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Multi-omics profiling of longitudinal samples reveals early
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Follicular lymphoma (FL) is the most common indolent type of B-cell non-Hodgkin lymphoma. Advances in treatment have
improved overall survival, but early relapse or transformation to aggressive disease is associated with inferior outcome. To identify
early genetic events and track tumor clonal evolution, we performed multi-omics analysis of 94 longitudinal biopsies from 44 FL
patients; 22 with transformation (tFL) and 22 with relapse without transformation (nFL). Deep whole-exome sequencing confirmed
recurrent mutations in genes encoding epigenetic regulators (CREBBP, KMT2D, EZH2, EP300), with similar mutational landscape in
nFL and tFL patients. Calculation of genomic distances between longitudinal samples revealed complex evolutionary patterns in
both subgroups. CREBBP and KMT2D mutations were identified as genetic events that occur early in the disease course, and cases
with CREBBP KAT domain mutations had low risk of transformation. Gains in chromosomes 12 and 18 (TCF4), and loss in 6q were
identified as early and stable copy number alterations. Identification of such early and stable genetic events may provide
opportunities for early disease detection and disease monitoring. Integrative analysis revealed that tumors with EZH2 mutations
exhibited reduced gene expression of numerous histone genes, including histone linker genes. This might contribute to the

epigenetic dysregulation in FL.
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INTRODUCTION

Follicular lymphoma (FL) is the most common indolent type of
B-cell non-Hodgkin lymphoma. The malignancy is characterized
by multiple relapses, but advances in treatment has led to a
median survival approaching 20 years. Still, a subset of patients
experiences inferior outcomes. This includes those who progress
within 24 months after chemo-immunotherapy (POD24), and
those who experience transformation to aggressive disease,
typically diffuse large B-cell lymphoma (DLBCL) [1, 2], occurring
at an annual rate of 2-3% [3].

The initial event in FL pathogenesis is the immunoglobulin
heavy chain (IgH) - BCL2 translocation t(14;18). This alteration
can also be detected at a very low frequency in circulating B
lymphocytes of healthy individuals [4, 5], and additional
genetic alterations are required for overt FL formation. FL

tumors harbor mutations in genes encoding epigenetic
modifiers, of which CREBBP and KMT2D are the most
frequently mutated genes (60-80%), while EZH2 and EP300
mutations are less frequent [6-12]. Common copy number
alterations (CNAs) include gain of 2p, 5, 6p, 7, 12, 18 and 21,
and loss on 1p, 6q and 17p [13-15]. Despite the progress in
our understanding of the key genomic events in FL, the
molecular alterations underlying transformation to DLBCL are
less well characterized. DLBCL transformed tumors are clonally
related to the original FL tumor as evidenced by conservation
of the t(14;18) breakpoint region and the somatic hypermuta-
tion (SHM) pattern [13, 16, 17]. Activation of the MYC
oncogene and inactivation of tumor suppressor genes such
as CDKN2A/B and TP53 are often linked to transformation
[9, 14, 18-20].
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Identification of FL patients with high risk of early relapse
and/or transformation at the time of diagnosis remains a key
challenge. Several clinical and molecular risk stratification
methods have been proposed, but not implemented in clinical
practice. Two molecular predictors, m7-FLIPI and a mutation
associated with progression (MAP) signature, incorporate the
mutational status of seven genes of which only CREBBP was
shared [21, 22]. In addition, gene expression-based signatures
predicted outcome in the pre-rituximab era [23] and a 23-gene
expression signature predicted progression-free survival for
patients treated with R-chemotherapy [24]. However, neither of
these methods were designed to predict transformation. Trans-
formation predictive gene expression signatures include embryo-
nic stem cell-like modules [25], and a BTK gene expression score
based on a subset of NF-kB target genes, first developed in the
pre-rituximab era [26], and later validated in a cohort of FL
patients treated with rituximab [27]. Leveraging machine learning
on whole-genome tumor sequencing data, a classifier was
recently developed to stratify FL patients into DLBCL-like (dFL)
or constrained FL (cFL) [28]. The classifier, based on the mutational
status of 49 genes and 19 regions targeted by aberrant somatic
hypermutation, demonstrated that dFL cases had increased rate of
histologic transformation and a 10-year shorter median time to
transformation than cFL [28].

Furthermore, whole exome sequencing (WES) studies of tumor
clonal evolution in FL suggested that transformed tumor clones
often evolve by divergent evolution from an inferred early
common progenitor cell (CPC) pool [8, 9, 13, 17, 29]. A larger
study based on targeted sequencing reported that linear
evolution from an earlier major clone was more frequent than
divergent evolution in cases with progression of low-grade FL as
compared to cases with transformation [30]. These studies did not
use any metrics to calculate the genomic diversity. Characteriza-
tion of early genetic driver events may provide markers for
transformation risk, and identify targets for therapeutic interven-
tion [31]. However, there is extensive intra- and inter-individual
clonal heterogeneity in FL [32], which may explain why it has been
challenging to develop robust molecular predictors, based on a
single biopsy per patient.

