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ABSTRACT 

Background. Determining the biological origin of a mutation detected in plasma cell-free DNA (cfDNA) — 

whether it is tumor-somatic or hematopoietic (constitutional germline or clonal hematopoiesis, CHIP) — is a 

shared, unsolved obstacle across liquid-biopsy applications [1, 2]. Misassignment of origin degrades the 

specificity of targeted-therapy variant classification, inflates false-positive calls in multi-cancer early detection 

(MCED), and confounds molecular residual disease (MRD) monitoring [2, 3]. Matched white blood cell (WBC) 

sequencing resolves origin but increases assay cost and is frequently unavailable [1]. We developed a within-locus 

fragmentomic classifier that infers variant origin from a single plasma sample, without a matched normal. The 

classifier reads the fragment-length contrast between the mutant (ALT) and reference (REF) alleles at the same 

genomic position, which serves as a self-normalizing signal. 

Methods. In a retrospective single-center cohort of 226 histopathologically confirmed solid-tumor patients with 

matched buffy-coat germline and 35 healthy-donor plasma controls (73-gene hybrid-capture panel, ~20,000× pre-

deduplication depth, unique molecular identifier consensus, hg19), we computed per-variant ALT-versus-REF 

fragment-length cumulative distribution functions (CDFs). From these we derived eight self-normalized within-

locus features and trained an L2-regularized logistic regression classifier (somatic versus hematopoietic) with a 

pre-specified 0.50 decision threshold and a plasma variant allele frequency (VAF) ≥ 0.05 abstain floor. 

Performance was estimated by patient-grouped cross-validation and a held-out patient split, and calibration was 

assessed. 

Results. Using 1,943 quality-controlled variants (338 tumor-somatic, 1,605 hematopoietic) from 249 individuals, 

the classifier reached an out-of-fold area under the receiver-operating-characteristic curve (AUC) of 0.920 

(sensitivity 83.1%, specificity 86.8% at 0.50) and, on the held-out patient set, an AUC of 0.962 (sensitivity 93.6%, 

specificity 85.8%); specificity on healthy-control plasma was 88.9%. Calibration was good (Brier score 0.103). 

Tumor-somatic alleles were systematically enriched in short (< 150 bp) fragments relative to the same-locus 

reference, whereas germline and healthy-control alleles overlaid the ~167 bp mononucleosomal reference profile. 

Conclusions. A self-normalized, within-locus fragmentomic classifier predicts cfDNA variant origin from a 

single plasma draw without matched WBC sequencing. It may help with targeted-therapy variant triage, 

suppressing hematopoietic false positives in early detection, and tumor-informed MRD tracking. 
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INTRODUCTION 

Circulating cell-free DNA (cfDNA) released into plasma carries genetic material from cells throughout the body, 

and the tumor-derived fraction (circulating tumor DNA, ctDNA) has become a versatile analyte for non-invasive 

oncology [4, 5]. A single mutation observed in plasma, however, does not reveal its origin [1]. The same 

nucleotide change may arise in the tumor, be inherited in the germline, or emerge in an expanding hematopoietic 

clone (CHIP); these origins carry opposite clinical implications yet are indistinguishable based on the variant call 

and its allele fraction alone [6]. A tumor-somatic variant may warrant clinical action, whereas the same change 

arising in the germline or in a hematopoietic clone does not [7]. Assigning per-variant origin may therefore help 

improve the sensitivity and specificity of non-invasive oncology assays, and it is central to several liquid-biopsy 

applications [1]. 

Targeted therapy: Clinical interpretation of a tumor variant follows structured frameworks — the 

AMP/ASCO/CAP tiering system for somatic variants [8], curated actionability knowledge bases such as OncoKB 

[9], and the ACMG/AMP criteria for germline classification [10]. The interpretation depends on knowing the 

variant’s origin [11]. When the origin is uncertain, a germline polymorphism may be misidentified as a somatic 
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driver [11]. More seriously, a hematopoietic or germline variant in a gene such as TP53, ATM, or CHEK2 may 

be reported as a targetable tumor alteration and steer therapy inappropriately [12]. Blood-derived variants in DNA 

damage response genes are a documented and frequent source of such misclassification in plasma-only assays 

[12]. Population databases (gnomAD [13]) and matched-normal subtraction mitigate the germline case, but CHIP 

is not captured reliably by population frequency and, without matched WBC sequencing, remains a residual 

confounder that increases with age [1, 12]. 

