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Abstract

Background Mantle cell lymphoma (MCL) is an aggressive subtype of B-cell non-Hodgkin's lymphoma. The
applicability of circulating tumor DNA (ctDNA) for predicting treatment response and prognosis in MCL remains
underexplored.

Methods This study included 34 MCL patients receiving first-line chemoimmunotherapy. We assessed the ability
of plasma ctDNA to detect tumor-specific genetic alterations and explored its potential as a noninvasive biomarker
for treatment response and prognosis in MCL.

Results Commonly mutated genes in MCL included CCNDT (93.5%), ATM (48.4%), KMT2D (25.8%), and TP53 (25.8%).
Subgroup analysis of tissue samples showed that CDKN2A mutations (P=0.028), along with alterations in BCR

and TCR signaling (P=0.004) and the PI3K pathway (P=0.008), were enriched in the blastoid subtype. ATM mutations
(P=0.041) were more prevalent in MIPI-low patients, while epigenetic chromatin remodeling pathway alterations
(P=0.028) were more common in MIPI-high patients. Plasma ctDNA demonstrated high sensitivity for detecting
structural variants (96.6%), followed by mutations (71.3%) and copy number variants (30.0%). 75% of patients exhib-
ited moderate-to-high concordance in detecting genomic variants between plasma and tissue samples. Pretreatment
ctDNA levels exhibited high specificity in predicting clinical efficacy but had a suboptimal sensitivity of 68.2%. Higher
ctDNA levels were significantly associated with shorter progression-free survival (PFS; P=0.002) and overall survival
(OS; P=0.009). Additional ctDNA-based genetic features associated with shorter PFS included TP53 (P=0.002), TRAF2
(P=0.023), and SMARCA4 (P=0.023) mutations, while TP53 (P=0.006) and TERT (P=0.031) mutations predicted shorter
OS. Persistent positive ctDNA in post-treatment plasma samples indicated molecular relapse and poor prognosis,
whereas undetectable ctDNA defined a subset of patients with favorable survival outcomes.
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Conclusions This study identified plasma ctDNA as a promising biomarker that noninvasively captures tumor-
derived genetic variants associated with treatment response and survival outcomes in MCL, highlighting the clinical
value of ctDNA for diagnosis, recurrence prediction, and surveillance monitoring.

Keywords Mantle cell lymphoma, Circulating tumor DNA, Chemoimmunotherapy, Biomarker

Background

Mantle cell lymphoma (MCL) is a rare but aggressive
subtype of B-cell non-Hodgkin’s lymphoma. According
to the World Health Organization (WHO) classification
of lymphoid neoplasms [1], MCL is primarily catego-
rized into two types based on biological behaviors: con-
ventional MCL, accounting for 80-90% of cases, which
typically has an aggressive clinical course and is char-
acterized by unmutated immunoglobulin heavy chain
variable region (IGHV) genes and expression of sex-
determining regions-Y box transcription factor 11 (SOX-
11); and leukemic nonnodal MCL, representing 10-20%
of cases, which generally shows an indolent biological
behavior with negative SOX-11 expression and somatic
hypermutation of IGHV. Conventional MCL includes
more aggressive blastoid and pleomorphic subtypes upon
acquiring additional molecular alterations [2, 3].

Advances in understanding molecular pathogenesis,
prognosis, and treatments have led to significant pro-
gress in the management of MCL. For symptomatic fit
patients, rituximab-based chemotherapies with or with-
out autologous stem cell transplantation (ASCT) remain
the standard first-line treatment [3]. Additional options
for relapsed or refractory diseases include Bruton’s tyros-
ine kinase (BTK) inhibitors [4—6], Bcl-2 antagonists [7],
and anti-CD19-chimeric antigen receptor therapy (CAR-
T) [8]. Despite these advancements, drug resistance and
frequent relapses remain challenging in MCL. Key clini-
cal factors, such as age, advanced stage, elevated lac-
tate dehydrogenase (LDH) and p2-microglobulin levels,
blastoid morphology, and extranodal disease, have been
associated with worse clinical outcomes [3]. Additional
prognostic markers already in clinical use or showing
potential for future application include the MCL Inter-
national Prognostic Index (MIPI) [9], Ki-67 expression,
TP53 expression [10], and specific genetic lesions [11—
13], such as TP53 mutations, CKDN2A deletions, and
mutations in NOTCH genes, KMT2D, MYC, WHSCI,
and CCNDI1. Improved knowledge of MCL’s molecular
biology and identification of prognostic factors could
further support personalized therapeutic strategies to
improve survival outcomes.

Response assessment in lymphoma primarily relies on
computed tomography (CT) and '*fluoro-2-deoxyglucose
positron emission tomography (PET) scans. However,
since disease recurrence often originates from residual

tumors below the threshold of clinical detection, imag-
ing scans alone may lack the sensitivity to predict clini-
cal relapse. While pathological examination of tissue
specimens remains the diagnostic gold standard, inva-
sive tissue biopsies are inadequate for capturing the
temporal heterogeneity of tumors, especially as lympho-
mas can evolve under therapeutic pressure. In this con-
text, liquid biopsies, which gather genetic information
from all disease sites, show great potential as noninva-
sive biomarkers in both hematologic and solid tumors,
addressing key limitations of traditional clinical tools.
The tumor-derived fraction of cell-free DNA, known as
circulating tumor DNA (ctDNA), is the most extensively
studied form of liquid biopsy and has been investigated
for monitoring treatment response and detecting relapse
in aggressive lymphomas, such as diffuse large B-cell
lymphoma and Hodgkin lymphoma [14-21]. However,
continued research is needed to extend these clinical
applications, including diagnostic and surveillance moni-
toring for early relapse detection, to other non-Hodgkin
lymphomas, such as MCL.

In this study, we analyzed baseline tissue and plasma
samples from 34 MCL patients treated with first-line
chemotherapy. We compared somatic genetic variants
identified across different sample types, focusing on
actionable genetic alterations and recurrent mutations
in MCL. Additionally, we assessed the clinical utility of
pretreatment ctDNA for predicting treatment response
and survival outcomes. Furthermore, dynamic changes in
longitudinal plasma ctDNA demonstrated the potential
to reflect tumor burden and inform disease progression,
thus guiding timely response-adapted strategies.

