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ABSTRACT

Diffuse large B-cell lymphoma (DLBCL) is the most common and clinically heterogeneous
subtype of non-Hodgkin lymphoma, with approximately one-third of patients experiencing relapse
or refractory disease despite standard R-CHOP chemoimmunotherapy. Early identification of
individuals at high risk of treatment failure remains a critical unmet clinical need. Traditional
prognostic tools, including the International Prognostic Index (IPI) and cell-of-origin (COQ), only
partially capture the biological complexity that drives variable outcomes. Therefore, more refined,
and integrative biomarkers are required to improve patient stratification at diagnosis.

This thesis investigates the combined prognostic potential of quantitative ['*F]JFDG-PET
radiomics and circulating tumor DNA (ctDNA) analysis in newly diagnosed DLBCL. Using a real-
life cohort of 120 patients uniformly treated with R-CHOP, metabolic parameters were extracted
from baseline PET/CT scans following a standardized SUV threshold of 4.0. These included total
metabolic tumor volume (tMTV), total lesion glycolysis (tTLG), maximum standardized uptake
value (SUVmax), and the maximum distance between lesions (Dmax). In parallel, plasma samples
were analyzed using CAPP-seq to quantify baseline ctDNA levels and assign LymphGen
molecular subtypes.

Baseline tMTV, tTLG, and Dmax demonstrated strong and independent prognostic value
for progression-free survival (PFS) and overall survival (OS) even after adjusting for ctDNA
levels. These PET parameters were combined into a unified variable, termed high-risk PET, which,
together with ctDNA-high status, formed a two-factor prognostic model. This integrated model
outperformed IPI, thereby markedly improving early risk prediction compared with clinical factors
alone. Incorporation of LymphGen molecular clustering further refined prognostic accuracy. The
three-factor model significantly improved outcome stratification and identified a very high-risk
subgroup with extremely poor long-term outcomes.

These findings show that integrating PET radiomics with liquid biopsy provides a more
accurate and biologically informed prediction of treatment failure, supporting the adoption of
combined imaging-genomic strategies for personalized management and clinical trial stratification

in DLBC.



1. INTRODUCTION

1.1. Diffuse large B-cell lymphoma

Diffuse large B-cell lymphoma (DLBCL) is the most common form of non-Hodgkin
lymphoma (NHL). It is an aggressive disease, often marked by rapidly growing lymph nodes and
systemic symptoms, requiring Immediate medical intervention (Pasqualucci et al., 2011) .

DLBCL is most commonly diagnosed in people in their mid-60s, with about 30% of cases
occurring in those over 75. While most patients have no prior history of lymphoma, DLBCL can
sometimes arise from an existing but undiagnosed low-grade B-cell lymphoma. Research suggests
that the disease has a complex and multifactorial origin, influenced by genetic predisposition,
immune system dysfunction, clinical factors, and external triggers such as viral infections,
environmental exposures, and occupational hazards (Sehn & Salles, 2021).

The standard treatment is chemoimmunotherapy (CI) with R-CHOP regimen (rituximab,
cyclophosphamide, doxorubicin, vincristine, and prednisone), which leads to cure in
approximately over 60% of patients (Pasqualucci et al., 2011; Roschewski et al., 2014; Tilly et al.,
2015) . More recently, the combination of polatuzumab vedotin with rituximab,
cyclophosphamide, doxorubicin, and prednisone (Pola-R-CHP) has also emerged as a frontline
standard, particularly in patients with intermediate- to high-risk DLBCL based on the international
prognostic index (IPI) score (Tilly et al., 2022) .

However, the heterogeneity in the molecular landscape of DLBCL presents challenges in
assessing response to treatment, prognosis, and identification of patients with early

relapsing/refractory disease after first-line chemoimmunotherapy (Moia et al., 2025) .

1.2.  Cell of origin

DLBCL occurs as a result of an expansion and progressive accumulation of mature and
malignant B lymphocytes, at different stages of differentiation. During B lymphocyte ontogeny,
after arising in the bone marrow (BM), these cells migrate to secondary lymphoid tissues, where
they encounter their respective antigens that stimulate the development of secondary follicles.
Within the germinal centers (GCs) of these follicles, B lymphocytes are involved in clonal
expansion somatic hypermutation, and antibody affinity maturation processes that are essential for

the production of high-affinity antibodies (De Silva & Klein, 2015; Mesin et al., 2016) .



DLBCL results from the malignant transformation of mature B-cells that have experienced
the GC reaction. GCs are dynamic compartments that form when B-cells are challenged by a
foreign antigen and represent the primary site for clonal expansion and antibody affinity
maturation (De Silva & Klein, 2015; Mesin et al., 2016) . Dysregulation of these processes can
disrupt normal B-cell maturation and promote lymphomagenesis.

Using Gene expression profiling (GEP) DLBCL can be classified based on its cell of origin
(COO) into three main subtypes: i) germinal center B-cell (GCB)-like subtype shares gene
expression patterns with normal GC B-cells and derives from GC light zone, ii) activated B-cell
(ABC)-like subtype resembles normal activated B-cells and originates from a later stage of GC B-
cells differentiation,. The remaining cases fall into an unclassifiable category, lacking clear
characteristics of either group (Alizadeh et al., 2000; Basso & Dalla-Favera, 2015; Chapuy et al.,
2018)(Figure 1).
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Figure 1. Cell of origin of DLBCL subtypes

The genetic of GCB-DLBCL is thought to originate from light-zone GC B-cells, displays
high level expression of the master regulator B-cell lymphoma/leukemia 6 (BCL6) and harbors
hypermutated immunoglobulin (Ig) genes with ongoing somatic hypermutation (SHM); While
ABC-DLBCL arises from B-cells that have passed through the GC and are on the path to becoming
plasma cells, shows activation of nuclear factor kappa-light-chain- enhancer of activated B-cells

(NF-xB) and B-cell receptor (BCR) signaling pathways, and upregulation of genes required for



Probability of survival

plasmatic differentiation. DLBCL risk stratification, according to COO, has prognostic value upon
R-CHOP treatment. ABC-DLBCL is generally associated with poorer responses to standard
treatments compared to GCB-DLBCL ((Dunleavy & Wilson, 2014; Scott et al., 2015; Thieblemont
et al., 2011)(Figure 2).
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Figure 2. Outcome of GCB-DLBCL and ABC-DLBCL with R-CHOP

1.3. Molecular pathogenesis of DLBCL

The pathogenesis of DLBCL involves numerous genetic alterations. Some of these are
shared between the two main molecular subtypes GCB-DLBCL and ABC-DLBCL, while others
are subtype-specific. Common genetic abnormalities found in both GCB- and ABC-DLBCL
include: i) alterations in histone/chromatin-modifying enzymes; ii) dysregulation of BCL6
activity; iii) mechanisms enabling immune evasion; and iv) additional mutations, including

somatic copy number alterations (SCNAs) and structural variants (SVs).

i) Alterations in histone/chromatin modifiers
One of the most frequent genetic events in DLBCL is somatic mutation of of lysine-specific
methyltransferase 2D (KMT2D) gene, found in approximately 30% of cases (Morin et al., 2011;
Pasqualucci et al., 2011).KMT72D encodes a member of the SETI family of histone

methyltransferases, which promotes an active chromatin state by trimethylating histone H3 at



lysine 4 (H3K4) (Shilatifard, 2012) .These mutations are predominantly truncating or missense
events that disrupt enzymatic activity by deleting the C-terminal domains, including the critical
SET domain (Morin et al., 2011; Pasqualucci et al., 2011) .

Additionally, over one third of DLBCL patients shows somatic mutations and/or deletions
affecting the acetyltransferase gene coding for CREB binding protein (CREBBP) (~50% in GCB-
DLBC and ~30% in ABC-DLBCL) (Pasqualucci et al., 2011).DLBCL- associated mutations and
small insertion or deletion (indels) disrupt the function of the CREBBP/EP300 proteins either by
removing the histone acetyltransferase domain or by introducing amino acid changes within this

domain, which cause decreased affinity for Acetyl-coenzyme A (CoA) (Pasqualucci et al., 2011).

ii) Dysregulation of BCL6 activity

Mutations affecting BCL6 are present in 61% of DLBCL cases, with a higher prevalence
in GCB-DLBCL (>70%) compared to ABC-DLBCL (~44%). The main mechanisms of BCL6
deregulation are chromosomal translocations and SHM. Translocations replace the BCL6 promoter
with heterologous promoter elements from translocation partners, while SHM affects the first
intron and, less frequently, the first non-coding exon. Additionally, BCL6 function may be
indirectly influenced by mutations that impair its regulation, such as those affecting
CREBBP/EP300, which are required for the acetylation-mediated inactivation of BCL6
(Bereshchenko et al., 2002; Pasqualucci et al.,, 2011; Pasqualucci & Dalla-Favera, 2018a) .
However, the accumulation of BCL6 mutations has not been shown to have any association with

disease progression (Igbal et al., 2007).

iii) Immune evasion

Due to different genetic and epigenetic mechanisms, DLBCL commonly fails to express
cell surface molecules, such as major histocompatibility complex (MHC) class I, which is required
for the recognition of tumor cells by immune effector cells. These mechanisms include inactivating
mutations and deletions within the f2-microglobulin (BM?2) locus, thus preventing the coding of
BM2 protein, necessary for the formation of cell surface expression of the human leukocyte
antigen class I (HLA-I), involved in the CD8+ cytotoxic T cells recognition (Challa-Malladi et al.,
2011) .



iv) Additional lesions

Several other genetic lesions contribute to DLBCL pathogenesis. Studies have shown that
TP53 mutations are present in about 20% of DLBCL cases as an independent predictor of poorer
prognosis. TP53 mutations usually result in loss-of-function and can occur in the DNA binding
domain, with a negative prognostic impact. (Karube et al., 2018; Kerbauy et al., 2004; Xu-Monette
et al., 2012, p. 20012; Young et al., 2007) .Forkhead box protein O1 (FOXOI) gene mutations
were detected in 8.6% of DLBCL cases. These mutations, localized in the first exon, in particular
in the N-terminal region and in the DNA binding domain, comprise amino acid changes, likely
preventing the inactivation of FOXO1 in response to phosphoinositide 3-kinase (PI3K) signaling
(Karube et al., 2018; Trinh et al., 2013) .This transcription factor is a key player during B-cell
differentiation, and its activity is negatively regulated by PI3K/AKT pathway (Dominguez-Sola et
al., 2015) . As consequence, alterations within FOXO! decrease overall survival (OS) in patients

treated with R-CHOP (Trinh et al., 2013) .