Here, we performed integrative analyses of deep whole-exome
sequencing (WES) data, transcriptome sequencing (RNA-seq) and
copy number alterations on multiple longitudinal biopsies from a
larger cohort of FL patients, enriched for cases who experienced
transformation. This facilitated a detailed exploration of the clonal
evolution patterns between cases who experienced multiple
relapses vs. those who experienced transformation, and enabled
identification of genetic alterations that occur early in the disease
course.

MATERIAL AND METHODS

Patient samples

The discovery cohort consisted of n=97 tumor biopsies and n=42
matched blood samples from 44 FL patients diagnosed as FL1-3A. A total
of 22 cases experienced transformation during the disease course, of
whom 19 had confirmed histological transformation, whereas the
remaining 22 patients experienced progression or relapse of FL
(Supplementary Table 1). Tonsil specimens were obtained after written
informed consent from healthy donors undergoing tonsillectomy. The
study was performed according to the Declaration of Helsinki on Ethical
Principles for Medical Research and all patients had given written informed
consent. The study was approved by the South East Regional Committee
for Medical and Health Research Ethics, Norway (IDs: 23192 (2014/127) and
2010/1147a).

Whole exome sequencing and variant detection

Genomic DNA from n =97 fresh-frozen biopsies and 42 EDTA-treated
blood samples were extracted using the Maxwell 16 DNA isolation
automated magnetic bead instrument (Promega). Genomic libraries
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were prepared from genomic DNA using the SureSelectXT Human All
Exon V6 + UTR kit (90 biopsies) or the SureSelectXT Human All Exon V5
kit (7 biopsies) (Agilent, California, USA), per the manufacturer’s
instructions at the Oslo University Hospital Genomics core facility.
Whole exome capture and paired-end sequencing was performed using
an lllumina HiSeq 4000 or HiSeq 2500 instrument, at an average depth of
717X for the tumors and 725X for the matched normal samples
(Supplementary Fig. 1). We used a benchmarked bioinformatics pipeline
[33] to process the sequencing reads and perform somatic calling for
tumor biopsies with matched blood samples as germline controls
(Supplementary Fig. 2A), and performed more stringent filtering
approaches for two patients lacking a matched blood sample
(Supplementary Fig. 2B). Three biopsies were excluded due to tumor
cell fraction below 10% as estimated by variant allelic fractions (VAF),
giving a total cohort of WES data from n = 94 biopsies.

Driver gene discovery

Putative cancer driver genes were predicted from the mutational
landscape of FL cases through multiple algorithms, specifically
MutSig2CV, IntOGen, and 2020Plus [34-36]. Variants in serial biopsies
were unified prior to analysis. For IntOGen and 2020Plus, we used silent
and non-silent variants in coding regions as input, and otherwise default
parameters. For MutSig2CV, all variants were used as input, with default
parameters. We considered driver genes with a g-value<0.1 as
significant.

Clonal evolution and genomic distance analysis

Variant clustering was performed with PyClone [37], using variant read
counts from the sequence alignments and copy number information
inferred from SNP6.0 data. Clonal phylogenies were constructed for all
tumors from the same patient, based on the clustering patterns and cluster
means using ClonEvol [38]. To calculate genomic distances, we used all
variants with VAF > 0.25 and determined the Euclidean distance of clonal
mutations for each pair of tumors for a given patient, as previously
described [39].

Copy number analysis

A total of n =90 tumor biopsies from the discovery cohort were subjected
to copy number analysis using the Affymetrix Genome Wide SNP6.0 Array
platform (Gene Chip lot 4296976), as previously described [27]. Briefly,
allele-specific CNAs were calculated using the R-package ASCAT (v2.4 30)
and adjusted for tumor ploidy. The segmentation files were split into
genomic region bins to produce comparable segments across all patients.
For each patient, we selected the most severe copy number state across
genomic regions as defined by the maximum absolute value of the log2
(raw copy state of both alleles) minus the tumor ploidy minus 1 for each
patient. The resulting unified segment files were input to GISTIC 2.0
(v2.0.22) [40]. The copynumber R package was used for plotting the
frequency of samples with aberrations.

Identification of early and stable copy number profiles

For detection of early and stable copy number events, we utilized cases
with multiple biopsies, SNP6.0 availability and tumor purity >10% (n = 34).
We harmonized genomic regions across patient samples by using all
available CN segment break points from ASCAT analysis above. We then
selected these harmonized regions in which the logR copy state stayed
within a+ 0.3 range. Early and stable copy number profiles per patient
were then defined by keeping the regions in which at the first available
biopsy, there was an alteration above or below 0.3 logR state, and were
defined recurrent if occurring in more than three cases (9% of all cases). To
extract the cytoband information for each region, the binned segments
were annotated with Bioconductor’'s AnnotationHub package (v2.20.2) and
the AHCytoBands R package.