Materials and methods

Patients and sample collection

This retrospective study enrolled 34 patients diagnosed
with MCL and treated at the participating hospital
between January 2020 and December 2022. The primary
inclusion criteria were as follows: (1) pathological confir-
mation of conventional MCL based on the 2016 WHO
classification of lymphomas [1]; (2) presence of at least
one measurable lesion (nodal lesions with a diameter
>1.5 cm, and extranodal lesions with a diameter >1 cm,
both FDG-PET positive); (3) availability of pretreatment
tissue biopsy and/or plasma sample for genomic profil-
ing; and (4) completion of at least one cycle of systemic
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treatment with an accompanying treatment response
evaluation. The exclusion criteria were: (1) presence
of severe inflammatory diseases or complications; (2)
receipt of prior anti-tumor therapy before initiating
chemotherapy; (3) diagnosis of recurrent disease; and (4)
expected life expectancy <3 months. All patients received
standard first-line treatment regimens. Clinical data for
each patient were obtained from medical records. Stag-
ing was classified according to the Ann Arbor staging
system, while treatment response was evaluated using
the Lugano response criteria for non-Hodgkin lymphoma
[22]. Lymph node biopsies and bone marrow aspirations
were obtained at baseline, while serial peripheral blood
samples were collected at baseline, midterm induction
(after four cycles), end of induction, and follow-up visits.
All study procedures were approved by the institutional
review board (Ethics Approval Number: No.2024-152)
and conducted in accordance with the principles of
the Helsinki Declaration. All patients provided written
informed consent for participation and publication.

Sample processing, library construction,

and next-generation sequencing

Genomic DNA from bone marrow or formalin-fixed par-
affin-embedded samples from lymph nodes was extracted
using the Qiagen DNeasy Blood & Tissue Kit (QIAGEN,
Dusseldorf, Germany). The plasma fraction of the periph-
eral blood was isolated within two hours after specimen
collection, which was first centrifuged at 1800xg for 10
min, followed by cfDNA extraction and purification
using the QIAamp Circulating Nucleic Acid Kit (QIA-
GEN, Dusseldorf, Germany). Genomic DNA from oral
swabs was prepared using the Qiagen DNeasy Blood &
Tissue Kit (QIAGEN, Dusseldorf, Germany) as the nor-
mal control for filtering germline mutations. Genomic
DNA was quantified using the dsDNA HS assay kit on a
Qubit 3.0 fluorometer (Life Technology, US), followed by
NGS library construction using the KAPA Hyper Prep kit
(KAPA Biosystems). Hyrbidization-based target enrich-
ment was performed using a customized xGen lockdown
probes panel covering 475 hematopoietic and lymphoid
neoplasm-related genes (Hermasalus", Nanjing Gen-
eseeq Technology Inc., Nanjing, China) (Supplementary
Table S1). Library fragment size was analyzed on a Bioan-
alyzer 2100 using the High Sensitivity DNA Kit (Agilent
Technologies, Santa Clara, CA). Prepared libraries were
sequenced on the Illumina HiSeq4000 platform (Illu-
mina, San Diego, USA).

NGS data processing and mutation calling

Trimmomatic [23] was used for FASTQ file quality con-
trol, with reads below 15 and those containing N bases
removed. Sequencing reads were aligned to the reference
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human genome hg19 using the Burrows-Wheeler Aligner
(BWA, https://github.com/lh3/bwa/tree/master/bwakit).
PCR duplicates were removed with Picard (https://
broadinstitute.github.io/picard/). Local alignment and
base quality score recalibrations were performed using
GATK3 (https://software.broadinstitute.org/gatk/).
Somatic single nucleotide variants (SNV) and insertion/
deletions (indels) were called using VarScan2 [24], and
subsequently annotated with ANNOVAR against mul-
tiple databases, including dbSNP (v138), 1000Genome,
ExAC, COSMIC (v70), ClinVAR, and SIFT [25]. Copy
number variation (CNV) analysis was conducted using
FACETS [26]. Detection of structural variants (SV) was
carried out using icallSV [27] and annotated with iAnno-
tateSV [28]. Variants were filtered based on the following
criteria: (i) absence in matched genomic DNA from nor-
mal control; and (ii) frequency <1% in the 1000 Genomes
Project or the Exome Aggregation Consortium’s 65,000
exomes database. To qualify as true variants, SN'Vs/indels
and SVs required a variant allele frequency (VAF) >0.5%
with >3 supporting reads for lymph node samples, or
VAF >0.1% with >3 supporting reads for plasma and
bone marrow samples. CN'Vs were classified as gains or
losses based on gene ratios: >2.0 for gains and < 0.6 for
losses in lymph node samples [29], and >1.6 for gains
and <0.6 for losses in plasma and bone marrow samples
[30]. All variants were manually reviewed using the Inte-
grative Genomics Viewer, and the final curated list was
refined to focus on somatic alterations within canonical
signaling pathways representing key cancer hallmarks
[31], as well as pathways frequently altered in MCL (Sup-
plementary Table S2).

Measurement of ctDNA levels

The ctDNA level for each sample was quantified as hap-
loid genome equivalents (hGE) per milliliter of plasma
(hGE/mL) using the formula: [(the mean VAF for all
mutations detected) x ¢cfDNA concentration (pg/mL of
plasma)] +3.3, as previously described [16]. The base-10
logarithmic transformed value was applied for analysis.