Early cancer detection: Early diagnosis is among the strongest determinants of cancer survival: five-year 

survival is far higher for localized than for metastatic disease [14], yet diagnosis is often late in low- and middle-

income settings [15]. Somatic mutations are among the most specific markers available for blood-based detection, 

because a tumor-derived mutation is, in principle, absent from normal tissue [16]. Beyond the small number of 

actionable drivers, broad sequencing panels can detect many somatic mutations per tumor, raising the chance of 

finding at least one tumor signal in plasma [17]. This gain has a cost: the larger the panel, the more germline and 

CHIP variants it also captures, and these are readily mistaken for tumor signal [12]. Blood-based MCED assays 

therefore face a specificity problem at population scale, where a false-positive result can trigger wasteful, 

potentially risky, and emotionally distressing confirmatory work-up in a person without cancer [18]. A method 

that labels an individual plasma variant as hematopoietic rather than tumor-derived can remove many of these 

false positives at the variant level, before they reach a sample-level call [19]. Such a method is directly relevant 

wherever large somatic panels are used for detection. 

Molecular residual disease monitoring: MRD assays track ctDNA after curative-intent treatment to detect 

relapse months before imaging [20]. Their sensitivity depends on counting tumor-specific molecules at a very low 

tumor fraction, where a handful of misattributed hematopoietic reads can create a spurious positive and erode both 

specificity and lead time. CHIP remains the principal contaminant, and tumor-informed and tumor-agnostic MRD 

designs alike must actively distinguish tumor-derived from blood-derived variants to remain reliable [1]. Per-

variant origin assignment is thus a prerequisite for trustworthy longitudinal monitoring. 

The origin of an individual variant can be inferred from the plasma sample itself [4]. Cell-free DNA fragmentation 

is non-random in healthy individuals [21]. Nucleosomal protection during degradation yields a dominant ~167-

bp mononucleosomal mode, and tumor-derived molecules are systematically shorter, with a principal mode 

around 134–144 bp [22]. Critically, CHIP- and germline-derived molecules are both hematopoietic in origin and 

track the ~167-bp profile, so fragment length separates tumor from hematopoietic DNA even though it cannot 

separate CHIP from germline [4]. 

At the same genomic locus, we compare the fragment-length distribution of molecules carrying the mutant (ALT) 

allele against those carrying the reference (REF) allele. Because both distributions are drawn from the same locus, 

the same library, and the same sample, the comparison is self-normalizing: locus-, GC-, and sample-level biases 

cancel, and what remains is the origin signal. A tumor-somatic allele is associated with short fragments while its 

same-locus reference is dominated by normal-length molecules, so the two distributions diverge. A germline or 

CHIP allele shares the hematopoietic length profile of its reference, so the two distributions coincide. This within-

locus contrast is the basis of the classifier developed here, and it is intended to serve, from a single sample, all 

three applications above: variant triage for targeted therapy, removal of hematopoietic false positives in early 

detection, and tumor-specific filtering for residual disease monitoring. 

Methods 

Study design and sample inclusion 

This was a retrospective, single-center, non-interventional analysis of residual plasma and matched buffy coat 

specimens from an institutional repository. Institutional ethical approval (Ref. RK/PHD/005) was obtained, and 

written informed consent was secured from all participants prior to collection. Eligible cases were 

histopathologically confirmed solid tumors in patients aged 18 years or older with no prior systemic therapy; 

healthy controls were identified retrospectively and de-identified. Samples were collected between May 2024 and 

December 2025. The cohort comprised 226 cancer patients (median age 64.4 years) and, for the fragmentomic 

origin analysis reported here, 35 healthy-donor plasma controls with targeted sequencing. The distribution of the 

cancer cohort by tumor type and stage is given in Table 1. This origin analysis draws on the same cohort and 

sequencing workflow as our companion multimodal early-detection study. 