Bulk RNA-sequencing and imputation of B-cell specific
transcriptome

RNA was extracted from n=64 fresh frozen FL biopsies from the WES
discovery cohort and from FACS-sorted B cell populations from tonsils of
healthy donors (Germinal Center B cells (n = 4), naive B cells (n=4) and
memory B cells (n = 4)). RNA libraries were prepared using the TruSeq RNA
library kit and sequenced on lllumina HiSeq machines (2500/4000). High
quality reads were mapped to the Ensembl GRCh37.p75 using Salmon [41]
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Longitudinal biopsies for multiomics analysis (WES, RNA-seq, SNP6.0)
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in order to quantify gene expression levels in the form of transcripts per
million (TPM). CIBERSORTx [42] was run at B mode, using LM22 merged
into four cell types [43] for deconvolution of bulk RNA-seq and for
imputation of B-cell specific RNA expression, followed by stringent filtering.
Significantly differentially expressed genes were identified by EdgeR, using
the exact test by classic mode.
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Validation cohorts

For validation, we obtained an independent cohort of FL patients included
in two randomized Nordic clinical studies, with targeted DNA sequencing
data (n = 92) [44], CNA and Affymetrix gene expression data (n = 82) [27].
An additional WGS validation cohort from BC Cancer (BCC), Canada, was
obtained from Dreval et al. (n = 209) [28]. Single-cell RNA sequencing data
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Fig. 1 Landscape of genetic alterations in nFL and tFL. A Schematic overview of the FL multi-omics data cohort. The FL cohort was enriched
for patients who experienced transformation (tFL group) as compared to FL patients who relapsed without transformation (nFL group). The
longitudinal samples were subjected to multi-omics analysis by WES, SNP array, and RNA-seq. B Recurrent and significantly mutated genes in
nFL and tFL patients as identified from WES (n = 94 samples) by at least one of the three applied tools (MutSig2CV, IntOgen pipeline and
2020Plus). Only cancer driver genes appearing at average VAF > 0.15 (adjusted for tumor content) are shown. The genes are ordered based on
their mutational frequency. Mutation types are color-coded as indicated; for genes with multiple mutations, the most severe mutation with
consequence for change in the protein structure is shown. The FL classification was performed as described in Dreval et al. [28]. C Forest plots
of cancer driver gene mutations with odds ratio for association with nFL group vs. tFL group; n = 44, statistical testing by Fisher exact test.
Left: the unified mutations per patient were used for the test. Right: the mutations in the pretreatment biopsies were used for the test. Mutant
EZH2 was significantly enriched in the tFL group. D-E Kaplan-Meier curves showing D overall survival and E time to transformation between
cases with CREBBP KAT domain mutation vs. the other cases in the WES discovery cohort.

were retrieved from Han et al. [45]. Additional expression and genomic
targeting measurements are available for download as part of the full
DepMap data release https://depmap.org/portal.

Statistical analysis

R (version 3.6.3) was used to perform statistical testing. The Kaplan-Meier
method was used for survival analysis. The type of statistical test used
(Student's t-test, Fisher’s exact and non-parametric tests) is specified in the
respective figure legends.