Statistical analysis

All statistical analyses were performed in R (version
4.1.3). Categorical variables were compared between
groups using Fisher’s exact test. Non-paired compari-
sons of continuous variables were performed using
the Wilcoxon rank-sum test or Kruskal Wallis test, as
appropriate. Linear correlations were evaluated using
Spearman’s test. The Jonckheere-Terpstra test was used
to detect a trend between a non-normally distributed
dependent variable and an ordered independent vari-
able, while the Cochran-Armitage trend test was used
to evaluate the presence of a trend between a binary
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dependent variable and an independent variable with
more than two ordered categories. Cohen’s Kappa coef-
ficients (k) were calculated to present the concord-
ance of somatic variant detection between plasma and
tissue samples. Progression-free survival (PES) was
defined as the time from first-line treatment initiation
to tumor progression or death, whichever occurs first.
Overall survival (OS) was calculated from the date of
diagnosis to the date of death from any cause. Event-
time distributions were estimated using Kaplan—Meier
methodology, with statistical differences assessed using
the log-rank test. Cox proportional hazard models were
fitted to estimate hazard ratios (HR) with 95% con-
fidence intervals (CI), and the proportionality of haz-
ards was assessed using log(-log) survival plots. Kyoto
Encyclopedia of Genes and Genomes (KEGGQ) analysis
was performed using the R package “ClusterProfiler”.
A two-sided P-value of less than 0.05 was considered
significant for all tests unless otherwise indicated (*P<
0.05, **P< 0.01, ***P< 0.001).

Results

Patient characteristics

This study included thirty-four MCL patients who
received first-line therapy followed by response evalua-
tion (Table 1). The median age of patients was 59 years
(interquartile range [IQR]: 52-67 years), with 73.5%
(25/34) of patients being under the age of 65. Most
patients were diagnosed with stage IV disease (94.1%,
32/34), and 79.4% (27/34) had the classic subtype of
MCL, compared to 20.6% (7/34) presented with the more
aggressive blastoid subtype. B symptoms, characterized
by unexplained weight loss, night sweats, or fever, were
rarely reported. The MIPI score, which incorporates age,
performance status, LDH levels, and leukocyte count,
was utilized to assess individual risk profiles at base-
line. Of all these patients, 61.8% (21/34) were classified
as low-risk, while 5 (14.7%) and 8 (23.5%) patients were
categorized as high- and intermediate-risk, respectively.
Extranodal infiltration was observed in 32 patients, with
the bone marrow being the most frequently affected
site, followed by the intestines (Supplementary Fig. S1).
Following first-line therapy, 85.3% (29/34) of patients
underwent ASCT, and 67.6% (23/34) received mainte-
nance therapy. Patients were categorized into complete
response (CR; N = 24) and non-CR (N =10) groups based
on their best response to first-line treatment. Non-CR
patients were more likely to have higher MIPI scores (P=
0.002), the combined MIPI scores (MIPI-c; P= 0.004),
serum LDH levels (P= 0.037), and f2-microglobulin lev-
els (P= 0.016). No significant differences in other clinical
features were found between the two subgroups.
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Genomic characterization of MCL using tissue samples
Treatment-naive tissue biopsies were available for 31
patients and analyzed through genomic profiling using an
NGS panel that targets 475 genes related to hematopoie-
sis and lymphoid neoplasms (Fig. 1). The most com-
monly mutated genes were CCNDI (93.5%), followed by
ATM (48.4%), KMT2D (25.8%), TP53 (25.8%), CDKN2A
(12.9%), NFKBIE (12.9%), NSD2 (12.9%), and TRAF2
(12.9%) (Fig. 2A). At the pathway level, 93.5% (29/31) of
patients harbor cell cycle pathway genomic aberrations,
and 67.7% (21/31) with an altered TP53 signaling path-
way. Subgroup analysis further revealed that the preva-
lence of CDKNZ2A alterations was significantly higher
in the blastoid subtype of MCL compared to the classic
subtype (42.9% vs. 4.2%, P= 0.028) (Fig. 2B). Additionally,
genetic alterations related to the B cell antigen receptor
(BCR) and endosomal Toll-like receptor (TCR) signaling
(85.7% vs. 20.8%, P= 0.004) as well as the PI3K pathway
(42.9% vs. 0%, P= 0.008) were also significantly enriched
in the aggressive subtype. Interestingly, ATM mutations
were more commonly identified in patients with low
scores on MIPI (57.9% vs. 0%, P= 0.041), whereas epi-
genetic chromatin remodeling pathway alterations were
more frequent in MIPI-high patients (80% vs. 21.1%, P=
0.028) (Fig. 2C). Although there was a trend in higher
mutational frequencies of mutations in TP53, KMT2D,
and TRAF2 in high-risk patients stratified by MIPI
scores, no statistical significance was achieved.

We then compared the mutational landscape of
patients based on treatment response and found that
genes, including CCNDI, ATM, KMT2D, TP53, and
CDKNZ2A, remained the most frequently mutated in both
CR and non-CR groups (Supplementary Fig. S2 A). TP53
mutations (50% vs. 14.3%, P= 0.074) and TRAF2 muta-
tions (30% vs. 4.8%, P= 0.087) were more prevalent in
non-CR patients compared to CR patients, but the dif-
ferences were not statistically significant (Supplementary
Fig. S2B). KEGG pathway analysis revealed similar func-
tional enrichment of gene mutations between subgroups,
with cancer-associated pathways prominently featured
among the top enriched functions (Supplementary Fig.
S2 C). However, while CARDI11 and NFKBIE mutations
were concurrently identified in both CR and non-CR
patients relating to T cell and B cell receptor signaling,
differences may exist between subgroups in a range of
pathways associated with antitumor immunity, poten-
tially reflecting distinct immunological characteristics
(Supplementary Fig. S2D). Notably, TP53 mutations,
TRAF2 mutations, and alterations in the epigenetic chro-
matin remodeling pathway were associated with shorter
progression-free survival (PES) (P= 0.005, P= 0.007, and
P= 0.063, respectively), with a consistent trend toward
poorer overall survival (OS) (P= 0.124, P= 0.054, and
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Table 1 Clinical characteristics of patients

