target 
primer pool such that the resulting products contain 
universal adapter sequences at the 3′-ends. The ligated 
adapters contain unique molecular identifiers (UMIs) to 
effectively remove PCR duplicates during downstream 
analysis and converge read counts to the number of 
original cfDNA molecules. Subsequent amplification is 

performed with universal primers to reduce PCR biases. 
This scheme allows for targeted amplification while pre-
serving information about the original end coordinates 
of the cfDNA fragments (Fig.  1A). The distributions of 
relative end positions reflect cfDNA fragmentation pro-
files specific to each target region. We hypothesized 
that the cfDNA end profile pattern in open-chromatin 

Fig. 1  cfDNA-FEP overview and study design. A Schematic representation of cfDNA-FEP. Targeted amplification is done with a single specific primer 
for each target region and preserves the original fragment ends. Subsequent high-coverage NGS reveals the distribution of cfDNA fragment ends 
and sequence motifs. B Experiment design. The study cohort (n = 175) was split into two batches. Exploratory data analysis and feature preparation 
were done on the full dataset after quality control. Model tuning was done on the training subset, followed by a performance evaluation on 
the separate testing subset. C Fragment end profiles for stage IV cancer samples and healthy controls in 3 COAD-specific regions are visualized 
as empirical cumulative distribution functions (standard deviation range, top panel) and densities (bottom panel). D. Frequencies of cfDNA 
dinucleotide end motifs in healthy (n = 59), RCC (n = 56) and COAD (n = 56) samples. Significance determined with Wilcoxon test is indicated by 
asterisks (**** - p < 0.0001; *** - p < 0.001; ** - p < 0.01, * - p < 0.05, ns - not significant)
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regions might differ between healthy individuals and 
cancer patients.

cfDNA‑FEP on a clinical cohort
A cohort of 175 individuals with histologically confirmed 
CRC (n = 58) and RCC (n = 57), as well as age-matched 
healthy individuals (n = 60), was divided into two batches 
(n = 116 and n = 59) that were processed individually to 
account for potential batch effects (Fig. 1B). After library 
preparation and paired-end next-generation sequencing, 
we performed UMI-clustering to remove PCR duplicates 
and then aligned clustered reads to the reference genome. 
To generate end profiles, we retrieved only proper pairs 
where the second reads overlapped the target primer 
binding sites. The relative start positions of the corre-
sponding first reads represent the end profile of cfDNA 
molecules for each region (Fig.  1C, top). We examined 
the densities of the distributions in each target region and 
found that, in at least some regions, the average density 
at the peaks differed between cancer and control groups 
(Fig.  1C, bottom). These peaks in density denote sites 

where cfDNA is predominantly cleaved and may vary due 
to nucleosome repositioning, change in chromatin state, 
or aberrant nuclease activity associated with pathology 
[13]. To build a classifier, we selected the most prominent 
peaks in the range of 0–99 bp (Peak1) and 100–300 bp 
(Peak2) within each target region (Supplementary Fig. 2). 
The normalized log2 ratio of the densities in Peak1 and 
Peak2 served as a single-value metric of the fragmenta-
tion profile for each target region, or the fragmentation 
score (FS). We further noted that dinucleotides at the 
ends of the cfDNA fragments were not evenly distrib-
uted, with CC being the most frequent motif (Fig.  1D). 
This is consistent with the previous reports on hepatocel-
lular carcinoma and may be a consequence of aberrant 
nuclease activity in cancer [14]. Therefore, we used the 
frequencies of sequence motifs along with FS values as 
predictors for the cfDNA-FEP model.

Patient samples classification
We trained support vector machine classifiers on a dedi-
cated training dataset to select the best-performing model 
based on the area under the ROC curve. The final classifier 

Fig. 2  cfDNA-FEP performance. A ROC curve for the training set generated with 10-times 10-fold cross-validation (AUC = 0.91). Mean (solid line) 
and range (shaded area) are plotted. The dashed line denotes the theoretical performance of a random classifier. B Cancer scores predicted by the 
cfDNA-FEP classifier on the test set for COAD, RCC, and healthy samples stratified by clinical stage. A decision cutoff of 0.5 is denoted as a dashed 
line. C ROC curve for the testing set (AUC = 0.94). The dashed line denotes the theoretical performance of a random classifier. D The heatmap of 
fragmentomic features and characteristics of the test set samples (n = 52). cfDNA-FEP classification results are shown as cancer score and predicted 
class (cancer or health)
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was able to distinguish cancer and healthy samples on the 
training dataset (10 times 10-fold cross-validation) with 
a mean AUC = 0.91 (sd = 0.09, n = 100) (Fig.  2A) and on 
the unseen test dataset with an AUC = 0.94 and an accu-
racy of 0.9 (Fig. 2C). The cfDNA-FEP classifier generates a 
cancer score for each cfDNA sample. This metric reflects 
the probability that the cfDNA sample is from a patient 
with cancer (Fig. 2B). For samples from the test dataset, we 
observed only a slight decrease in classifier performance for 
early-stage (I, II) cancer (AUC = 0.91, accuracy 0.87) com-
pared with late-stage (III, IV) disease (AUC = 0.96, accu-
racy 0.89). The median cancer score for healthy and stage 
I cancer samples was 0.275 (sd = 0.294, n = 15), and 0.831 
(sd = 0.162, n = 12), respectively, making a classification 
of even early-stage cancers feasible with the decision cut-
off of 0.5 (Fig. 2B). Stage IV cancer samples (n = 12) were 
labeled with a median cancer score of 0.955, sd = 0.205. The 
cfDNA-FEP was able to detect both cancer types in the test 
set with similar performance: AUC for RCC and COAD 
test set samples was 0.94.

Discussion
Fragmentomic cfDNA features can be considered as inde-
pendent analytes or additional biomarker layers in liquid 
biopsies. Several studies have demonstrated the utility of 
fragmentomic markers for cancer detection using whole-
genome sequencing [8, 15, 16]. However, there are few 
reports of targeted assays [17] that are potentially more 
effective in the clinical setting due to their lower sequenc-
ing requirements and ability to complement existing 
approaches. Detection of cfDNA end profiles does not 
require additional treatments and can be combined with 
other NGS assays (the detection of cytosine methylation 
changes or somatic mutations). Moreover, current experi-
mental evidence of cfDNA fragmentomic-based tumor 
detection is enriched with cancer types that are believed 
to shed more ctDNA into the bloodstream (e.g., liver, 
colorectal, lung, and breast), while fewer reports of suc-
cessful detection of low-shedding cancers, including renal, 
are available [16]. In this report, we show that deep tar-
geted profiling of cfDNA ends distributions and sequence 
motifs can reveal the presence of early-stage colorectal 
and renal cancers with an AUC = 0.94. The limitation of 
our study design is the lack of a group with benign patho-
logical lesions in the colon and kidneys, so our results do 
not demonstrate the ability of the approach to distinguish 
cancer from other forms of tissue damage. Another direc-
tion for improvement would be a wider screening for 
additional targets derived from sources other than ATAC-
seq data, such as regions of stable nucleosome reposition-
ing specific to cancer cells or tumor-specific transcription 
factor binding sites.

Conclusion
Our results show that deep profiling of cfDNA fragment ends 
can facilitate the detection of colorectal and renal cancers. We 
believe that cfDNA-FEP can be further extended to non-inva-
sively detect more cancer types with higher precision.
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