1.4. Genetic lesions associated with GCB-DLBCL

In DLBCL, certain genetic abnormalities are more common with GCB-DLBCL. These
include: i) chromosomal translocations involving the B-cell lymphoma/leukemia 2 (BCL2) and
myelocytomatosis viral oncogene homolog (MYC) genes; ii) mutations of the enhancer of zeste
homolog 2 (EZH?2) methyltransferase gene; iii) mutations of the tumor necrosis factor- receptor

superfamily member 14 (TNFRSF'14) and iv) alterations affecting B-cell migration.

i) Chromosomal translocations of BCL2 and MYC:

BCL2 is a key antiapoptotic protein that prevents cell death and is found in most tissues.
However, it is normally absent in GC because GC B-cells need to maintain a default proapoptotic
program. In about 30% of GCB-DLBCL cases, the t(14;18) translocation juxtaposes the BCL2
coding exons under the control of the immunoglobulin (IG) locus, resulting in its constitutive
expression. Deregulation of BCL2 has been associated with an inferior outcome, particularly
coupled with MYC deregulation (S. L. Barrans et al., 2003).

The MYC gene encodes for a transcription factor that regulates many critical cell functions,
including cell growth, energy use, differentiation, and programmed cell death. MYC is ectopically
and constitutively expressed in 10% to 14% of GCB- DLBCLs, often as the result of chromosomal

translocations that join its intact coding domain to the IG heavy or light chains loci (Karube &
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Campo, 2015). The presence of MYC translocations has been linked to worse prognosis in DLBCL
(S. Barrans et al., 2010). MYC and BCL2 chromosomal translocations coexist in 5% to 10% of
DLBCL patients (Burotto et al., 2016) .

In the 2016 World Health Organization (WHO) Classification, a new entity termed high-
grade B-cell lymphoma (HGBL) was introduced, defined by the presence of MYC and BCL2 and/or
BCL6 rearrangements, DLBCL morphology, and a poor prognosis when treated with R-CHOP
chemotherapy (Quintanilla-Martinez, 2017) .In the most recent WHO Classification, this category
has been refined to incorporate advances in molecular characterization. The entity HGBL with
MY C and BCL?2 and/or BCL6 rearrangements is now restricted to cases harboring concurrent MYC
and BCL2 rearrangements (with or without BCL6) and is designated as DLBCL/HGBL-
MYC/BCL2. Cases with MYC and BCL6 rearrangements alone have been reclassified as either
DLBCL, not otherwise specified (DLBCL-NOS) or HGBL, NOS (WHO-HAEMS, 2022). These
double hit (DH) lymphomas typically display high-grade morphology and an aggressive clinical

course, with poor response to standard R-CHOP chemoimmunotherapy (S. Barrans et al., 2010) .

Mutations of EZH?2 methyltransferase:

EZH2 encodes a SET-domain histone methyltransferase that is responsible for
trimethylating the lysine 27 residue of histone H3 (H3K27me3)(Czermin et al., 2002)
Approximately 22% of GCB-DLBCL display heterozygous EZH?2 gene mutations, which in most
cases replace a single evolutionarily conserved residue (Y641) within the protein SET domain,
enhancing its ability to catalyze the addition of H3K27me3 mark (Morin et al., 2011; Sneeringer
etal., 2010).

ii) Mutations in TNFRSF14:

TNFRSF 14 encodes for a member of the tumor necrosis factor-receptor superfamily that is
expressed in both T and B-cells and can deliver opposing signals based on its specificity for diverse
ligands(Steinberg et al., 2011) .High TNFRSFI14 expression correlates with poor OS and
progression-free survival (PFS)(Carreras et al., 2019). Deletions and mutations of TNFRSF4,
including missense (~50%), nonsense (~40%), and frameshift (2.5%) events confined to the exons
encoding for its ectodomain, are recurrently found in DLBCL and segregate with the GCB subtype

(30% of cases)(Boice et al., 2016) One mechanism underlying the tumorigenic effect of



TNFRSF 14 loss is the inhibition of cell-cell interactions between this receptor and its ligand B-
and T-lymphocyte attenuator (BTLA), which induces a tumor-supportive microenvironment

(Boice et al., 2016).

iii) Alterations in B-Cell Migration:

The GC, specialized microstructure in the secondary lymphoid tissues, physiologically
produces plasma cells (PCs) secreting antibodies and memory B-cells upon infection or
immunization.(Stebegg et al., 2018). The confinement of B-cells within this microenvironment is
modulated by the activity of two GC-specific-G-protein— coupled receptors (GPCRs):
sphingosine-1-phosphate receptor 2 (S1PR2) and the orphan purinergic receptor P2RY8 (Green
et al., 2012) .In response to lipid ligands, these receptors recruit two closely related G proteins
(Gal2 and Gal3) and stimulate RHOA activity through specific guanine nucleotide exchange
factors, to ultimately suppress pAKT signaling and cell migration. GCB-DLBCL, but not ABC-
DLBCL, displays recurrent inactivating mutations in several components of this pathway,
including the SIPR2, GNA13, and, more rarely, ARHGEFI and P2RYS8 genes (overall, ;30% of
cases) (Cattoretti et al., 2009; Muppidi et al., 2014).Accordingly, deletion of these genes in the
mouse is associated with disruption of the GC architecture, followed by dissemination of GC B-
cells to the peripheral blood and bone marrow, eventually leading to the development of

lymphomas that exhibit features of GCB-DLBCL (Cattoretti et al., 2009; Muppidi et al., 2014).

1.5. Genetic lesions associated with ABC-DLBCL

The key biology of ABC-DLBCL is defined by alterations that result in the constant
activation of the NF-kB pathway, which is essential for the survival of ABC-DLBCL
cells(Pasqualucci et al., 2011). These alterations include: i) mutations in the BCR signaling
pathway; i) mutations of myeloid differentiation primary response 88 (MYDS§S); iii) mutations of
tumor necrosis factor alpha-induced protein 3 (TNFAIP3); and iv) lesions blocking terminal B-cell

differentiation.

1) Mutations in the BCR signaling pathway
ABC-DLBCL exhibits a "chronic active" form of BCR signaling, driven by genetic
changes that affect key components of the pathway (Davis et al., 2010). In 21% of cases, this is
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due to gain-of-function mutations in the immunoreceptor tyrosine-based activation motifs of
cluster of differentiation 79B (CD79B), which sustain BCR signaling by disrupting negative
feedback mechanisms (Davis et al., 2010). In 9% of cases, mutations affect the gene encoding the
caspase recruitment domain family member 11 (CARD11)(Lenz et al., 2008), a critical part of the
“signalosome” complex necessary for proper BCR signal transduction (Thome, 2004). These
mutations primarily affect the exons encoding the protein's coiled-coil domain, enhancing

CARDI11’s ability to activate NF-«kB target genes (Davis et al., 2010; Knies et al., 2015).

i1) Mutations of MYD88

Around 30% of ABC-DLBCL cases involve mutations that cause a hotspot L265P
substitution in the hydrophobic core of the MY D88 Toll/interleukin-1 receptor (TIR)-domain. This
adaptor molecule is essential for transmitting signals from the Toll-Like Receptor (TLR) to the
NF-«B transcription complex .(Lam et al., 2008, p. 200; Ngo et al., 2011, p. 201) In particular, the
L265P substitution triggers the activation and phosphorylation of interleukin-1 receptor-associated
kinase 4 (IRAK4) by promoting the spontaneous formation of a protein complex containing both
IRAK1 and IRAK4. This complex, in turn, activates NF-kB and initiates the Janus kinase/signal
transducers and activators of transcription (JAK/STAT3) pathways (Rhyasen & Starczynowski,
2015).

iii) Aberrations of TNFAIP3
Approximately 30% of ABC-DLBCL cases show biallelic mutations and/or focal deletions
that inactivate the tumor necrosis factor alpha—induced protein 3 (TNFAIP3) gene, which encodes
a dual-function ubiquitin-editing enzyme involved in negatively regulating NF-xB responses
triggered by TLR and BCR signaling (Boone et al., 2004; Compagno et al., 2009; Kato et al.,
2009).The loss of TNFAIP3/A20 function may contribute to lymphomagenesis by allowing NF-
kB responses to persist inappropriately for extended periods (Compagno et al., 2009; Kato et al.,

2009).

iv) Lesions blocking terminal B-cell differentiation
In ABC-DLBCL, the genetic-driven, constant activation of NF-xB is often accompanied

by alterations that impede terminal B-cell differentiation (Pasqualucci & Dalla-Favera,
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2018b).Notably, 25% of cases exhibit biallelic loss-of-function mutations or deletions in the PR
domain-containing protein 1 (PRDM1)/B-interferon gene positive regulatory domain I-binding
factor (BLIMP1), a transcriptional repressor critical for B-cell plasmacytic differentiation and

essential for plasma cell (PC) development (Pasqualucci et al., 2006).