Sample processing and sequencing: Blood (8–10 mL) was collected in PAXgene Blood ccfDNA tubes, and 

plasma was separated by a two-step centrifugation and stored at −80°C. cfDNA was extracted on the Roche 

MagNA Pure 96 system and quantified on a Qubit fluorometer. Sequencing libraries were prepared with the 

Agilent SureSelect XT HS Low Input Library Preparation Kit for Illumina (10–50 ng cfDNA input); the workflow 

comprised end-repair and dA-tailing, ligation, AMPure XP bead purification, indexed PCR with dual-indexed 

primers, and a final AMPure XP purification. To preserve the short cfDNA fragments, the adapter concentration 

was titrated down (1:2), the ligation incubation was extended to 60 minutes, and the AMPure XP bead ratio was 

adjusted to 1.5×. Target enrichment used a custom Agilent SureSelect XT HS panel of biotinylated 120-mer 

probes covering all coding exons and flanking splice sites (±10 bp) of 73 recurrently mutated solid-tumor genes 

at 1× tiling density, yielding 1,933 target regions. Libraries were sequenced on an Illumina NovaSeq 6000 (2×150 

bp) to a target mean pre-deduplication depth of ~20,000×. Matched germline DNA was extracted from the buffy 

coat (QIAamp DNA Blood Mini Kit), sheared on a Diagenode Bioruptor Pico, and prepared with the same capture 

panel. 
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Reads were base-quality trimmed with AGeNT (Q20), aligned to the hg19 reference with BWA-MEM v0.7.17, 

and collapsed into UMI consensus reads with AGeNT CReaK. Somatic variants were called from the consensus 

alignments with the Illumina DRAGEN caller configured for low-frequency cfDNA variants, and germline 

variants from the matched buffy coat were subtracted to define the blood-presence status of each plasma variant. 

Per-variant within-locus fragmentomics: For every called variant, reads spanning the position were partitioned 

by the allele they carried, and the insert size of each fragment was recorded. We then constructed two empirical 

fragment-length cumulative distribution functions per variant: one over ALT-supporting fragments and one over 

same-locus REF-supporting fragments. Insertion and deletion lengths were corrected so that the size of the indel 

did not masquerade as a fragment-length shift. Variants entered the analysis only if they passed quality control: 

read depth ≥ 50, ALT allele depth ≥ 5, mapping and strand-quality thresholds, soft-clip fraction ≤ 0.10, not in a 

homopolymer or short tandem repeat artifact context, not homozygous (which removes the same-locus reference 

control), and with at least 20 ALT and 20 REF fragments contributing to the two curves. 

The discriminative quantity is the signed within-locus short-fraction excess (the percentage of ALT fragments 

shorter than 150 bp minus the same percentage for REF fragments at that locus); a positive value indicates that 

the mutant allele is carried by shorter molecules than its reference control—the expected tumor signature [23]. 

From the paired CDFs we derived eight self-normalized features for the classifier: the signed short-fraction excess; 

the mutant and reference fractions below 100, 150, and 167 bp; the mononucleosomal-band fraction of mutant 

fragments; the signed maximum CDF separation; and the signed area between the ALT and REF CDFs. 

Classifier development and validation: Variants were labeled from the matched-normal genotype as tumor-

somatic (absent from adequately covered blood, gnomAD-rare, and not ClinVar-benign) or hematopoietic (present 

in blood, which pools constitutional germline with CHIP); dual-origin variants and low-VAF healthy-control calls 

were excluded from the hematopoietic class. The classifier was an L2-regularized logistic regression on the eight 

standardized within-locus features, with class weighting to balance the somatic and hematopoietic classes and a 

decision threshold pre-specified and locked at 0.50. To control class imbalance without distorting the operating 

point, hematopoietic negatives were VAF-matched to the somatic positives at a 3:1 ratio. This yielded a modeling 

set of 1,943 variants (338 tumor-somatic, 1,017 matched-normal hematopoietic, and 588 healthy-control) from 

249 individuals: 214 cancer patients contributed variants, of whom 78 contributed somatic calls, together with 35 

healthy donors. Discrimination was estimated by patient-grouped stratified five-fold cross-validation, so that no 

patient contributed variants to both training and held-out folds, and separately by a held-out 30% patient split with 

no patient shared with the training set. All preprocessing was fit within training folds only, and probabilistic 

calibration was assessed with the Brier score, the expected calibration error, and reliability diagrams. 