RESULTS
Genetic alterations in longitudinal FL biopsies
To identify genomic alterations associated with POD24 and/or
transformation, we performed deep WES, RNA-seq and SNP6.0
analysis of a unique retrospective cohort of 94 longitudinal
biopsies from 44 FL patients (Fig. 1A, Supplementary Table 1). The
cohort was enriched for patients who experienced clinical or
histological transformation during the disease course (tFL group,
22 patients), whereas the remaining cases experienced progres-
sion or relapse of FL (nFL group, 22 patients). The tFL patients and
patients who experienced POD24 had shorter overall survival
(Supplementary Fig. 3). We identified a total of 6580 non-
synonymous coding variants and found that post-treatment
biopsies (n = 42) had significantly higher mutational burden than
pre-treatment biopsies (n=52) (Supplementary Fig. 4A). tFL
patients had higher mutational burden than nFL patients
(Supplementary Fig. 4B), suggesting that higher mutational
burden is associated with an increased risk of transformation
(p < 0.01, logistic regression). Analysis of mutational signatures in
pre-treatment biopsies reflected known mutational mechanisms
in lymphoid cancers including somatic hypermutation (SBS9) and
activity of activation-induced cytidine deaminase (SBS84). Inter-
estingly, the mutational signature patterns were commonly
preserved in longitudinal samples (Supplementary Figs. 5A, 5B).
We identified 77 cancer driver genes and focused on 51 genes
with average VAFs > 0.15 after adjustment for tumor content
(Fig. 1B, Supplementary Fig. 6, Supplementary Table 2, 3). As
demonstrated previously [6-12], almost all tumors (96.4%)
harbored at least one mutation in a chromatin modifying gene,
including CREBBP, KMT2D, EZH2, EP300 and ARID1A, supporting the
notion that dysregulation of epigenetic modifications plays an
important role in FL pathogenesis. We detected potential novel
driver genes in FL, including CBLB, VPS39, DIO2 and CPTIC (Fig. 1B,
Supplementary Fig. 7). Of the 51 potential cancer driver genes,
none were associated with POD24 status (data not shown), but
EZH2 was significantly more often mutated in the tFL group
compared to the nFL group when using unified data per patient or
when using diagnostic biopsies (Fig. 1C, p<0.016 for unified
mutational data, and p < 0.02 for diagnostic biopsies, Fisher’s exact
test). To further validate this observation, we used an independent
Nordic cohort of FL patients treated with rituximab without
chemotherapy [44], of whom 21 out of 84 patients (25%) had
histologic transformation. We also used data from an external BCC
cohort of 184 FL cases without transformation and 25 FL cases
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who later experienced transformation [28]. However, the fre-
quency of EZH2 mutations was not significantly higher in cases
who later experienced histologic transformation in these two
cohorts (Supplementary Table 4).

We next performed the FL classification into cFL or dFL and the
single gene approximation by CREBBP KAT domain mutation for all
biopsies as described [28]. The FL class remained stable over time
for 83% of the cases with multiple biopsies (Fig. 1B). The
diagnostic biopsies from tFL cases and POD24 cases were mostly
classified as dFL, although not statistically significant (p =0.736
and p =0.181, Fisher exact test, Supplementary Fig. 8A-B). The
CREBBP KAT approximation was highly associated with the cFL/dFL
classification (p <0.00001, Fisher exact test; Supplementary
Fig. 8C). In our dataset, the CREBBP KAT domain approximation
had stronger predictive value than the full FL classifier, as cases
with one CREBBP KAT domain mutation had significantly better
outcome (p <0.018, Fig. 1D, Supplementary Fig. 8D), and longer
time to transformation (median time to transformation not
reached vs. 6.2 years in the other cases (p<0.033, Fig. 1E,
Supplementary Fig. 8E). The CREBBP KAT domain approximation to
classify samples in the Nordic validation cohort with targeted
sequencing data was however not predictive of time to
transformation (Supplementary Fig. 8F).

Inter- and intra-patient variability in genomic distances and
tumor clonal evolution

Clonality analysis of WES data coupled with allele-specific copy
number data identified the tumor clonal evolutionary trajectory in
serial biopsies from 30 patients. We identified cases with tumor(s)
evolving independently from an inferred CPC (i.e. divergent
evolution) and cases in which a later biopsy evolved directly from
a major clone in the first biopsy or that the major clone was
shared (i.e. linear evolution) (Fig. 2A, B). To quantitative measure
the genetic divergence of serial biopsies from individual patients,
we calculated genomic distances as the Euclidean distance of
clonal mutations for each pair of tumors for a given patient. The
genomic distance between FL and tFL biopsies exhibited a
shallower increase in slope with increasing time than between FL
and FL biopsies (Fig. 2C). We also observed that the genomic
distance varied substantially over time for individual patients,
indicating prominent intra-patient heterogeneity (Fig. 2D). As
expected, biopsy comparisons classified as linear evolution had
significantly smaller genomic distances compared to biopsy
comparisons classified as divergent evolution (Fig. 2E, Supple-
mentary Fig. 9A). The overall distribution of genomic distances did
not differ between the nFL and tFL groups, or between FL-to-FL
biopsy comparison within the nFL group vs. FL-to-tFL/DLBCL
biopsy comparison within the tFL group (Fig. 2F). In contrast,
POD24 patients had smaller genomic distance between biopsies
than non-POD24 patients (Fig. 2F). The type of treatment did not
significantly affect the genomic distance (Supplementary Fig. 9B).
In conclusion, genomic distances varied greatly, and differed
between POD24 and non-POD24 patients but not between nFL
and tFL patients.