1.6. DLBCL subtypes and novel molecular clusters
GEP has been used to classify DLBCL into subgroups based on the COO, ABC, GCB, and

unclassified, each of which is linked to different responses to chemotherapy and targeted therapies
(Alizadeh et al., 2000; Rosenwald et al., 2002). This classification accounted for some of the
heterogeneity in the clinical outcome following R-CHOP chemotherapy, but it does not fully
account for the diverse responses and outcomes observed with R-CHOP or targeted treatments.
The extreme genetic and phenotypic heterogeneity of DLBCL continues to pose challenges to the
development of precision therapies (Wright et al., 2020).

To address this complexity, various mathematical-based clustering methods have been
employed to stratify DLBCL tumors into genetic subtypes that are characterized by genomic
aberrations in subtype specific hallmark genes. Integrating genomic data from multiple analytical
platforms has enabled the identification of genes recurrently altered by mutations, translocations,
and copy-number changes, providing the basis for a genetic classification of DLBCL (Chapuy et
al., 2018; Schmitz et al., 2018) .The clinical relevance of these genetic subtypes was highlighted
by their association with outcomes following R-CHOP therapy (Wright et al., 2020) .

In 2018, Chapuy and colleagues performed whole-exome sequencing (WES) with an
expanded bait set to capture known structural varia SVs in 304 newly diagnosed DLBCL cases.
They identified five distinct molecular clusters (C1-C5) with unique genetic signatures, along with
an additional subset without detectable alterations (C0) (Chapuy et al., 2018) .

Cluster 5. Predominantly characterized by BCL2 gain-of-function alterations, mutations in
MYDS8Y%F and CD79B genes (Chapuy et al., 2018) .

Cluster 1. Mainly containing BCL6 SVs and mutations in components of the NOTCH2
signaling pathway, along with multiple genetic bases of immune escape, including inactivating
mutations. The majority of C1 and C5 DLBCLs were classified as ABC-type tumors by
transcriptional profiling, suggesting different targeted treatment strategies: inhibition of BCR/TLR
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signaling and BCL2 in C5, and targeting NOTCH, BCL6, and immune evasion in C1(Chapuy et
al., 2018) .

Cluster 3. Marked by BCL2 alterations, frequent mutations in chromatin modifiers
(KMT2D, CREBBP, EZH?2) and PTEN inactivation (Chapuy et al., 2018) .

Cluster 4. Identified by mutations in immune evasion molecules (CD§83), BCR/PI3K
intermediates (SGK7), NF-xB modifiers (CARDI1), and RAS/JAK/STAT pathway members. C4
and C3 represent distinct GCB tumor subsets, with potential therapies targeting BCL2, PI3K, and
epigenetic modifiers in C3 GCB tumors, and JAK/STAT and BRAF/MEK1 blockade in C4 GCB-
DLBCLs (Chapuy et al., 2018) .

Cluster 2. Characterized by frequent biallelic inactivation of 7P53 through mutations and
17p copy loss, with both GCB and ABC subtypes represented (Chapuy et al., 2018)

Cluster 0. A small subset of DLBCLs, defined as cluster 0 (C0) lacked defining genetic drivers
(Chapuy et al., 2018).

In this study, the prognostic analysis revealed that patients with C0, C1, and C4 subtypes
had more favorable outcomes, whereas those with C3 and C5 clusters exhibited poorer prognosis
(Chapuy et al., 2018)

In the same year, Schmitz and his group analyzed approximately 500 DLBCL cases using
exome and transcriptome sequencing, array-based DNA CN analysis, and targeted resequencing
372 genes to identify more recurrently altered genes and pathways (Schmitz et al., 2018). They
identified four genetic DLBCL subtypes, applying the predictor algorithm Genclass: MCD (based
on the co-occurrence of MYD88"2%F and CD79B mutations), BN2 (based on BCL6 fusions and
NOTCH?2 mutations), N1 (based on NOTCH I mutations), and EZB (based on EZH?2 mutations and
BCL? translocations). These subtypes differed in gene expression signatures and responses to
immunochemotherapy, with favorable survival observed in BN2 and EZB subtypes, while MCD
and N1 subtypes had worse outcomes (Schmitz et al., 2018) .

Building on these findings, Wright et al, combined the genetic profiles from these two
studies to develop the LymphGen algorithm that provides a probabilistic classification tool for
DLBCL tumor from an individual patient into a genetic subtype (Wright et al., 2020) . They define
a genetic subtype as a group of tumors that is enriched for genetic aberrations in a set of subtype

predictor genes. These subtype predictor genes are identified by considering each possible
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combination of genetic aberrations. LymphGen uses the presence or absence of each subtype
predictor feature to provide a probability that a tumor belongs to the subtype(Wright et al., 2020).

To display the genetic composition of the subtypes, they selected a set of genetic features
that were significantly associated with a subtype (p < 0.01) and were present in >10% of the
subtype. First, they chose seeds representing the four previously identified genetic subtypes: MCD
(including MYD88Y%® and CD79B mutations), BN2 (including BCL6 translocations and
NOTCH?2 mutations), N1 (including NOTCHI mutations), and EZB (including EZH2 mutations
and BCL?2 translocations). They therefore formed a seed class of cases with 7P53 features, termed
“AS53". In addition, they created a second new seed class based on the features of SGK/ and TET2
genes, which is termed “ST2".

This classification breaks DLBCLs into seven genetic subtypes that differ in oncogenic
pathway activation, gene expression phenotype, tumor microenvironment, survival, and potential
therapeutic targets (Wright et al., 2020) .

Recent advances in the molecular characterization of diffuse large B-cell lymphoma
(DLBCL) have led to the development of DLBclass, a next-generation probabilistic classifier
designed to prospectively identify the five genetically defined clusters (C1-C5). DLBclass
integrates mutations, SCNAs, and SVs, while demonstrating that additional parameters such as
tumor ploidy or COO status, reflecting the natural enrichment of ABC tumors in C1 and C5 and
GCB tumors in C3 and C4, while C2 remains COO-independent. Importantly, the model also
clarified additional cluster-specific alterations, including new mechanisms of NOTCH2/NF-«kB
activation in Cl1, enrichment of MYC/BCL2 double translocations in C3, and C4 features
overlapping with T-cell/histiocyte-rich LBCL . (Chapuy et al., 2025a)

Compared with LymphGen, DLBclass captures a larger fraction of DLBCL cases and
provides more actionable genetic information, offering a practical and comprehensive framework

for personalized treatment approaches .(Chapuy et al., 2025b) .

1.7. DLBCL diagnosis, prognostic factors and treatment

DLBCL istypically diagnosed through an excisional biopsy of a suspicious lymph node
(LN), which reveals large clusters of cells that disrupt the structural integrity of the follicle center
and test positive for pan B-cell markers like CD20 and CD79A. The COO is determined using
immunohistochemical (IHC) stains or GEP (Liu & Barta, 2019) .
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The standard treatment for DLBCL patients is R-CHOP chemoimmunotherapy, which
includes rituximab, an antibody targeting the CD20 protein found on the surface of B-cells along
with chemotherapy drugs cyclophosphamide, doxorubicin, vincristine, and prednisone (Chiappella
et al., 2013; Kwak, 2012) .With this regimen, approximately 60-70% of patients with DLBCL are
cured of disease. However, 30-40% of patients will relapse or, in a small patient's subset, be
refractory to R-CHOP therapy (Liu & Barta, 2019).Failure of R-CHOP therapy is mainly due to
primary refractoriness or relapses following an initial complete response (CR) (Coiffier & Sarkozy,
2016) .

A more recent advancement in frontline therapy for DLBCL is the use of polatuzumab
vedotin in combination with rituximab, cyclophosphamide, doxorubicin, and prednisone (Pola-R-
CHP). This regimen has emerged as a new standard of care, particularly for patients with
intermediate- to high-risk disease according to the IPI score ((Tilly et al., 2022) .

Moreover, the different genetic subtypes of DLBCL can influence treatment decisions. For
example, lesions affecting the BCR-dependent NF-kB pathway are common in the BN2, MCD,
and A53 subtypes, suggesting these may be responsive to Bruton tyrosine kinase inhibitors
(BTKis). Specifically, MCD-like tumors, which harbor MYD88“*%F and CD79B mutations, have
shown a high response rate (=80%) to ibrutinib in relapsed cases (Grommes et al., 2017; Lionakis
etal.,2017; Wilson et al., 2015) . Additionally, the MCD model, driven by autocrine IL-10 receptor
signaling activating JAK1 and STAT3 , has shown responsiveness to the selective JAK1 inhibitor
INCB040093 when combined with a PI3K$ inhibitor in non-GCB DLBCL(Phillips et al., 2018)
.EZB subtype, which carries an EZH? mutation, may be more responsive to EZH2 inhibitors
(Wright et al., 2020). Furthermore, BCL2 alterations observed in MCD, BN2, and EZB models
suggest that therapies like venetoclax or navitoclax could be beneficial for these genetic subtypes
(Mathews Griner et al., 2014) .