All (N =34) CR (N =24) Non-CR (N =10) P-value
Age 0.085
< 65 years 25 (73.5%) 20 (83.3%) 5 (50.0%)
> 65 years 9 (26.5%) 4(16.7%) 5 (50.0%)
Median (IQR) 59 (52-67) 56 (52-61) 66 (57-69)
Sex >0.999
Female 10 (29.4%) 7 (29.2%) 3 (30.0%)
Male 24 (70.6%) 17 (70.8%) 7 (70.0%)
Ann Arbor stage >0.999
Il 1(2.9%) 1(4.2%) 0 (0%)
Il 1(2.9%) 1 (4.2%) 0 (0%)
v 32 (94.1%) 22 (91.7%) 10 (100%)
Histologic subtype 0.157
Classic 27 (79.4%) 21 (87.5%) 6 (60.0%)
Blastoid 7 (20.6%) 3(12.5%) 4 (40.0%)
B symptoms 0.067
Yes 4(11.8%) 1(4.2%) 3(30.0%)
No 30 (88.2%) 23 (95.8%) 7 (70.0%)
Ki-67 expression 0437
< 30% 11 (32.4%) 9(37.5%) 2 (20.0%)
> 30% 23 (67.6%) 15 (62.5%) 8 (80.0%)
MIPI 0.002**
Low 21 (61.8%) 19 (79.2%) 2 (20.0%)
Intermediate 8 (23.5%) 4 (16.7%) 4 (40.0%)
High 5(14.7%) 1 (4.2%) 4 (40.0%)
MIPI-c 0.004**
Low 9 (26.5%) 8(33.3%) 1(10.0%)
Low-moderate 13 (38.2%) 12 (50.0%) 1(10.0%)
Moderate-high 8 (23.5%) 3(12.5%) 5 (50.0%)
High 4(11.8%) 1 (4.2%) 3(30.0%)
Extranodal involvement >0.999
Yes 32 (94.1%) 2 (8.3%) 0 (0%)
No 2(5.9%) 22 (91.7% 10 (100%)
Chemotherapy regimen 0.077
R-CHOP 10 (29.4%) 4(16.7%) 6 (60.0%)
R-CHOP/DHAP 17 (50.0%) 13 (54.2%) 4 (40.0%)
R-CHOP/BAC 1(2.9%) 1(4.2%) 0 (0%)
R-DA-EPOCH/DHAP 1(2.9%) 1(4.2%) 0 (0%)
BR 5(14.7%) 5(20.8%) 0 (0%)
Best overall response ~
CR 24 (70.6%) 24 (100%) 0 (0%)
PR 5(14.7%) 0 (0%) 5 (50.0%)
SD 2(5.9%) 0 (0%) 2(20.0%)
PD 3(8.8%) 0 (0%) 3(30.0%)
ASCT 0.291
Yes 5(14.7%) 5(20.8%) 0 (0%)
No 29 (85.3%) 19 (79.2%) 10 (100%)
Maintenance therapy 0.005**
Yes 23 (67.6%) 20 (83.3%) 3(30.0%)

No 11 (32.4%) 4(16.7%) 7 (70.0%)
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Table 1 (continued)
All (N=34) CR(N=24) Non-CR (N =10) P-value
LDH (U/L) 0.037%
Median (IQR) 191.1 (160.6-231.3) 177.5(158.7-213.0) 229.5(194.3-325.5)
B2-microglobulin (mg/L)* 0.016*
Median (IQR) 3.24 (2.53-4.29) 3.03(230-3.61) 4.46 (3.36-5.78)

Statistical significance is denoted by asterisks: *P < 0.05 and **P < 0.01

IQR interquartile range, CR complete response, PR partial response, SD stable disease, PD progressive disease, MIPI MCL international prognostic index, ASCT
autologous stem cell transplantation, LDH lactate dehydrogenase, R Rituximab, CHOP cyclophosphamide/doxorubicin/vincristine/prednisone, DHAP dexamethasone/
high-dose cytarabine/cisplatin, BAC bendamustine/cytarabine, EPOCH etoposide/prednisone/vincristine/cyclophosphamide/doxorubicin, BR rituximab/

bendamustine

2 Data was available for 32 patients, including 23 CR and 9 non-CR patients
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Fig. 1 Overview of study design. Baseline tissue biopsies and plasma ctDNA from 34 MCL patients receiving first-line chemotherapy were analyzed
using targeted next-generation sequencing to characterize the mutational landscape and assess the concordance of somatic genomic variant
detection between paired samples. Pretreatment ctDNA was further investigated to evaluate its association with treatment response and prognosis.

Longitudinal plasma samples from representative patients highlighted the importance of interim ctDNA monitoring for disease surveillance

(See figure on next page.)

Fig. 2 Genomic profiling using baseline tissue samples. A Mutational landscape of patients using treatment-naive tissue samples. The genomic
profiles focused on individual genes with a mutation count > 2, actionable genes annotated by OncoKB, and signaling pathways with a mutation
count > 3. B, C Bar plots showing the prevalence of gene alterations and pathways stratified by histological subtype (B) or the MCL International
Prognostic Index (MIPI) (C). D, E Kaplan—-Meier survival curves showing the associations between genetic alterations/pathways and progression-free
survival (D) and overall survival (E). F Lollipop plot highlighting the specific ATM mutation sites identified in baseline tissue samples. G Multivariate
Cox regression analysis for progression-free survival incorporating significant clinical and mutational features identified in the univariate analysis

P= 0.031, respectively) (Fig. 2D, E). In contrast, ATM
mutations were significantly associated with prolonged
PFS (P= 0.007) and OS (P= 0.009), highlighting their
potential as a favorable prognostic biomarker in MCL.
The ataxia telangiectasia mutated (ATM) gene plays a
crucial role in regulating cell cycle progression and DNA
damage repair. Of the 22 ATM mutations, 9 (40.9%) were
truncating mutations, 11 (50%) were missense muta-
tions, and the remaining two were inframe mutations
(Fig. 2F). Multivariate analysis incorporating relevant

clinical features identified MIPI and TP53 mutations as
significant risk factors for shorter PFS, while mainte-
nance treatment and ATM mutations were associated
with longer PFS (Fig. 2G; Supplementary Table S3).

ctDNA noninvasively captures tumor-specific genetic
aberrations

Given the inherent limitations of tissue biopsies, plasma-
derived ctDNA, which gathers genetic information
from all disease sites, holds significant promise as a
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noninvasive biomarker for both hematologic and solid
tumors. Consistently, CCNDI fusions and mutations in
ATM, KMT2D, and TP53 were identified as the top four
genetic variants in plasma samples (Fig. 3A). Additional
genes with a high mutation frequency in both tissue and
plasma samples included NSD2 and TRAF2.