Blood Cancer Journal (2024)14:147
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Fig. 2 Clonal shifts are common during FL evolution as demonstrated by large genomic distances between biopsies in individual FL
patients. Tumor genome evolution was inferred with PyClone from ultra-deep WES of longitudinal samples, and clonal phylogenies were
constructed for all tumors from the same patient, based on the clustering patterns and cluster means using ClonEvol. Genomic distances were
calculated on the variants with cellular fraction above 0.25 as inferred by PyClone. A The nFL patient P21 and tFL patient P32 are examples of
divergent evolution: The two biopsies of P21 are represented by disjoint sets of clones. The subclonal composition of all three biopsies from
tFL patient P32 suggests divergent evolution from a CPC as the most prevalent clone of each biopsy was absent from the other biopsies.
B The nFL patient P14 and the tFL patient P29 are examples of linear evolution. For P14, the relapsed tumor evolved directly from the major
clone in the pretreatment biopsy (clone 1). For P29, the two biopsies shared the dominant clone (clone 1). C Genomic distances between any
two biopsies of each patient were calculated on the variants with cellular fraction above 0.25 as inferred by PyClone. Shown is genomic
distance vs. time interval of the compared serial biopsies and D Genomic distance ordered on the x-axis based on the largest genomic
distance between any two biopsies of a patient. E Comparison of the genomic distances in nFL cases (left) or tFL cases (right) classified as
divergent or linear evolution. F Comparison of the genomic distances when comparing nFL vs tFL patients (left), or comparing two FL biopsies
vs. FL and DLBCL biopsies within individual patients (middle), or when comparing biopsies from non-POD24 patients vs. biopsies from POD24
patients (right). Statistical difference by Student t-test, p < 0.05.

CREBBP and KMT2D are early mutational events in FL (Fig. 3A). In total, we identified 24 genes that were targeted by
We next hypothesized that mutations present at VAF =0.5 in all DCM in more than 10% of the patients (Fig. 3B). Of these, CREBBP
biopsies from a given patient must have arisen in the CPC, and and KMT2D were the genes that most frequently harbored early
therefore considered to be early dominant clone mutations DCMs, occurring in 56 and 71% of nFL and tFL patients (CREBBP)
(DCMs), whereas mutations present at VAF=0.5 in some, but and in 44 and 50% of nFL and tFL patients (KMT2D). In six patients,
not all patient’s biopsies were considered to be late DCMs BCL2 was targeted by both early and late DCMs, indicative of

Blood Cancer Journal (2024)14:147 SPRINGER NATURE



B. Bai et al.

A Dominant clonal mutations

A: Early
B, C: Late
common )
progenitor cell (\A;)

pre-treatment
B biopsy

relapse/
tFL biopsy

B tFL
CREBBP J F — Dominant
KMT2D lL ——— Clonal
BOL2 - [e— Mutations
TNFRSF14 -—
Eziia — m early and late
PCLO I | O - O lef:r'y
ARID1A - - ate
erzoo 1l W -
BCL7A H B -
TP53 [ | u
STAT6 O || ] O -
EBF1 l || u
RRAGC 4
BTG1 [ | s |
TBLXR1
socst u
PTPRD ]
PCDH15 u | - " POE)024
OBSCN -
MFHAST [ | - n M yes
HIST1H1D
GRIAT || || GroquL
EPPK1 [ | O u t ?FL
ATP6V1B2 = [ | || ] -

POD24 | N [ | H
Group I N I I O A R O A

H B D EEE Em( 5

0 0 5 10
number of cases

Fig. 3 CREBBP and KMT2D are early dominant clonal mutations in FL. Tumor genome evolution was inferred with PyClone and CloneEvol
as in Fig. 2. A lllustration of the mapping of Dominant Clonal Mutations (DCMs) to divergent phylogenetic trees from a common progenitor
cell (CPC). Mutations found in all tumor clones, such as “A} are assumed to have arisen in CPC, and were defined as early DCMs. Other
mutations found in one or more (but not all) dominant clones were defined as late DCMs, such as “B” and “C" B Genes harboring dominant
clone mutations, DCM genes. DCM genes mutated in at least four patients out of 32 are shown.

repeated rounds of aberrant somatic hypermutation (Fig. 3B).
TNFRSF14 mutations occurred in 40% of FL cases and were mostly
classified as late DCMs, suggesting that these mutations may
provide a growth advantage rather than being necessary for
cancer initiation. Genes with early DCM that occurred at lower
recurrence included PCLO, STAT6, ARID1A and ATP6V1B2, whereas
TBL1XR1, TP53, and HISTIH1D/H1-5 more often harbored late DCM
(Fig. 3B).

Early and stable genomic alterations in FL pathogenesis

To identify significant CNAs, GISTIC2 analysis was applied to unified
copy number segmentation data generated from multiple biopsies.
We validated several known recurrent focal CNAs in FL, including
loss of 1p36.33 (TNFRSF14), 16p13.3 (CREBBP), 6q23.3 (TNFAIP3, PBOVI
and PERP) and gain of 2p11.2 (REL, BCL11) (Supplementary Fig. 10-
11, Supplementary Table 5). Novel focal CNAs were also revealed,
including loss of 4921.22 and 13q14.3 and gain of 1923.1 and
11911.22. Several genes belonging to the Fc receptor-like family,
FCRLA, FCRLB and FCRL5 were shown to have copy number gains in
FL. FCRL5 has a regulatory role in B cell receptor function [46]. We
found only weak evidence of associations between potential driver
genes and CNAs (Supplementary Fig. 12).