GEP has provided valuable insights into DLBCL biology and led to the adoption of IHC
algorithms in routine clinical practice. The identification of DH lymphomas, detected by
fluorescence in situ hybridization (FISH) and characterized by translocations involving MYC and
either BCL2 or BCLG6, is critical due to the poor prognosis associated with R-CHOP. DH or triple
hit (TH) lymphomas, which involve rearrangements of MYC with BCL2 and BCL6, are associated
with a highly aggressive clinical course, poor response to conventional therapies, and high relapse

rates (Green et al., 2012; Rosenthal & Younes, 2017) .
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1.8. PET parameters role in DLBCL
Positron emission tomography with ['®F]fluorodeoxyglucose (['*F]JFDG-PET/CT) has

emerged as an essential imaging modality in the assessment and management of DLBCL (Ceriani
et al., 2025). Baseline PET/CT not only improves disease staging by detecting otherwise occult
nodal and extranodal disease but also provides quantitative biomarkers that reflect whole body
tumor burden and biology. These parameters are critical for clinicians to determine appropriate
treatment strategies and make prognostic predictions .(Cottereau et al., 2020; Frood et al., 2021)

Among these parameters, total metabolic tumor volume (MTV) and total lesion glycolysis
(TLG) have been widely recognized for their prognostic value across multiple cohorts. MTV
quantifies the total volume of all FDG-avid lesions throughout the body, thereby representing the
entire metabolically active tumor burden. TLG, on the other hand, provides a comprehensive
measure of total metabolic activity across all tumor sites (Eertink et al., 2022) . Numerous studies
have shown that higher MTV/TLG values at baseline are indicative of more extensive disease and
worse prognosis, suggesting that patients with high MTV may benefit from more aggressive or
alternative therapeutic strategies, such as immunotherapy or targeted treatments (Sasanelli et al.,
2014; Vercellino et al., 2020). Therefore, they play a pivotal role in identifying high-risk patients
early, thus enabling personalized treatment approaches (Eertink et al., 2022).

Beyond MTV and TLG, the peak standardized uptake value (SUV peak) is another
significant PET parameter that has been used to predict patient outcomes. SUV peak measures the
intensity of FDG uptake within the most metabolically active tumor area, providing additional
information on the aggressiveness of the lymphoma . SUV peak has been shown to correlate with
clinical outcomes and can be a valuable tool in distinguishing between patients who will respond
to standard treatments and those who may require more intensive therapy (Zhang et al., 2019) .

Another important parameter is the maximum distance between lesions (Dmaxbulk), which
quantifies the spatial distribution of the lymphoma within the body. This metric reflects the tumor’s
heterogeneity and the potential for dissemination. Studies have suggested that patients with larger
distances between lesions may have a higher risk of progression or relapse, further emphasizing
the need for individualized treatment planning (Cottereau et al., 2020) .

The integration of these PET-based radiomics features MTV, SUV peak, and Dmaxbulk
into clinical models has greatly improved the ability to predict treatment outcomes in DLBCL

patients. One such model, developed using data from the HOVON-84 trial, incorporated these PET
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parameters alongside clinical factors such as age and performance status (Lugtenburg et al., 2020)
. This integrated PET model has outperformed the traditional IPI, which has been the gold standard
for risk stratification in DLBCL for over three decades. The clinical PET model demonstrated a
significantly higher area under the curve (AUC) compared to IPI, indicating its superior predictive
power. Specifically, the clinical PET model allowed for more accurate identification of high-risk
patients who would benefit from tailored therapies, with a higher positive predictive value (PPV)
and improved specificity and sensitivity (Mikhaeel et al., 2022) .

While the clinical PET model has shown superior performance, the ability to apply these
radiomic features in clinical practice depends on the standardization of PET imaging and analysis
methods (Barrington & Meignan, 2019; Eertink et al., 2022). Initiatives such as the imaging
biomarker standardization initiative (IBSI) and the development of software tools like
ACCURATE are aimed at making PET radiomics more reproducible and accessible across
different clinical settings . Standardization efforts will facilitate the broader use of PET-based
radiomics for personalized medicine in DLBCL, ensuring that patients receive the most effective

treatment tailored to their individual disease characteristics .(Zwanenburg et al., 2020).

1.9. Liquid biopsy applications in DLBCL

Traditional diagnostic methods, such as tissue biopsy, often fail to fully capture the
complexity of tumor heterogeneity across different anatomical compartments since it typically
samples a single tumor site (Rossi et al., 2017). Moreover, tissue biopsy is an invasive procedure
that presents challenges for obtaining serial samples, which are necessary for real-time disease
monitoring and therapeutic assessment(Talotta et al., 2023)These limitations underscore the need
to explore new approaches for personalizing treatment and improving patient outcomes (Rossi et
al., 2017).

In recent years, liquid biopsy has emerged as a possible complementary tool integrating
tissue biopsy for lymphoma molecular diagnostics and management. This minimally invasive
approach enables the identification of disease-related biomarkers through accessible procedures
such as blood drawing or the collection of body fluids like saliva, urine, cerebrospinal fluid (CSF),
and stool. Liquid biopsy offers several advantages over conventional tissue biopsy, including the

ability to capture tumor heterogeneity at multiple sites, support real-time disease monitoring, and
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allow for longitudinal sampling across treatment (Heitzer et al., 2019; Liu & Barta, 2019; Moia et
al., 2021) .

Liquid biopsy includes several tumor-derived components circulating in body fluids that
provide important information about tumor biology, such as circulating tumor DNA (ctDNA),
circulating tumor cells (CTCs), and extracellular vesicles (EVs) (Jamal et al., 2024; Savino et al.,
2022) .

ctDNA refers to fragments of DNA shed by tumor cells into the blood. It reflects the genetic
mutations present in the tumor and provides a dynamic view of disease status.

ctDNA is an emerging biomarker across oncology, including lymphomas and it could serve
as both a prognostic factor and a quantitative proxy for disease burden (Kurtz et al., 2015, 2018) .

The limitations in accessing fresh tumor material from DLBCL tissue biopsies has
prevented the rapid translation of DLBCL gene mutations into prognostic or predictive tools for
clinical practice (Rossi et al., 2017).Therefore, alternative accessible sources of tumor DNA may
help to complement the molecular diagnostic analyses that are routinely carried out on formalin-
fixed paraffine-embedded (FFPE) tissue biopsies (Rossi et al., 2017).

In DLBCL, the use of ctDNA is a powerful tool for the detection of genetic alterations that

otherwise might be missed in the tissue biopsy. Advanced sequencing technologies, such as cancer
personalized profiling by deep sequencing (CAPP-seq), have demonstrated that ctDNA can detect
hallmark genetic alterations associated with DLBCL subtypes, including mutations of MYDSS,
CD79B, and EZH2, making it a useful tool for disease genotyping, enabling molecular
classification of DLBCL and guiding targeted therapies. Studies have shown a high concordance
between ctDNA genotyping and tissue biopsy for detecting genetic alterations in DLBCL (Rossi
et al., 2017; Scherer et al., 2016; Spina et al., 2018).
The molecular classification of DLBCL was established mainly on the tissue biopsy, enabling the
identification of clinically relevant genetic subtypes with distinct features (Chapuy et al., 2018;
Wright et al., 2020) . Recent evidence shows that LymphGen can also be applied reliably and
effectively on ctDNA. Moia et al. has reported a 95.8% concordance rate in molecular cluster
assignment between ctDNA and tissue biopsy, highlighting the reproducibility of molecular
clustering on plasma (Moia et al., 2025).As with tissue biopsy studies, patients assigned to the
AS53 and MCD clusters exhibited poorer outcomes, while those in the ST2 and BN2 clusters
showed significantly better outcomes (Moia et al., 2025).

18



In DLBCL, ctDNA has been quantified or used to track the tumor clonotypic
immunoglobulin gene rearrangement for minimal residual disease monitoring (Kurtz et al., 2015;
Roschewski et al., 2014) .

Pretreatment ctDNA levels have been identified as a key prognostic biomarker in DLBCL.
Several studies have linked higher baseline ctDNA levels to poorer PFS and OS (Alig et al., 2021;
Meriranta et al., 2022) . Moreover, baseline ctDNA levels could also be integrated with molecular
clusters identified on the liquid biopsy, this combined approach of integrating multiple ctDNA-
derived biomarkers enhances the prognostic accuracy and allows for more precise risk
stratification of DLBCL patients (Moia et al., 2025).

In addition to pretreatment prognostic value, the dynamic changes in ctDNA levels during
therapy have been shown to reflect treatment response in DLBCL (Lauer et al., 2022)These
molecular response biomarkers offer an additional tool for monitoring treatment response and may
integrate traditional methods such as PET/CT scans .(Roschewski et al., 2023)

Despite its potential, there are challenges to the widespread clinical adoption of liquid
biopsy in DLBCL. These include the need for standardization in sample collection, processing,
and analysis, as well as technical limitations in detecting low frequency mutations and tumor
chromosomal translocations. These notions suggest that liquid biopsy is not a substitute for the
tumor biopsy but instead provides complementary information in DLBCL (Rossi et al., 2017).
Nevertheless, with ongoing technological progress, ctDNA analysis may be expected to become a
part of routine clinical practice in DLBCL, enhancing personalized treatment and improving

patient outcomes (Almasri et al., 2025) .
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2. AIM OF STUDY

The aims of the present study are:
i) To assess the prognostic significance of ctDNA levels and LymphGen mo-
lecular clustering on ctDNA in newly diagnosed DLBCL patients;
ii) To evaluate the prognostic value of baseline PET/CT radiomics parameters;
iii) to integrate the prognostic value of ctDNA levels, molecular clusters, and

PET/CT variables to improve outcome prediction in DLBCL.
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3. MATERIALS AND METHODS

3.1. Patients

A real-life cohort of 120 newly diagnosed DLBCL patients consecutively referring to our
institution were included in the study. Patients had a diagnosis of DLBCL not otherwise specified
(NOS) and were treated with R-CHOP-based therapy. All cases were provided at baseline with: i)
["®F]FDG-PET/CT scans; ii) ctDNA from plasma; and iii) germline gDNA extracted from
granulocytes for comparative purposes. Patients provided informed consent in accordance with
Institutional Review Board requirements and the Declaration of Helsinki. The study was approved
by the Ethical Committee of the Ospedale Maggiore della Carita di Novara associated with the
Universita del Piemonte Orientale (study number CE 120/19).