Statistical analysis: Areas under the ROC curve were computed as the Mann–Whitney rank statistic. Sensitivity 

(positive percent agreement) and specificity (negative percent agreement) were evaluated at the locked 0.50 

threshold. Analyses used Python (scikit-learn); per-variant fragment extraction used the validated in-house cfDNA 

fragmentomics pipeline. 

Results 

Cohort and variant set: The cancer cohort spanned the five most common solid tumors in the repository — lung 

(71), colorectal (42), ovary (35), prostate (32), and breast (28) — as well as 18 rarer tumors (Table 1). After 

quality control and within-locus labeling, the modeling set comprised 1,943 variants from 249 individuals: 338 

tumor-somatic variants (from 78 cancer patients), 1,017 matched-normal hematopoietic variants, and 588 healthy-

control variants. The removal of dual-origin contamination eliminated blood-present alleles that were partially 

tumor-derived, and the VAF floor removed low-frequency healthy noise, together yielding a cleaner 

hematopoietic negative class. 

The within-locus fragmentomic origin signal: Across representative tumor-somatic variants, the mutant-allele 

fragment-length CDF was consistently left-shifted relative to the same-locus reference, and the corresponding 

insert-size density showed a clear excess of short (< 150 bp) mutant fragments (Figure 1). The effect was visible 

across driver and non-canonical genes alike (e.g., TP53, EGFR, KRAS, ALK, and APC) and across a range of 

plasma VAFs, confirming that the signal is a property of the molecules carrying the variant rather than of any 

single hotspot. In healthy-control plasma, the same construction produced overlapping ALT and REF curves and 

near-symmetric mirrored (butterfly) insert-size densities (Figure 2), the expected germline behavior, with 

correspondingly low predicted probabilities of somatic origin. These paired figures are the visual basis of the 

classifier: origin is read from the divergence, or coincidence, of the two same-locus distributions. 

Figure 1. Representative tumor-somatic variants. For each of 30 variants, the within-locus fragment-length 

cumulative distribution of mutant (ALT, red) versus reference (REF, blue) fragments is shown, with the 

overlapping insert-size density as an inset; the dotted line marks 150 bp. Titles give gene, base change, sample, 

plasma VAF, and the model-predicted probability of somatic origin. Mutant alleles are systematically enriched in 

short fragments relative to the same-locus reference. 
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Figure 2. Healthy-control variants. For each of 30 healthy-donor plasma variants, the within-locus ALT-versus-

REF CDF is shown with a mirrored (butterfly) insert-size density inset (ALT upward, REF downward). Mutant 

and reference distributions coincide and the butterfly densities are near-symmetric, the expected 

hematopoietic/germline profile; predicted probabilities of somatic origin are low. 
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Classifier performance and calibration: Trained on the eight within-locus features, the classifier discriminated 

tumor-somatic from hematopoietic variants with an out-of-fold AUC of 0.920 under patient-grouped cross-

validation (sensitivity 83.1%, specificity 86.8% at the locked 0.50 threshold; 281 true-positive, 57 false-negative, 

212 false-positive, and 1,393 true-negative variants). On the held-out patient split, in which no patient was shared 

with the training set, the AUC was 0.962 (sensitivity 93.6%, specificity 85.8%; Table 2, Figure 3A–C). Specificity 

evaluated on healthy-control plasma alone was 88.9%. Probabilistic outputs were well calibrated (Brier score 

0.103; expected calibration error 0.130), with reliability curves close to the diagonal across the mid-range and 

only modest tail deviation (Figure 3D), supporting use of the outputs as probabilities and honoring the pre-

specified 0.50 operating point. 