Comparing the genomic profiles of patients with
paired samples (N =28), 66.3% (118/178) of tissue-based
somatic variants were detected in paired plasma samples
with a detection sensitivity of 73.3% (Fig. 3B, C). Sixty
genetic variants were exclusively identified in plasma but
not tissue samples, underscoring the potential of plasma
ctDNA in identifying relevant mutations missed by the
original tissue biopsy. For each variant type, ctDNA
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demonstrated the highest detection sensitivity for SVs
(96.6%), followed by SN'Vs/indels (71.3%) and CNV (30%)
(Fig. 3C). Remarkably, all tissue-based SVs were detected
in paired plasma samples, in which one additional SV
was observed. At the patient level, the median kappa
(k) coefficient was 0.71 (IQR: 0.62-0.88), with 75% of
patients (21/28) exhibiting a k >0.6, indicating at least a
“moderate” level of agreement in detecting all 475 genes
covered by the targeted panel between paired samples
(Fig. 3D). The only exception was patient 33 (Pt_33), who
displayed a poor statistical consistency in variant detec-
tion between paired samples. This discrepancy could be
attributed to the extreme imbalance in data, given that
only one single DNMT3A splicing variant was identified
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in the plasma sample. Using tissue samples as the gold
standard, ctDNA demonstrated high sensitivity in detect-
ing recurrent mutations and clinically actionable genes
annotated by OncoKB [32], with sensitivity ranging from
66.7% to 100% (Fig. 3E, F). Furthermore, the concordance
between paired samples was generally satisfactory, with
the lowest « of 0.65 for detecting telomerase reverse tran-
scriptase (TERT) mutations.

Although lymph node biopsies remain the gold stand-
ard for diagnosis, bone marrow (BM) aspiration is a
routine part of staging and should be considered when
assessing variant detection, especially in clinical sce-
narios where lymph node biopsy is not feasible or when
the disease primarily involves the BM. Here, we analyzed
the mutational profiles of 17 patients with available sam-
ples from lymph nodes, BM, and plasma, and compared
variant detection performance across these three sample
types. Consistently, the most commonly mutated genes
identified in BM were CCND1, ATM, TP53, and KMT2D
(Supplementary Fig. S3 A). However, BM samples failed
to detect two CCNDI fusions that were concurrently
identified in both tissue and plasma samples. Further-
more, BM samples demonstrated limited detection ability
for CNVs, even though their overall sensitivity for muta-
tions (94.3%) and SV (88.2%) were comparable to plasma
samples, especially for actionable targets and recurrent
mutations in MCL (Supplementary Fig. S3B—E).

Correlates of plasma ctDNA to treatment response in MCL

We then investigated the correlation between plasma
ctDNA and treatment response. The median plasma
ctDNA level was 176.2 hGE/mL (IQR: 64.4—-1094.7 hGE/
mL) (Supplementary Fig. S4 A). Elevated ctDNA levels
were significantly associated with various clinical fea-
tures, including the blastoid subtype (P= 0.053), BM
infiltration (P= 0.014), higher MIPI scores (P= 0.002),
increased extranodal involvement (P= 0.025), and
higher levels of LDH (P< 0.001), Ki-67 (P< 0.001), and
B2-microglobulin (P< 0.001) in MCL (Supplementary
Fig. S4B—H). Importantly, plasma ctDNA levels were sig-
nificantly associated with therapeutic response, with CR
patients showing significantly lower ctDNA levels than
non-CR patients (P= 0.001) (Fig. 4A, B). Additionally,
TP53 mutations and alterations in the BCR/TLR signal-
ing pathway were more frequently observed in non-CR
patients (P= 0.027 and P= 0.056, respectively), suggest-
ing a negative association with treatment response and
potentially worse survival in MCL patients (Fig. 4C, D).
Compared to the prognostic index MIPI, ctDNA levels,
using the median as the cutoff, exhibited 100% specific-
ity in distinguishing non-CR from CR patients, while
TP53 mutational status demonstrated comparable sen-
sitivity in predicting treatment response (Fig. 4E, F). All

Page 9 of 17

patients with low ctDNA levels and no detectable TP53
variants achieved CR, while those with high ctDNA lev-
els and TP53 mutations showed a significantly lower CR
rate (Cochran Armitage test, P= 0.001) (Fig. 4G). Test-
ing alternative cutoffs for ctDNA levels yielded consistent
results (Supplementary Fig. S41-K). However, in smaller
cohorts, the median cutoff may be more susceptible to
variability due to cohort composition and patient-specific
factors, such as demographics and clinical characteris-
tics, which should be considered when determining an
optimal threshold.

Prognostic value of pretreatment ctDNA in MCL

Next, we assessed whether baseline ctDNA levels and
genomic features identified in plasma ctDNA could
inform the survival outcomes of MCL patients. Cox
regression analysis identified 7 plasma ctDNA-based fea-
tures significantly associated with PFS, including ctDNA
levels (P= 0.002), TP53 mutations (P= 0.002), TRAF2
mutations (P= 0.023), SMARCA4 mutations (P= 0.023),
and alterations in the BCR/TLR (P= 0.015), PI3K (P=
0.019), and NOTCH (P= 0.019) pathways (Fig. 5A; C-G;
Supplementary Fig. S5 A, B). Among these, ctDNA lev-
els (P= 0.009), TP53 mutations (P= 0.006), and altered
BCR/TLR (P= 0.010) and PI3K (P= 0.002) pathways
were significant risk factors for poorer overall survival,
with a consistent trend observed for TRAF2 mutations
(Fig. 5B; H-L). Additionally, TERT mutations were sig-
nificantly correlated with shorter OS (P= 0.031), with
a similar trend observed for PFS (Supplementary Fig.
S5 C). TP53 mutations and TRAF2 mutations were also
identified as unfavorable biomarkers for PFS in tissue
profiling (Fig. 2D). Consistent trends between tissue and
plasma profiling were observed for ATM mutations and
alterations in the epigenetic chromatin remodeling path-
way, although these did not reach statistical significance,
given that only 28 patients having paired samples (Sup-
plementary Fig. S5D, E).