3.2. [®F]FDG-PET/CT analysis

All PET/CT scans were acquired using the same protocol, following the procedural
guidelines described by the European Nuclear Medicine Association (EANM). Specifically, each
patient fasted for at least 6 hours before the examination and was injected with 2.5-3 Mbq/kg of
['®F]FDG with a blood glucose level below 200 mg/dL. After 60 + 10 minutes, total-body images
from the nasion to the proximal third of the femurs were acquired. Non-contrast low-dose CT co-
registration images were gathered to perform the attenuation correction processing, and then the
images were reconstructed on the three spatial axes: axial, sagittal, and coronal. Subsequently,
using the free software LIFEx v 7.4.0, a semiautomatic segmentation was conducted on all evident
lesions in each PET/CT scan using specific automatic segmentation tools available in the software
and, when necessary, performing the manual exclusion of activity related to the presence of
radioactive urine in the renal excretory or physiological uptake in the cardiac area with the aid of
co-registration CT images. Data were then collected by two independent nuclear radiologists (any

possible conflict was resolved by consensus) using the SUVmax >4.0 threshold, since the current
literature suggests that a SUVmax >4.0 may represent a more robust, reliable, and reproducible
threshold when compared to a SUVmax 241%. Finally, for each patient the SUVmax of the hottest

lesion, the total (t) MTV, the tTLG and the distance between the two farthest hypermetabolic

lesions (Dmax) were collected.
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3.3. Separation of granulocytes from peripheral blood (PB)

Peripheral blood (PB) granulocytes were isolated using Ficoll gradient density centrifuga-
tion to obtain normal germline genomic DNA (gDNA). The PB was diluted at a 1:2 ratio with
physiological saline (0.9% NaCl) and centrifuged at 1800 rpm for 25 minutes using Sigma Diag-
nostic™ Histopaque®-1077 Cell Separation Medium (Sigma-Aldrich, St. Louis, MO, USA) to

separate granulocytes from mononuclear cells (monocytes and lymphocytes).

3.4. Extraction of normal gDNA

Normal gDNA was extracted using the “salting out” method (Miller et al., 1988). Cells
were lysed with a Lysis Buffer containing Tris-HC1 1M (pH 8.2), NaCl 5M, and EDTA 0.5M,
along with 20% sodium dodecyl sulfate (SDS), and then digested with 20 mg/ml proteinase en-
zyme (pronase E). The samples were incubated overnight at 37°C in a shaking incubator. Proteins
were precipitated by adding 6M NaCl and removed after centrifugation at 3200 rpm for 20 minutes.
DNA was then precipitated using pure ethanol, forming a milky, jelly-like substance which was
collected with glass loops and washed three times in 75% ethanol. After evaporating the residual

ethanol, the DNA was dissolved in TE Buffer (Tris-HCl 1M, pH 8.2, EDTA 0.5M).

3.5. Plasma ctDNA extraction
PB samples were collected in Cell-Free DNA BCT® tubes and centrifuged at 800 relative

centrifugal force (RCF) for 10 minutes at 4°C to separate plasma from blood cells. The plasma
was then centrifuged again at 13,000 rpm for 10 minutes at 4°C to remove any remaining cells.
Plasma samples were stored at -80°C until DNA extraction. ctDNA was extracted from 2-3 ml
plasma aliquots immediately after thawing, using the Maxwell® RSC LV ccfDNA Kit Custom
(Promega Corporation, Madison, WI, USA). Quantification was performed with a Quantus
Fluorometer using the QuantiFluor double-stranded DNA (dsDNA) System (Promega
Corporation). The quality of the extracted ctDNA was evaluated with the 2100 Bioanalyzer
Instrument (Agilent Technologies, Santa Clara, CA, USA).
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3.6. DNA quantification and fragmentation

gDNA was quantified using the Quant-iT™ PicoGreen dsDNA Assay kit (ThermoFisher
Scientific, Eugene, OR, USA). PicoGreen is a dye that selectively binds to double-stranded DNA,
enabling an accurate measurement of DNA quantity. Fluorescence readings were taken with the
Infinite F200 fluorometer (TECAN, Mannedorf, Switzerland) using Magellan software. Measure-
ments were made at an excitation wavelength of 485 nm and emission wavelength of 530 nm. A
standard curve was generated by preparing serial 1:2 dilutions of DNA with known concentration.
The Quant-iT™ PicoGreen assay was performed at a 1:200 dilution.
gDNA extracted from tissue samples were sheared by sonication using the M220 focused ultra-
sonicator (Covaris®, Woburn, MA, USA) before library preparation to produce DNA fragments
of 250-300 base pairs. Fragment sizes were verified with the 2100 Bioanalyzer Instrument. In
contrast, circulating tumor DNA (ctDNA) is naturally fragmented and was used directly for library

construction without further fragmentation.

3.7. Library design for hybrid selection
A targeted resequencing gene panel was specifically designed for this project, covering the
coding exons and splice sites of 109 genes (total target region: 199411 base pairs) that are fre-

quently mutated in DLBCL and other B-cell malignancies.

3.8. CAPP-seq library preparation

The gene panel was analyzed in two sample types: i) plasma ctDNA collected at diagnosis;
and 7i) germline gDNA from matched granulocytes for comparison. NGS libraries were prepared
using the KAPA HyperPrep Library Preparation Kit (KAPA Biosystems, Wilmington, MA, USA),
with hybrid selection performed using the custom KAPA HyperChoice probes (Roche, Basel,
Switzerland). Multiplexed libraries were sequenced using 300-bp paired end runs on MiSeq
[llumina platform and 150-bp paired end runs on NextSeq550 Illumina platform. (San Diego, CA,
USA).

3.9. Next generation sequencing

The sequencing workflow involves the following phases: i) generation of libraries

containing the regions of interest; ii) sequencing; and iii) data analysis.

23



i) Generation of libraries

The library preparation using the KAPA HyperPrep Library Preparation Kit (KAPA
Biosystems, Wilmington, MA, USA), begins with end repair and A-tailing reaction, which
produces end repaired, 5'-phosphorylation, 3'-A-tailed dsDNA fragments, followed by the adapter
ligation, during which dsDNA adapters with 3'-dTMP overhangs are ligated to 3'-dA-tailed

molecules.

ii) Sequencing

Miseq and NextSeq550 Illumina sequencers are based on sequencing by synthesis
technology, in which DNA libraries are transferred onto a solid support, called flowcell, to which
they are linked by special adapters. On the flowcell the libraries are amplified by a method called
bridge amplification, which generates clusters of identical DNA molecules, each derived from the
amplification of a single molecule. Sequencing is based on the reversible cyclic termination
method, with a by-synthesis approach, which includes three steps: the incorporation of the
nucleotide, the detection of the fluorescence image and the cut.
In the first phase of the cycle, the DNA polymerase elongates a specific primer by adding a
nucleotide covalently bound to a fluorophore. This presents a block on the 3'- OH of ribose which
does not allow polymerization with other nucleotides. Each nucleotide base is bound to a
fluorophore of a specific colour. It follows the detection step of the image that recognizes the
specific emission wavelength of the fluorophore. Next, the cut removes both the fluorophore and
the inhibitory group present at the 3'-OH end, allowing the beginning of a new cycle. Libraries
were sequenced by pair-end sequencing using a 300-bp paired-end cycle kit. The library pool was
denatured using 0.2N NaOH.
An amount of 9 to 12 pM denatured DNA was loaded into the MiSeq and 1.3 pM into the
Nextseq550.

iii) Data analysis

During the sequencing run, the integrated software for real-time primary analysis (RTA,
Real Time Analysis, [llumina) performs image analysis and identification of the bases and assigns
a qualitative score (Phred score) to each base for each cycle. Once the primary analysis is
completed, the MiSeq Reporter (Illumina, San Diego, CA, USA) software performs a secondary
analysis on the data generated by the RTA through a series of procedures that include: 1) de-
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multiplexing, in which the data of different samples sequenced are pulled together based on the
specific sample index sequences; ii) FASTQ generation, which are files containing all the reads
obtained from sequencing.

FASTQ sequencing reads were deduped by using the FastUniq v1.1. Then, the deduped
FASTQ sequencing reads were locally aligned to the hg19 version of the human genome using the
BWA v.0.6.1 software with the default setting, and sorted, indexed, and assembled into a mpileup
file, using SAMtools v.1. Somatic SNVs and small insertions and deletions (indels) were identified
in tumor/normal paired samples using the somatic function of VarScan2. Multiple comparisons
test was performed to compare the variant allele frequency (VAF) versus the mean allele frequency
in unpaired normal gDNA samples to filter out variants below the base-pair resolution background
frequencies across the target region. Only variants that had a significant call in Z-test were retained
(Bonferroni adjusted p < 6.11x10®%). Mutations were annotated using WANNOVAR

(https://wannovar.wglab.org/). TP53 variants that were scored as SNPs according to the

International Agency for Research on Cancer TP53 database; https://tp53.isb-cgc.org/), intronic

variants, mapping >2 bp before the start or after the end of coding exons, and synonymous variants
were then filtered out. Splice-acceptor and splice-donor variants were annotated by using the

SeattleSeq Annotation 138 tool (http://snp.gs.washington.edu/SeattleSegAnnotation138). Among

the remaining variants, only protein truncating variants (i.e., indels, stop codons and splice site
mutations), as well as nonsynonymous variants, not included in the dbSNP 138 and reported as

somatic in the COSMIC v96  database (https://cancer.sanger.ac.uk/cosmic), were retained.