Figure 3. Classifier performance. (A) ROC curves for patient-grouped out-of-fold cross-validation and the held-

out patient test. (B, C) Confusion matrices at the locked 0.50 threshold for the out-of-fold and held-out test 

evaluations. (D) Reliability (calibration) diagram; marker size is proportional to bin count. 
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The predicted probabilities separated the classes as expected: tumor-somatic variants concentrated at high 

probabilities, whereas matched-normal hematopoietic and healthy-control variants fell below the 0.50 threshold 

(Figure 4). 

Figure 4. Score distribution by class. Predicted probability of somatic origin for each class; each violin shows 

the full distribution, with the interquartile range as a thick bar and the median as a white dot. The dashed line 

marks the 0.50 threshold. 

 
Table 1. Composition of the cancer cohort by tumor type and stage (n = 226). 

Tumor Type Stage I Stage II Stage III Stage IV Total % III–IV 

Lung 0 0 45 26 71 100.0% 

Colorectal 6 10 17 9 42 61.9% 

Ovary 0 0 19 16 35 100.0% 

Prostate 2 17 11 2 32 40.6% 

Breast 3 15 8 2 28 35.7% 

Others 2 1 9 6 18 83.3% 

Total 13 43 109 61 226 75.2% 

 

Table 2.  Classifier performance for tumor-somatic versus hematopoietic origin at the locked 0.50 threshold. 

Evaluation AUC PR-AUC Sensitivity Specificity TP FN FP TN 

Patient-grouped OOF (5-fold) 0.920 0.772 83.1% 86.8% 281 57 212 1393 

Held-out patient test (30%) 0.962 0.844 93.6% 85.8% 73 5 58 350 

Healthy control — — — 88.9% — — — — 
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Calibration (out-of-fold): Brier score 0.103; expected calibration error 0.130. OOF, out-of-fold; PR-AUC, area 

under the precision–recall curve; TP/FN/FP/TN, true/false positive/negative variant counts. 

 

CONCLUSION 

We show that the biological origin of an individual cfDNA variant — tumor-somatic versus hematopoietic — can 

be predicted from a single plasma sample, without matched white blood cell sequencing, by contrasting the 

fragment-length distributions of the mutant and reference alleles at the same locus. The self-normalizing nature 

of this within-locus comparison is its central methodological advantage: because both distributions come from the 

same position, library, and sample, locus- and sample-level biases cancel and the residual signal reflects origin. 

The resulting classifier achieved an out-of-fold AUC of 0.920 and a held-out-patient AUC of 0.962 with well-

calibrated probabilities. 

This variant-level origin module speaks directly to the three challenges that motivated it. For targeted-therapy 

variant classification, it adds a sequence-independent axis that can support calling a non-canonical variant as 

tumor-derived, or flag a blood-derived variant in a DNA damage response gene before it is reported as actionable. 

For multi-cancer early detection, it removes hematopoietic false positives at the variant level, where they originate, 

complementing sample-level fragmentomic classifiers and the orthogonal mutation and copy-number channels of 

a multi-modal assay [17]. For molecular residual disease monitoring, it provides a filter to retain tumor-specific 

molecules at low tumor fraction. Consistent with prior work on variant origin prediction [24], origin can be 

assigned computationally, and the within-locus formulation offers a simple and interpretable way to do so. 

Notable limitations qualify these findings. The cohort is retrospective and single-center. The 73-gene solid-tumor 

panel does not cover the canonical CHIP genes (DNMT3A, TET2, ASXL1), so the hematopoietic class is 

dominated by constitutional germline variants, and the classifier is best described as discriminating tumor-somatic 

from hematopoietic origin rather than resolving CHIP from germline, which fragment length cannot do [4]. 

Incorporation of fragment end motif and nucleosome-positioning features and fusion with allele fraction in copy 

number context are natural extensions expected to raise both sensitivity and specificity further. The within-locus 

variant-origin classifier described here is a practical, low-cost step toward resolving one of the central ambiguities 

of plasma-only liquid biopsy. 
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