To infer genomic alterations occurring in CPC, we developed a
novel computational pipeline to identify early copy number
alterations that remained stable throughout progression and
treatment (Supplementary Fig. 13). For each patient, we first
identified segmented regions in which the logR copy state stayed
within £ 0.3 range across all available longitudinal biopsies. Next,
regions with an alteration (adjusted logR changes below —0.3 or

SPRINGER NATURE

above 0.3 in the primary biopsy) were identified as early and
stable copy number profiles for a given patient (Supplementary
Fig. 13 and 14). Our analysis provided results from 34 cases and
the majority of the stable and early CNAs were also identified in
the broader GISTIC analysis, either as focal alterations or
overlapped by arm level changes. However, we also discovered
additional regions of interest, including loss of 10921 and 2p16.3
(Fig. 4A). Early and stable CNAs that occurred in at least five
patients include gains on 7p22.3-936.3, 8q11.21-24.3, 12p11.23-
g21.33, and 18p11.32-923 and loss of 2p16.3, 6q11.1-25.3 and
14q11.2, suggesting that these CNAs may drive early FL initiation
and are maintained during disease progression (Fig. 4A, B). In
addition, a few CNAs were seen more frequent in the tFL group,
such as gain of 7p22.3-q36.3, 12924.12-31 and loss of 19p13.3-2
(Fig. 4A, B). The most recurrent early and stable CNA was gain of
18p11.32-923, occurring in 21% of the patients.

To validate these findings in an independent FL cohort, we
analyzed SNP6.0 data from our Nordic validation cohort which
included 10 cases with serial samples [27]. Despite the small
cohort size, we were able to confirm recurrent (n>2) loss of
14911.2 and gains of 12q12-21 and 18p11.32-g23 as early and
stable alterations (Supplementary Fig. 15).

Novel cis-regulated genes within early and stable copy
number regions in FL

To explore the functional consequence of early and stable copy
number changes, we utilized RNA sequencing of the remaining
tissue from the WES cohort. Application of CIBERSORTx enumerated
various cell types in each bulk RNA-seq sample and demonstrated
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high variability in the abundance of B cells (range 20-78%), with the
estimated fractions being highly concordant with the frequencies of
tumor cell VAFs (Supplementary Fig. S16, Spearman correlation,
r=0.72). Therefore, to overcome gene expression biases due to
variability in tumor cell content across the bulk RNA cohort, B-cell
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transcriptomes inferred from CIBERSORTx were used for down-
stream analyses. Identification of cis-correlated genes was per-
formed by obtaining Pearson’s correlation between the CNA and the
B-cell specific gene expression levels. Additionally, for genes with a
Pearson’s correlation of 0.5 or higher, we performed differential
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Fig. 4 Identification of early and stable copy number changes in FL. A Bubble plot identifying all genomic regions, by genomic location, in
which an amplification was identified at the first available biopsy and the copy number state remained within +0.3 logR or alterations above
0.3 logR increased in magnitude across all available biopsies of a patient. B Bubble plot identifying all genomic regions, plotted by genomic
location, in which a deletion was identified at the first available biopsy and the copy state stayed within +0.3 logR or alterations below —0.3
logR increased in magnitude across all available biopsies of a patient. The y-axis represents the number of cases in which that genomic region
was identified as an early and stable copy number region. For A-B, the bubble plot size represents the size of the genomic region identified
and color indicates the ratio of tFL cases over nFL cases identified as containing the region as an early stable copy state. SNP6.0 data was
available for 34 patients with serial biopsies. C 2D plot showing the Pearson correlations for cis-genes in the discovery and the Nordic
validation cohort. In addition, significantly differentially expressed cis-genes with a Pearson correlation above 0.4 in both cohorts were
highlighted in orange. D-F Correlation of omics data and gene dependency data for TCF4, using DepMap portal [68]. D TCF4 RNA expression
and protein expression. E TCF4 RNA expression with RNA interference data, showing dependency of cell lines on gene presence. Negative
values below —0.5 correlate with depletion of TCF4 with decreasing cell proliferation rates. F TCF4 RNA expression with CRISPR dependency
scores (Chronos). Chronos scores below —0.5 correlate with depletion of TCF4 with decreasing cell proliferation rates. For E-F, the linear

regression was correlated for the 3 highlighted lineage types, the R squared and p-value for the linear fit is calculated.

gene expression (DEG) analysis on samples with and without the
identified CNA. We detected 46 cis-regulated genes that were
differentially expressed compared to cases without the CNA
(Fig. 4Q).