All the variants were visualized using IGV (Integrative Genomics Viewer) software (v2.8.0).

3.10. Copy-number variation analysis on ctDNA

Genome wide somatic copy number abnormalities (SCNA) was performed using the
CNVkit software toolkit (version 0.9.10) in Python 3.11.4.Although CNVKkit is not specifically
designed for copy number alteration (CNA) analysis, as internal validation, the results of CNVKkit
were compared to ichorCNA, a tool intended for estimating the fraction of tumor in cell-free DNA
from ultra-low-pass whole genome sequencing (WGS). CNVKkit infers copy number variations
(CNVs) from targeted capture sequencing data. Sequencing data (cfDNA BAM-files) from the
CAPP-seq pipeline, including both on-target and off-target reads, were used as input. The target

bin size was set to default. A reference file was built from 41 normal cfDNA samples; read depths
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were median-centered and bias-corrected (GC-content, sequence repeats, target density) to pro-
duce normalized log2 read-depth values for each bin. To infer copy-number changes, “observed”
normalized log2 read-depth values from patient samples were subtracted from the “expected” val-
ues in the reference file and bins were segmented using circular binary segmentation with the
“droplow- coverage” option. We applied the GISTIC2.0 GenePattern module (version 6.15.30) to
identify statistically significant CNVs. The thresholds used in our analysis were 0.3 for amplifica-
tions and 0.3 for deletions. GISTIC output files were processed and summarized using maftools R

package (version 2.10.05).

3.11. Molecular characterization of the DLBCL cohort on ctDNA

The LymphGen probabilistic classification tool was used to classify DLBCL cases accord-
ing to molecular clusters. A patient was assigned to a specific cluster when the tool considered the

case as ‘‘core’’ or ‘‘extended’’ cluster.

3.12. Statistical analysis

The primary endpoint of the clinical study was PFS and the secondary endpoint was OS.
Survival analysis was performed using the Kaplan-Meier method and compared between strata
using the Log-rank test. The maximally selected rank statistics was used to identify the best cut-
off values in predicting PFS for ctDNA levels and for each ['®F]JFDG-PET/CT variable. The ad-
justed effects of molecular clusters, ['*FJFDG-PET/CT parameters and ctDNA levels on PFS and
OS were estimated by Cox regression. Internal validation of the multivariate analysis was per-
formed using the bootstrap approach with 1000 bootstrap samples. Chi square and Mann-Whitney
tests were used to compare dichotomous and continuous variables, respectively. P-values were
adjusted according to Benjamini-Hochberg correction. The C indices were internally validated
with 1000 bootstrap samples and the means between groups were compared with the T-test. The
analysis was performed with the Statistical Package for the Social Sciences (SPSS) software v.24.0
(Chicago, IL) and RStudio Version 1.2.1335 2009-2019, Inc. Statistical significance was defined

as p-value < 0.05.
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3. RESULTS

4.1. Patient characteristics and prognostic impact of ctDNA levels and
PET/CT parameters
The cohort included 120 newly diagnosed DLBCL patients referring to our institution and
homogenously treated with RCHOP- based therapy. The median age of the study cohort was 67
years, 87 (72.5%) patients presented an Ann Arbor stage III/IV and 68 (56.7%) presented an IP1 >
3 (Table 1). After a median follow-up of 56 months, the 40-month PFS and OS were 65.1% and
75.6%, respectively (Fig. 3A, B).
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Figure 3. Kaplan-Meier curve of (A) PFS and (B) OS of the 120 DLBCL patients included in the studied cohort.

A recursive partitioning approach was used to maximize the log-rank statistics for PFS in
the 120 DLBCL patients enrolled in the present study. The list of all PET/CT parameters for each
individual patient is represented in Table S2. Consistently, the optimal cut-off of SUVmax, tMTV,
Dmax and tTLG for predicting PFS were 17.66, 639.20 cm®, 39 cm and 7138.34, respectively (Fig.
4A-D). For all PET/CT parameters, these cut-off values segregated patients for significantly
different PFS and OS. In detail, patients with a SUVmax >17.66 (N = 78) had a 40-month PFS and
OS 0of 57.9% and 70.5% compared to 78.6% and 84.8% for patients with a SUVmax <17.66 (N =
42) (p = 0.023 and p = 0.056, respectively) (Figs. SA). Patients with a tMTV >639.20 cm® (N =
39) had a 40- month PFS and OS of 36.8% and 51.6% compared to 78.8% and 86.3% for patients
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Standardized log-rank statistic

with a tMTV <639.20 cm® (N = 81) (p < 0.001 and p = 0.0023, respectively) (Figs. 5B). Patients
with a tTLG >7138.34 (N = 33) had a 40-month PFS and OS of 34.5% and 51.0% compared to
76.7% and 84.5% for patients with a tTLG <7138.34 (N = 87) (p < 0.001 and p = 0.0016,
respectively) (Figs. 5C ). Patients with a Dmax >39 cm (N = 51) had a 40-month PFS and OS of
47.6% and 65.2% compared to 78.0% and 83.3% for patients with a Dmax <39 cm (N =69) (p =
0.018 and p = 0.082, respectively (Figs. 5D).

Figure 4. Maximally selected rank statistics plots. Maximally selected rank statistics plots with the best cut-off
values for PFS of (A) SUVmax, (B) tMTV, (C) tTLG, (D) Dmax and (E) ctDNA levels.

By using the same approach utilized for PET/CT parameters, a threshold of 2.68

LoglOhGE was identified as the optimal cut-off that maximizes the log-rank statistics for PFS
(Fig. 4E). The complete list of variants identified on ctDNA, of ctDNA levels and of CNVs for
each patient are reported in Tables S3 and S4. Patients with ctDNA levels >2.68 LogiohGE (N =
43), termed ctDNA-high, had a 40-month PFS and OS of 42.9% and 55.4% compared to 77.4%
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and 86.5% for ctDNA-low patients (p < 0.001 and p < 0.001, respectively) (Fig. 7A, B). The C-
index based on ctDNA levels was 0.630 for PFS and 0.648 for OS (Table 2).

Table 1. Patient characteristics.

Characteristics Values
Median Age 67 years (IQR 51-76)
Gender

Male 50 (41.7%)

Female 70 (58.3%)
Stage

1=l 33 (27.5%)

=V 87 (72.5%)
Pl

0-1 32 (26.7%)

20 (16.7%)
33 (27.5%)

4-5 35 (29.1%)
CNS-PI

0-1 32 (26.7%)

2 19 (15.8%)

3 29 (24.2%)

4-5 40 (33.3%)
(<0 0]

GC 40 (33.3%)

Non-GC 72 (60.0%)

Not available 8 (6.7%)
LDH above ULN

Yes 69 (57.5%)

No 51 (42.5%)
Extranodal sites

Yes 66 (55.0%)

No 54 (45.0%)
Double-expressor lymphoma

Yes 30 (25.0%)

No 47 (39.2%)

Not available 43 (35.8%)

CNS-IPI (central nervous system) international prognostic index, COO cell of origin according to the Hans algorithm, GC germinal
center, LDH lactate dehydrogenase, ULN upper limit of normal.

4.2. Correlations of PET/CT parameters and ctDNA levels with baseline clin-

ical characteristics

The correlations between PET/CT variables and clinical or biological features, namely IPI
score, Ann Arbor stage, cell of origin (COO), LDH, extranodal involvement and molecular clusters
identified on ctDNA (A53, BN2, EZB, MCD, ST2) (Wright et al., 2020), were investigated and p-
values were adjusted for Benjamini-Hochberg correction. A high tMTV directly correlated with an
advanced Ann Arbor stage (p = 0.005), elevated LDH level (p < 0.001), and a higher IPI score (p
=0.004). Higher values of tTLG directly correlated with an advanced Ann Arbor stage (p =0.022),
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elevated LDH level (p <0.001), and a higher IPI score (p = 0.016). Finally, values of Dmax greater
than the respective cut-off directly correlated with an advanced Ann Arbor stage (p < 0.001) and a

higher IPI score (p <0.001) (Fig. 5E).

Higher ctDNA levels directly correlated with an advanced Ann Arbor stage (p = 0.016),

elevated LDH level (p <0.001), a higher IPI score (p = 0.049), MCD cluster (p = 0.030) and BN2
cluster (p = 0.016) (Fig. 5E).