To validate these prognostic associations, we analyzed
an external dataset of 158 MCL patients with OS data
[33]. Consistently, patients with TP53 mutations had sig-
nificantly shorter OS compared to those with wild-type
tumors (median OS: 23.6 vs. 64.7 months, P< 0.001)
(Supplementary Fig. S5 F). Similarly, SMARCA4 muta-
tions correlated with poorer OS (median OS: 28.7 vs.
63.1 months, P= 0.012). Alterations in the BCR/TLR
pathway and epigenetic chromatin remodeling pathway
were also linked to shorter OS. However, ATM mutations
did not show a significant association with prognosis
in this dataset (P= 0.43). The frequency of ATM muta-
tions in the external dataset was 49%, which was similar
to that in the discovery cohort. Moreover, no significant
differences were observed in mutation types between
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stratified by both ctDNA level and the presence of TP53 mutations

the cohorts (Supplementary Table S4). Therefore, we
hypothesized that these discrepant findings may be due
to differences in patient demographics and clinical char-
acteristics. Additionally, due to differences in gene panel
coverage (475 genes vs. 380 genes [33]), TRAF2 and
TERT mutations were absent in the external dataset. Fur-
ther validation in larger cohorts with diverse populations
is necessary to confirm these findings.

To explore the biological implications of muta-
tions associated with disease progression and survival,
we performed differential expression analysis using
external microarray data from 43 MCL patients (Sup-
plementary Fig. S5G-L). TP53-altered tumors were
enriched in oxidative phosphorylation, thermogen-
esis, and neurodegeneration pathways, whereas TP53-
unaltered tumors showed upregulation of pathways
such as calcium signaling, neuroactive ligand-receptor

interaction, natural killer mediated cytotoxicity (Sup-
plementary Fig. S5 J). Meanwhile, SMARCA4-altered
tumors exhibit enrichment in pathways associated
with thermogenesis and lysine degradation, while
SMARCA4-unaltered tumors displayed activation of
immune-related pathways, including cytokine-cytokine
receptor interactions, Toll-like receptor signaling, and
viral protein interaction with cytokine and cytokine
receptor, suggesting a more active immune microen-
vironment (Supplementary Fig. S5 K). KEGG analysis
suggests that ATM alterations in MCL may promote
a tumor environment with enhanced metabolic regu-
lation and reduced inflammatory stress, which could
contribute to the observed better prognosis (Supple-
mentary Fig. S5L). However, further functional valida-
tion is needed to confirm these mechanistic links.
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Fig. 5 Prognostic association of plasma ctDNA in MCL patients. (A, B) Univariate Cox proportional hazard models for progression-free survival
(A) or overall survival (B), based on baseline ctDNA levels and genomic features identified in plasma samples. (C-G) Kaplan—-Meier survival curves
showing the progression-free survival of patients stratified by ctDNA levels (using the median as cutoff) (C), TP53 mutations (D), TRAF2 mutations
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of patients stratified by ctDNA levels (using the median as cutoff) (H), TP53 mutations (), TRAF2 mutations (J), and alterations in the BCR/TLR

signaling pathway (K) and PI3K pathway (L)

Dynamic ctDNA changes predict molecular relapse

before or at clinical progression

Finally, we examined the association between ctDNA
dynamics and clinical outcomes in MCL. Among
patients who achieved CR or partial response (PR),
plasma samples collected during first-line therapy
showed a significant decline in ctDNA levels compared
to baseline (P= 0.001) (Supplementary Fig. S6). Here,
we present two representative cases highlighting the
potential of longitudinal ctDNA monitoring for disease
surveillance and prognosis in MCL. Patient 48 (Pt_48)
was diagnosed with stage IVb MCL, characterized by
a high MIPI score and extensive metastases involv-
ing the terminal ileum, ascending colon, rectum, kid-
ney, prostate, and bone marrow (Fig. 6A). Five serial
plasma samples were analyzed using NGS, spanning

from baseline through treatments and follow-up vis-
its. Despite persistent ctDNA positivity, the variant
allele frequency (VAF) of somatic mutations showed a
marked decrease at the P2 and P3 time points, with no
additional alterations compared to the baseline sam-
ple, aligning with a clinical assessment of complete
remission (Fig. 6B, C). However, disease progression
was detected through radiological imaging following
maintenance therapy, which correlated with a positive
ctDNA result at the P4 time point, showing increased
VAFs of multiple mutations and the emergence of
seven new mutations, indicative of molecular relapse
and disease progression (Fig. 6C). After anti-CD19
CAR-T therapy, PET-CT scans revealed metaboli-
cally active tumor cells, while NGS profiling detected
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additional mutations in plasma ctDNA at the P5 time
point that were not previously identified, including
FAT4_p.G2532R (VAF: 16.4%), TSC2_p.H832Q (VAE:
5.3%), KDM6 A-IGR fusion (VAF: 4.4%), PRDMI1_p.
S787* (VAE: 1.3%), KDM6 A_p.Q285 K (VAE: 1.2%),
KDR_p.W827L (VAF: 0.4%), and KMT2D_p.G2318 C
(VAF: 0.4%). The patient’s disease progressed rapidly
and passed away approximately 6.6 months after clini-
cal progression. Another patient (Pt_03), diagnosed
with stage IVA MCL and BM involvement, underwent
first-line R-CHOP treatment and achieved a clini-
cal complete response (Fig. 6D). Although the VAFs
of mutations significantly decreased, the ctDNA level
at the P2 time point was higher than at the baseline,
prompting subsequent maintenance treatments with
the IR and ZR regimens (Fig. 6E). Notably, the patient
has remained ctDNA-negative and progression-free
from the P4 time point to the most recent follow-up in
April 2024. Collectively, these findings suggest that per-
sistent ctDNA positivity may serve as an indicator of
molecular relapse and progression, aligning with con-
ventional radiological assessments, whereas undetect-
able ctDNA during surveillance may identify a subset of
patients with favorable survival outcomes.