Some known oncogenes were included in the list of significant
cis-correlated genes, yet the majority were genes with less known
roles in FL oncogenesis. For validation of these cis-correlated
genes, we utilized available microarray and SNP6.0 data from 82
cases from our Nordic validation cohort. Applying the previously
described analysis, we discovered 32 differentially expressed cis-
genes with a Pearson’s correlation above 0.4. Eight of these genes
(HAUST, TXNL1, MED30, VAPA, YWHAZ, TCF4, MBD1 and TRAPPCS8)
overlapped with the differentially expressed cis-genes in the
discovery cohort (Pearson correlation, r> 0.6, Fig. 4C), suggesting
that these genes may contribute to early FL pathogenesis. Analysis
of the contribution to lymphoma fitness through the cancer cell
encyclopedia dependency map revealed that HAUST and MED30
are pan-cancer essential genes, while TCF4 tended to have
lymphoid specific dependencies (Supplementary Fig. 17). Further
investigation into TCF4 revealed increased RNA and protein
expression in lymphoid derived cell lines including mature B-cell
malignancy-based cell lines compared to pan-cancer cell lines
(Fig. 4D). Furthermore, depletion of TCF4 by both RNAi and CRISPR
correlated with a decrease in cell fitness particularly in lymphoid
and B-cell malignancy-based cell lines (Fig. 4E, F).

Downregulated expression of histone genes is common in FL
and is associated with EZH2 mutation

To evaluate the impact of mutations associated with tFL, we next
used B-cell imputed transcriptional profiles to determine genes
impacted by the mutational status of KMT2D, CREBBP or EZH2.
Tumors with EZH2 hotspot mutations (Y646, A682 and A692) had
upregulated gene expression of PTPN22, LMO2 and LIMST relative
to tumors with WT EZH2. Moreover, we demonstrated a
remarkable downregulation of numerous histone genes, including
histone linker genes (H1-2/HISTIH1C, H1-3/HISTIHID and H1-5/
HIST1H1B), and core histone genes H2-H4 (Fig. 5A, Supplementary
Table 6). This association between EZH2 mutation and down-
regulation of histone genes was not found when identifying DEGs
between biopsies with or without mutations in either CREBBP or
KMT2D (Supplementary Fig. S18A, B, Supplementary Table 7, 8).
Probing the Nordic validation dataset [27], we imputed B-cell
transcriptomes and validated the upregulation of PTPN22 and
LIMS1 and the downregulation of specific histone genes, including
H1-2, H2AC6, H4C8 and H4C14 (Fig. 5A).

To gain further support for a relationship between EZH2
mutations and downregulation of histone genes in malignant B
cells, we re-analyzed the single-cell RNA-sequencing dataset from
Han et al. [45], which contained data from four cases with EZH2
mutations and 18 cases with EZH2 WT. Also in this dataset, H1-2
was significantly downregulated in the malignant B cells with
EZH2 mutations (Fig. 5A).

SPRINGER NATURE

To characterize lymphoma cell expression of histone genes in
relation to normal B-cell development, we included RNA-seq data
from naive, memory and germinal center (GC) B cells purified from
tonsillar tissue from normal donors. Using unsupervised clustering
of FL samples and normal B-cell populations, we identified three
main clusters: Cluster 1 had overall high expression of histone
genes and contained normal GC B cells, cluster 2 had intermediate
expression and cluster 3 had intermediate to low expression and
contained naive and memory B cells (Fig. 5B). FL samples were
found in all clusters, but most FL samples had downregulated
several histone genes compared to cell-of-origin GC B cells.

DISCUSSION

Here, we report one of the largest longitudinal multi-omics studies
on FL enriched for cases with transformation to DLBCL. Our
comprehensive discovery cohort analysis validated genes pre-
viously implicated in FL and identified several novel driver genes.
The longitudinal sampling enabled us to determine the sequential
order of genetic events in FL and revealed that mutations in
CREBBP and KMT2D and copy number gains in 7p, 8q, 12p and 18p
and loss of 6q are genetic events that occur early in the disease
course. By integrative analysis of WES data and B-cell transcrip-
tome data, we discovered that samples containing EZH2 muta-
tions had reduced expression of several histone genes including
histone linker gene HI1-2, which might contribute to the
epigenetic deregulation in FL.