Moreover, by evaluating the relationship between PET/CT variables and ctDNA levels,
ctDNA levels >2.68 Log10hGE directly correlated with higher values of tMTV (p < 0.001), TLG

(p < 0.001) and Dmax (p = 0.016), while there was not a significant correlation with higher
SUVmax values (Fig. SE).
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Figure 5. Prognostic impact on PFS of each PET/CT variable and clinical-molecular correlations. Kaplan-Meier
estimates of PFS according to cut-off values of (A) SUVmax, (B) tMTV, (C) tTLG and (D) Dmax. Patients with
values under the respective cut-off for each PET/CT parameter are represented by the blue curves and patients above
the cut-off are represented by the red curves. E Correlation map comparing clinical, metabolic and molecular features.
The red color scale of -log10 (p) points to a co-occurrence between two variables. The blue color scale of -log10 (p)
points to a mutual exclusivity between two variables. The intensity of the color corresponds to the strength of the
correlation. The white boxes denote non-significant correlations.
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4.3. Integration between ctDNA levels and PET/CT parameters

After assessing the individual prognostic impact of ctDNA levels and each PET/CT
parameter, we proceeded to investigate whether their integration would improve outcome
prediction. In four different bivariate Cox regression analyses including each single PET/CT
feature together with ctDNA levels, tMTV (HR 2.42, 95% CI 1.28-4.58, p = 0.007), tTLG (HR
2.42,95% CI 1.28-4.60, p=0.007) and Dmax (HR 1.97, 95% CI 1.07-3.65, p = 0.031) maintained
an independent association with a shorter PFS, while SUVmax (HR 1.84, 95% CI1 0.91-3.69, p =
0.087) lost its prognostic value (Fig. 6A—D). In all the above-mentioned bivariate analyses, ctDNA
levels also retained independent association with shorter PFS (Fig. 6A—D). Therefore, patients
with at least one PET/CT value (namely tMTV, tTLG or Dmax) above the respective cut-off were
grouped as high-risk PET patients (N = 67). More precisely, 18 patients have all the three PET/CT
variables above the respective cut-off, 20 patients have two PET/CT variables above the respective
cut-off and 29 patients have only one PET/CT variable above the respective cut-off. High-risk PET
patients had a significantly worse outcome compared to low-risk PET patients, with a 40-month
PFS and OS of 45.4% and 62.2% compared to 90.4% and 92.3% (p < 0.001 and p = 0.007,
respectively) (Fig. 7C, D). The C-index for the high-risk PET variable was 0.685 for PFS and
0.645 for OS (Table 2).
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SUVmax 120‘ : - 1.84 (0.91, 3.69) 0.087 tMTV 120 - 2.42 (1.28, 4.58) 0.007
ctDNA-high 120 - 2.72 (1.49, 4.96) 0.001 ctDNA-high 120 - {12.19 (1.15, 4.16) 0.016
C D
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ctDNA-high 120 . 2.19 (1.15,4.17) 0.017 ctDNA-high 120 . 2.50 (1.35, 4.63) 0.004

Figure 6. Prognostic impact of each PET/CT variable adjusted for ctDNA-levels. Multivariate analysis of PFS
including (A) SUVmax, (B) tMTV, (C) tTLG and (D) Dmax and ctDNA levels > 2.68 log hGE/mL.
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Figure 7. Prognostic impact of ctDNA-high and high-risk PET variables. Kaplan-Meier estimates of (A) PFS and
(B) OS according to ctDNA levels. Patients with ctDNA levels <2.68 log hGE/mL are represented by the blue curves
and patients with ctDNA levels > 2.68 log hGE/mL are represented by the red curves. Kaplan-Meier estimates of (C)
PFS and (D) OS according to the presence of at least one PET/CT variable above the respective cut-off value (high-
risk PET). Low-risk PET patients are represented by the blue curves and high-risk PET patients are represented by the
red curves.

By multivariate analysis, ctDNA-high (HR 2.04, 95% CI 1.10-3.78, p = 0.024) and high-
risk PET (HR 3.84, 95% CI 1.78-8.28, p < 0.001) independently predicted PFS (Fig. 8A). Relying
on B coefficients, 1 point was assigned to ctDNA-high patients and 2 points were assigned to high-
risk PET patients. Patients were then grouped into three risk classes, according to their total score,
and presented significantly different outcomes (p < 0.001 for both PFS and OS). Low-risk DLBCL
(0 points, N = 44) were both ctDNAlow and low-risk PET and presented a 40-month PFS and OS
0f 93.0% and 95.3%. Intermediate-risk DLBCL (1 and 2 points, N = 42) were either ctDNA-high
or high-risk PET and presented a 40- month PFS and OS of 61.5% and 75.4%. High-risk DLBCL
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(3 points, N = 34) were both ctDNA-high and high-risk PET and presented a 40-month PFS and
OS of 33.6% and 49.8% (Fig. 8B, C). Importantly, when compared to ctDNA-high and high-risk
PET variables alone, the novel 2-factor prognostic model improved the C-index for both PFS and

OS (0.712 and 0.696, respectively) (Table 2).

A Multivariate analysis for PFS
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Camn b || Sk |l === Z08(1L10. 2 75 (LTI | 002 Intermediate risk CtDNA-high or high-risk PET m
High risk ctDNA-high and high-risk PET 3 points
High-risk PET | +2 | 120 I . 384(1.78,8.28)| 1.345 |<0.001
B _ C

100} v g100
Hd 73
w
Q O
5 75 L s 75
2 2
= 3
8 50 8 50
° e
a Q
- 2
2 25 , = g% _n_/n
=] - | 0001 |<0.001 g - | 0.058 [<0.001
g +/- 0001 | - [0.039 S - 00 - |oo0se
O 0 p <0.0001 ﬁqum 0039 | - O o p = 0.00081 d«xoo: 0.056 | -

0 25 50 75 100 0 25 50 75 100

Months Months
Number at risk Number at risk
Low-riskmmm{ 44 38 22 9 4 Lowriskemmm| 44 39 23 9 4
Int-ri 42 24 16 10 1 Int-ri 42 27 19 1 1
High-risk smmm{ 34 11 4 1 0 High-riskemm | 34 18 8 2 0

Figure 8. Integration between ctDNA levels and PET/CT into the 2-factor prognostic model. A Multivariate
analysis of PFS including ctDNAhigh and high-risk PET variables with B coefficients and points assigned to each
variable. The table shows how the patients were grouped based on their total score. Kaplan-Meier estimates of (B)
PFS and (C) OS according to the two-variable score. Low-risk patients (0 points, both ctDNA-low and low-risk PET)
are represented by the blue curves, intermediate-risk patients (1 and 2 points, either ctDNA-high or high-risk PET)
are represented by the yellow curves, high-risk patients (3 points, both ctDNA high and high-risk PET) are represented
by the red curves.

Table 2. C-indices for PFS and OS of the proposed prognostic models.

Prognostic model C-index for C-index for
PFS 0s

ctDNA-high 0.630 0.648

High-risk PET 0.685 0.645

ctDNA + high-risk PET (2- 0712 0.696

factor model)

ctDNA + high-risk PET + BN2/ 0.745 0.746

EZB/ST2 (3-factor model)
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4.4. Molecular clusters on liquid biopsy improve outcome prediction

Since molecular clusters identified on liquid biopsy harbor prognostic relevance in DLBCL
patients (Moia et al., 2025), we tried to integrate this biological feature into the 2-factor prognostic
score. As expected, A53 (40-month PFS 0%) and MCD (40-month PFS 33.3%) clusters were
associated with a worse outcome, whereas patients belonging to BN2 (40-month PFS 83.3%), EZB
(40-month PFS 83.3%) or ST2 (40-month PFS 75.0%) clusters were associated with a better
outcome after R-CHOP (Fig. 9A, B). By combining the molecular clusters associated with
favorable outcomes (BN2, EZB and ST2 clusters; N = 33), patients belonging to this group
presented a 40-month PFS and OS of 81.3% and 90.0% compared to 59.3% and 70.3% for patients
belonging to other molecular clusters or not classified (N = 87) (p = 0.044 and p = 0.028,

respectively) (Fig. 9C, D).
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Figure 9. Prognostic impact of molecular cluster on ctDNA. Kaplan-Meier estimates of (A) PFS and (B) OS
according to molecular cluster classification. Patients assigned to A53 cluster are represented by the red curves,
patients assigned to BN2 cluster by the blue curves, patients assigned to EZB cluster by the yellow curves, patients
assigned to MCD cluster by the pink curves, patients assigned to ST2 cluster by the green curves and patients not
assigned to any molecular cluster are represented by the grey curves. Kaplan-Meier estimates of (C) PFS and (D) OS
according to BN2/EZB/ST2 molecular cluster assignment. Patients assigned to BN2/EZB/ST2 clusters are represented
by the blue curves and patients not assigned to BN2/EZB/ST2 clusters are represented by the red curves.
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In multivariate analysis, BN2/EZB/ST2 clusters (HR 0.27, 95% CI 0.12-0.62, p = 0.02)
maintained an independent association with a better PFS even when adjusted for ctDNA-high (HR
2.77,95% CI 1.45-5.27, p = 0.002) and for high-risk PET (HR 3.90, 95% CI 1.79- 8.48, p <0.001)
(Fig. 10A).

A novel 3-factor prognostic model was therefore devised. According to the B coefficients,
1 point was assigned to ctDNAhigh, 1.5 points to high-risk PET and —1.5 points to BN2/EZB/ST2
patients. Three different groups with unique PFS and OS were identified. Low-risk DLBCL (—1.5
to 0.5 points, N = 57) presented a 40-month PFS and OS of 91.1% and 94.6%, intermediate-risk
DLBCL (1 to 1.5 points, N = 41) presented a 40-month PFS and OS of 58.1% and 74.6%, and
high-risk DLBCL (2.5 points, N = 22) presented a 40-month PFS and OS of 12.1% and 27.3%,
respectively (both p <0.001) (Fig. 10B, C). Notably, the variables of the 3-factor prognostic model
were all frequently selected by internal 1000X bootstrap validation (bootstrap selection ranging
from 85.0% to 96.4%; Fig. 8 A). Importantly, when compared to the previous 2-factor prognostic
model, the addition of molecular clusters into the 3-factor prognostic model significantly
improved, after internal 1000X bootstrap validation, the C-statistics both for PFS (mean C-index
0.745, 95% CI 0.668- 0.799, p < 0.0001) and for OS (mean C-index 0.746, 95% CI 0.649-0.813,
p <0.0001) (Table 2). Also, eight random training-validation splits of the dataset using 80 patients
as training and 40 patients as validation were performed. In all 8 iterations, the progression-free

survival curves of the 3-factor prognostic model maintained statistical significance.