Discussion

In this study, we assessed the clinical utility of plasma
ctDNA for detecting tumor-specific genomic variants
and its potential associations with treatment response
and prognosis in MCL. Our findings highlight the high
sensitivity of ctDNA in identifying recurrent mutations
and clinically actionable genes in MCL. Genomic cor-
relates of treatment response and prognosis detected in
pretreatment plasma samples offer valuable insights for
guiding early response-adapted therapies and developing
tailored patient surveillance programs.

The clinical course and prognosis of patients with
MCL are primarily determined by the specific pattern of
molecular aberrations. However, tissue biopsies are inva-
sive and subject to sampling bias, as they typically capture
only a single region of the tumor and potentially missing
subclone populations. On the other hand, radiographic
imaging lacks the sensitivity and specificity needed for
accurate diagnosis and disease monitoring. In stark
contrast, plasma ctDNA, offers a more comprehensive
and dynamic assessment of disease status, with a much
lower detection threshold compared to imaging, allow-
ing for a broader representation of the tumor’s genetic
landscape across various clinical settings. Nevertheless,
this capability is underpinned by the strong concord-
ance between gold-standard tissue biopsies and plasma
ctDNA in detecting genomic variants, particularly recur-
rent mutations and clinically actionable genes. Our data
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showed that CCND1, ATM, KMT2D, TP53, NSD2, and
TRAF2 were among the most frequently mutated genes
in MCL, regardless of sample types. Plasma ctDNA
detected 66.3% of somatic genomic variants that were
also present in paired tissue samples. This finding is
consistent with Zhang et al., who reported a concord-
ance rate of 69.8% in MCL patients with paired samples
[34]. Notably, pretreatment plasma ctDNA exhibited
exceptionally high sensitivity for identifying SVs, such as
CCNDI gene rearrangements, which serve as a molecu-
lar pathogenetic marker in MCL diagnosis. Furthermore,
all TP53 mutations and SMARCBI mutations identified
in tissue biopsies were concurrently detected in plasma
ctDNA, resulting in a sensitivity of 100%. It is worth
noting that TP53 mutations are an investigational prog-
nostic biomarker associated with poor survival in MCL,
as reported by both our data and others. In contrast,
patients with hematologic tumors harboring oncogenic
mutations in SMARCBI may benefit from treatment with
tazemetostat [35].

We also compared genomic variants identified across
paired tissue, plasma, and bone marrow aspirates. Using
lymph node biopsy samples as the gold standard, our
findings show that BM samples have limited capability
for detecting CNVs, as all seven CNVs identified by tis-
sue profiling were missed in BM. In contrast, 3 out of 7
(42.9%) CNVs were detected in plasma ctDNA, and all
18 SVs identified in tissue biopsies were also detected in
plasma. Both sensitivity of detection and « coefficients
for individual genes, particularly recurrent mutations
and those annotated by OncoKB, were lower in subgroup
analysis comparing BM and tissue samples. Collectively,
our preliminary results reinforce the clinical use of lymph
node biopsies as the gold standard for definitive diag-
nosis, with plasma ctDNA serving as a complementary
approach for variant detection. The accuracy of BM sam-
ples in detecting genomic variants, particularly diagnos-
tic biomarkers, requires further investigation with larger
sample sizes.