Finally, the variables of the 3-factor prognostic model were compared with the prognostic
markers currently used in the clinical practice to predict outcome in newly diagnosed DLBCL,
namely IPI and COO. In multivariate analysis, both IPI > 3 (HR 0.85, 95% CI 0.41-1.76, p =
0.662) and non-GC COO (HR 1.58, 95% CI 0.72-3.47, p = 0.259) lost their prognostic impact,
whereas ctDNAhigh (HR 2.45, 95% CI 1.22-4.96, p = 0.012) and a high-risk PET (HR 6.50, 95%
CI 2.38-18.03, p < 0.001) maintained an independent association with a shorter PFS and
BN2/EZB/ST2 clusters (HR 0.32, 95% CI 0.13-0.83, p = 0.020) maintained an independent
association with a better PFS (Table 3).
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Multivariate analysis for PFS
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Figure 10. Integration between ctDNA levels, PET/CT and molecular clusters into the 3-factor prognostic
model. A Multivariate analysis with bootstrapping validation of PFS including ctDNA-high, high-risk PET and
BN2/EZB/ST2 variables with B coefficients and points assigned to each variable. The table shows how the patients
were grouped based on their total score. Kaplan-Meier estimates of (B) PFS and (C) OS according to the three-variable
score. Low-risk patients (—1.5 to 0.5 points) are represented by the blue curves, intermediate-risk patients (1-1.5
points) are represented by the yellow curves, high-risk patients (2.5 points) are represented by the red curves.

Table 3. Multivariate analysis comparing ctDNA-high, high-risk PET, BN2/EZB/ST?2 clusters, IPI and COO in

terms of PFS.

Variable
ctDNA-high
High-risk PET
BN2/EZB/ST2
IP1>3

COO (non-GC)

0.012
<0.001
0.020
0.662
0.259
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S. DISCUSSION

The present study employed a multilayered approach integrating three distinct prognostic
markers for DLBCL - i.e. PET/CT radiomics, ctDNA levels, and molecular clusters from liquid
biopsy - into a novel 3-factor prognostic model that stratifies patient outcomes with a greater

accuracy than clinical prognostic biomarkers.

Different PET/CT radiomics features have been demonstrated capable of predicting outcomes
in DLBCL (Cottereau et al., 2020; Frood et al., 2021; Mikhaeel et al., 2022; Zhang et al., 2019).
The bidimensional parameters, i.e. SUVmax, have an established prognostic value, but the
tridimensional parameters, namely tMTV, tTLG and Dmax, may capture also spatial heterogeneity
and disease dissemination(Cottereau et al., 2020; Frood et al., 2021).Various approaches have been
employed to assess the prognostic impact of tMTV, tTLG and Dmax, considering them as either
continuous or dichotomic variables. However, no clear cut-off has been established to date, due to
heterogeneity across studies in the cut-off values, which largely depends on the study population,
software platforms for analysis, and statistical approaches adopted (Ceriani et al., 2025; Eertink et
al., 2022; Mikhaeel et al., 2022; Sasanelli et al., 2014; Vercellino et al., 2020; Zhang et al., 2019).
To ensure consistent analysis of all available data, this study employed the maximally selected
rank statistics to determine the optimal cut-off values to predict PFS for each PET/CT variable.
The cut-off values identified in this study need further validation in additional DLBCL patient
cohorts to confirm their prognostic significance and their potential for implementation in the

clinical practice.

In order to test the independent prognostic value of each PET/CT parameter with ctDNA
levels, max-stat statistics was also applied to ctDNA levels and the 2.68 log hGE/mL cut-off (very
close to the previously reported value of 2.5 log hGE/mL) (Kurtz et al., 2018). was identified as
the optimal value to predict DLBCL outcome. Importantly, in the multivariate analysis of the 3-
factor prognostic model, use of the 2.5 log hGE/mL cut-off allowed to achieve superimposable
outcome results. Subsequently, by multivariate analysis, the tridimensional PET/CT parameters
(i.e. tMTV, tTLG and Dmax) retained their prognostic significance after adjustment for ctDNA
levels, whereas the bidimensional PET/CT parameter SUVmax lost its prognostic impact. This
finding highlights the importance of capturing the anatomical heterogeneity of DLBCL by
considering the potential impact of all individual lesions identified during PET/CT staging (by
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using tMTV, tTLG and Dmax), rather than focusing solely on the most metabolically active lesion
(by using SUVmax). Therefore, patients with at least one PET/CT parameter among tMTV, tTLG

and Dmax above the respective cut-off value were grouped as high-risk PET patients.

An early identification of relapsing/refractory DLBCL patients a priori before re-treatment
represents a major unmet clinical need. To address this issue, we integrated the three prognostic
markers investigated in this cohort, namely PET/CT parameters (tMTV, tTLG and Dmax), ctDNA
levels and molecular clusters. Initially, the 2-factor prognostic model validated the independent
prognostic value of high-risk PET and ctDNA-high levels. However, PET/CT scans and ctDNA
levels merely represent a phenotypic expression of an underlying molecular landscape, that varies

among patients and influences their clinical presentation.

To address the molecular heterogeneity of DLBCL, we took advantage of the recent
demonstration that ctDNA analysis with the LymphGen tool allows to classify a fraction of
DLBCL into distinct molecular clusters, thereby providing insights into the intrinsic disease
biology (Moia et al., 2025; Wright et al., 2020). Importantly, the molecular profiles and outcomes
of the clusters identified in this study were consistent with previous findings. For instance, the A53
cluster showed an enrichment of CN'Vs compared to non A53 patients (p = 0.038) and the MCD
cluster was associated with poor outcomes (Wright et al., 2020). Notably, the percentage of
classified patients in our cohort (i.e. 38.4%) is in line with previous studies using targeted panels
and classifying approximately 40% of patients (Rivas-Delgado et al., 2021). In the current cohort,
both the proportion of classifiable patients and the clinical impact of the clusters identified on

ctDNA closely mirrored those observed on the tissue biopsy.

The greatest improvement in outcome prediction documented by C-statistics was achieved by
incorporating molecular clusters into the 3-factor prognostic model, further supporting the notion
that the underlying DLBCL biology enhances outcome prediction. Previous studies have
investigated the integration of liquid biopsy with PET/CT, but they included only one liquid biopsy
biomarker (i.e. ctDNA levels) with only one PET/CT parameter (i.e. tMTV) (Dean et al., 2023).
To the best of our knowledge, this study is the first to demonstrate that multiple PET/CT parameters
(i.e. tMTV, tTLG and Dmax) and multiple liquid biopsy biomarkers (i.e. ctDNA levels and
molecular clusters), if integrated simultaneously into a single prognostic score, significantly

improve DLBCL outcome prediction compared to using each biomarker individually. Importantly,
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the variables of the 3-factor prognostic model outperformed the prognostic impact of clinical

parameters routinely used in the clinical practice, namely IPI and COO.

This study aimed at demonstrating the feasibility of integrating liquid biopsy with PET/CT
parameters, rather than validating a specific prognostic score. Based on sample power analysis, a
single cohort of at least 114 DLBCL patients was required to demonstrate that, compared to ctDNA
levels only, the integration of PET/CT parameters, ctDNA levels and molecular clusters can
improve this sensitivity in predicting cure from 72.5% to 85% (assuming a type I error rate of a =
0.05 and 90% power)(Kurtz et al., 2018). Accordingly, a training-validation design was not
employed, and all 120 DLBCL patients were included in the analysis. Nevertheless, to mitigate
the lack of an external validation, we have performed extensive internal validation through

multiple bootstrapping analyses and all retained statistical significance.

The present study also provides the background for dynamic investigations of the
multilayered biomarker assessment utilized herein. In fact, in addition to the static baseline
evaluation at diagnosis, monitoring the dynamic changes in ctDNA levels and PET/CT parameters
during treatment and at therapy completion might offer potential valuable prognostic insights. This
approach may help anticipate disease progression or early relapse, even when traditional radiologic
and metabolic assessments based on the Lugano criteria suggest a favorable response (Soscia et
al., 2024). Notably, recent evidence has documented that molecular clusters identified at diagnosis
on the tissue biopsy enhance the prognostic accuracy of end-of-therapy (EOT) PET/CT when
solely based on the Deauville score(Mendeville et al., 2025).

Liquid biopsy biomarkers are minimally invasive and capture information from all disease
sites, and PET/CT scans are already used for staging and evaluating response assessment in
DLBCL. The assessment of these prognostic markers in the clinical practice and combining them
in a prognostic score is devoid of major hurdles for patients, appears to be feasible, and might help
identify DLBCL patients who may benefit most from standard chemoimmunotherapy, as well as
cases at high risk of early relapse who should be prioritized for the access to innovative treatment
strategies. Dedicated clinical trials combining liquid biopsy biomarkers with PET/CT parameters
during the first cycle of standard chemoimmunotherapy might be pivotal to identify high-risk
DLBCL patients who may benefit the most from an early switch to bispecific monoclonal

antibodies and/or CAR-T cell therapy.
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