Early evaluation of therapeutic response provides a
unique opportunity to tailor treatment strategies, while
recognizing patients at higher risk of disease progres-
sion enables timely interventions to improve survival
outcomes. Molecular analyses of pretreatment ctDNA
are in demand to uncover biomarkers predictive of treat-
ment response and inform prognosis. Consistent with
previous research [36], our findings demonstrated that
higher pretreatment ctDNA levels were associated with
various established prognostic factors, underscoring its
potential as a surrogate marker for disease burden. Nota-
bly, higher ctDNA levels and the presence of TP53 muta-
tions correlated with poor clinical responses and reduced
survival. The prognostic significance of TP53 mutations
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was evident in baseline tissue samples and further vali-
dated using the external dataset. Transcriptional analysis
revealed that TP53-altered tumors were enriched in path-
ways such as oxidative phosphorylation, thermogenesis,
and neurodegeneration, which likely contribute to worse
outcomes by promoting tumor aggressiveness and thera-
peutic resistance. TRAF2 mutations emerged as an unfa-
vorable biomarker associated with disease progression
in both tissue and plasma profiling. Meanwhile, ctDNA-
based mutations in SMARCA4 and TERT, along with
genetic alterations in the BCR/TLR, PI3K, and NOTCH
pathways, were linked to inferior survival outcomes in
MCL. These findings emphasize the clinical relevance
of plasma profiling in identifying relevant mutations
that may be missed in the original tissue biopsy. Indeed,
prior research has linked ibrutinib resistance in MCL
to somatic mutations in TP53, TRAF2, and SMARCA4
[37]. SMARCA4 is a key component of the SWI/SNF
chromatin remodeling complex and plays a pivotal role
in the regulation of gene expression [38]. Mutations in
SMARCA4 are associated with resistance to resistance
to ibrutinib and venetoclax combination therapy in MCL
[39]. Our findings showed that SMARCA4-unaltered
MCL patients had activated immune-related pathways,
such as cytokine-cytokine receptor interactions and
TLR signaling, suggesting a more active immune micro-
environment and improved survival in patients without
SMARCA4 mutations. TERT is a critical enzyme for
maintaining telomere length and genomic stability [40].
Mutations in TERT may contribute to cellular immor-
talization and tumorigenesis, ultimately leading to poorer
clinical outcomes. Dysregulation of the BCR/TLR path-
way and PI3K signaling may contribute to treatment
resistance and poor survival of patients [41, 42]. Indeed,
Bruton’s tyrosine kinase inhibitors (BTKi) have demon-
strated clinical efficacy in targeting BCR signaling. Ibru-
tinib, a covalent oral BTKi, achieved a 68% response rate
in relapsed or refractory MCL and is currently approved
for MCL treatment [43, 44]. Additionally, pirtobrutinib,
the first non-covalent reversible BTKi, received accel-
erated FDA approval for relapsed or refractory MCL
after two lines of systemic therapy. This was supported
by promising results from the BRUIN Phase 1/2 trial
(NCT03740529), which reported an overall response rate
of 57.8% and a complete response rate of 20% [45]. Mean-
while, small-molecule inhibitors targeting PI3K, such
as pan, isoform-specific and dual PI3K/mTOR inhibi-
tors, have shown promise in hematologic malignancies
by disrupting key survival and proliferation signals [46].
Building on these findings, future studies should explore
the therapeutic potential of pathway-specific inhibitors,
either alone or in combination with standard therapies,
to improve patient outcomes.
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Furthermore, our findings suggest that baseline ATM
mutations were associated with a favorable prognosis in
MCL patients. The ATM gene encodes a PI3K-related
serine/threonine protein kinase essential for initiating
DNA repair, and its dysregulation can lead to genomic
instability [47, 48]. Indeed, 14 out of 22 tissue-based ATM
mutations were oncogenic or “likely” oncogenic loss-of-
function variants, resulting in ATM deficiency and syn-
thetic lethality when exposed to DNA-damaging agents.
We hypothesize that ATM-deficient tumors may exhibit
increased genomic instability and heightened immuno-
genicity, potentially enhancing therapeutic responses
and increasing susceptibility to chemotherapy. However,
given the small sample size, the generalizability of these
findings is limited, highlighting the need for validation in
larger cohorts. Future studies with expanded patient pop-
ulations and functional validation of ATM mutations are
essential to confirm these mechanisms and further eluci-
date their clinical significance in MCL.

Last but not least, we highlighted the clinical utility
of plasma ctDNA monitoring for disease surveillance
in MCL. Our findings revealed that dynamic changes in
ctDNA closely aligned with conventional radiological
assessments of treatment response and prognosis. This
was supported by two MCL cases: Pt_48, demonstrat-
ing persistent ctDNA positivity and increased VAFs of
somatic mutations indicative of molecular disease pro-
gression, and Pt_03, who achieved ctDNA clearance fol-
lowing maintenance therapy, correlating with clinical
progression-free clinical status and presumably a long-
term survival benefit. Notably, ctDNA monitoring offers
superior sensitivity and is free of radiological toxicity,
allowing for earlier disease detection at lower thresholds
than standard imaging techniques. However, it is impor-
tant to acknowledge that the VAFs of individual somatic
mutations do not always align with ctDNA levels, as
demonstrated by Pt_03, where decreased VAFs were
accompanied by an increased ctDNA level at the P2 and
P3 time points compared to baseline. This discrepancy
arises because the ctDNA level is determined by both
the mean VAF and the cfDNA concentration. Despite the
reduction in VAFs of the detected mutations, chemother-
apy likely induced the release of cfDNA, offsetting the
decreased VAFs and resulting in a higher ctDNA level.
Therefore, it is recommended to monitor both ctDNA
level and VAFs of individual mutations, in addition to
conventional imaging approaches. Integrating molecu-
lar findings with a consideration of treatment-induced
effects can provide a more comprehensive assessment,
enabling more informed clinical diagnoses and treatment
decisions.

We acknowledge the following limitations of the study,
which necessitate further investigations. First, the small
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sample size and single-center design presents signifi-
cant challenges in data analysis, potentially affecting the
robustness of statistical analyses and limiting the gen-
eralizability of our findings, particularly in subgroup
comparisons. As the study mainly focused on conven-
tional MCL and did not include other subtypes, such as
leukemia-associated non-nodular MCL, this may affect
the comprehensiveness of our results. Future studies
with larger, multi-center cohorts and a broader inclu-
sion of MCL subtypes are needed to validate these find-
ings and enhance their clinical relevance. Second, given
the known limitations of ctDNA in detecting CNVs, our
results may underestimate the clinical significance of
chromosomal-level changes in MCL detected in plasma.
This limitation arises from several factors, including the
inherent difficulty in detecting small CNVs (< 10 kb) due
to signal-to-noise ratio issues and probe density limita-
tions [49, 50], as well as technical challenges in reliably
identifying low-frequency CNVs at low allele fractions
[51, 52]. Future studies could address these challenges by
developing more sensitive detection methods, optimizing
sequencing depth and panel size, or integrating ctDNA
analysis with complementary biomarkers, such as tissue-
based or exosome-based sequencing, to enhance detec-
tion accuracy and reliability. Thirdly, the retrospective
design of the study, which involves longitudinal plasma
sample collection at varying time points across differ-
ent treatment cycles, may not fully capture the dynamic
changes in ctDNA during treatment and disease progres-
sion, potentially introducing variability in the analyses.
Future prospective studies with standardized protocols
for sample collection and analysis are necessary to over-
come these limitations and enhance the robustness of the
findings. Finally, while we have identified certain gene
mutations associated with prognosis, an in-depth explo-
ration of the molecular mechanisms underlying these
mutations was not performed. Future studies focused on
understanding the specific biological pathways involved
will provide a more comprehensive understanding of the
role these mutations play in MCL progression and treat-
ment response.

Conclusions

In conclusion, plasma ctDNA offers a noninvasive and
effective method for capturing tissue-specific genetic
aberrations, serving as a powerful complementary tool
for variant detection in MCL. Plasma ctDNA provides
critical insights into predicting treatment response and
survival, enabling more effective and personalized treat-
ment strategies in MCL patients.
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