FL cells are dependent on epigenetic alterations, and
mutations in at least one of the genes CREBBP, KMT2D, EZH2,
EP300 and ARIDA were found in 96% of the biopsies in our
discovery cohort, in agreement with earlier studies that have
explored the genetic landscape of FL [6-12]. Clonal evolution
reconstructions from multiple biopsies provide an opportunity
to characterize early and late genetic events during FL
development. This is of particular importance in FL as it may
give clues to improved prognostication and treatment stratifica-
tion. We confirmed that mutations in CREBBP and KMT2D are
among the earliest genetic events in FL pathogenesis. Support
for KMT2D mutations being early events comes from studying
genetic ablation of the gene in mice overexpressing Bcl-2, which
led to an increased incidence of GC-derived lymphomas
resembling human tumors [47, 48]. Accumulating evidence,
including our study, suggest that CREBBP mutations also arise as
early events in common progenitor cells giving rise to FL, and
later propagate in disease relapse or transformation
[8, 11, 12, 47, 49-51]. This hypothesis is further strengthened
as mutations in CREBBP could be detected by ultra-deep
sequencing of peripheral blood samples obtained several years
before the development of overt FL [52]. It is worth noting that
many of the genes harboring DCMs have been identified as
significantly mutated genes or as potential driver genes,
emphasizing their putative driver roles in FL.

Blood Cancer Journal (2024)14:147
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Fig. 5 Histone genes are downregulated in FL. Association between EZH2 mutation and downregulation of histone genes. B-cell
transcriptomes were inferred by CIBERSORTx from RNA-seq data (this study, n = 64) and from the Nordic cohort with gene expression data
described in Steen et al. [27] (n = 82). Volcano plot displaying significant differentially expressed genes (DEG) in cases with EZH2 mutations vs.
wild-type in A left plot: the RNA-seq cohort (this study), middle plot: the Nordic cohort [27]. In the right plot, analysis of scRNA-seq data from
Han et al. [45] is showing DEG in malignant B cells from EZH2 mutant cases vs. wild-type cases. Significant DEG were defined as
—0.35 < FC(log,)>0.35 and p < 0.05. B Unsupervised hierarchical clustering analysis of the expression level of histone genes in the RNA-seq
cohort of FL patients (this study) and in FACS-sorted B-cell populations from healthy donor tonsils. Three clusters with generally higher (HL-H),
intermediate (HL-M) and lower (HL-L) histone gene expression patterns were identified.
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Additionally, we found a striking downregulation of histone
gene expression, including the linker histone H1-2/HIST1H1C and
several isoforms of core histones H2, H3 and H4 in malignant
B-cells that were associated with the presence of EZH2
mutations. This was validated in a separate cohort with bulk
RNA-seq data, and in an external scRNA-seq cohort. In addition,
HISTIHID/H1-5 was identified as a driver gene with 10%
recurrence in our WES cohort. Mutations in HISTIH1B-E were
reported in 27% of FL patients and were largely restricted to the
C-terminus of the proteins [53]. Linker histone genes affect
chromatin compaction [54]. Strikingly, in conditional KO mice,
loss of HISTIH1C and HIST1HTE conferred enhanced fitness and
self-renewal properties to GC B cells, leading to aggressive
lymphomas with an increased repopulating potential [55],
suggesting histone linker genes as bona fide tumor suppressor
genes. Further work is needed to confirm a role for mutant EZH2
in regulation of H1-2 expression.

EZH2 mutations were enriched in FL cases who experienced
transformation to DLBCL in our WES discovery cohort, but this
finding was not validated in two independent and external FL
cohorts. Our initial finding also seemed counterintuitive to the
m7-FLIPI score, in which EZH2 mutation contributes to lower risk in
the m7-FLIPI predictor, and EZH2 WT is associated with shorter
failure free survival in the high FLIPI patient group [21]. Of note,
the m7-FLIPI was not prognostic in our validation cohort of FL
patients that were treated with rituximab without chemotherapy
[44]. Similar findings were obtained in a large retrospective
analysis of 590 relapsed or refractory FL patients, in which EZH2
mutation was not associated with longer overall survival [56].
Collectively, the presence of EZH2 mutation is not enough to
predict risk of transformation, suggesting that broader approaches
are needed to identify robust biomarkers with predictive power of
transformation. We therefore tested the recently developed FL
classification [28]. In our WES discovery cohort, the CREBBP KAT
domain approximation had stronger predictive value than the full
FL classifier, and cases with CREBBP KAT domain mutation had
much longer time to transformation. Although our WES cohort is
small, these results confirm the findings of Dreval et al. [28] that
cFL/cFL-like cases are restrained from transformation. We were
however not able to validate this in a separate cohort of targeted
sequencing data from FL patients treated with rituximab without
chemotherapy. Future larger studies with multi-omics data and
therapy annotations might further refine genetic subtypes of FL.

Through the utilization of microdissection of early stage disease,
including follicular lymphoma in situ and duodenal follicular
lymphoma, a few early copy number alterations have been
identified [57]. Given our extensive cohort of longitudinally
sampled FL, we were able to expand the landscape of genetic
copy number events in CPCs by using a novel exploratory analysis
to identify copy state lesions that remain present from diagnosis
to transformation despite varying treatment schedules. We
similarly identified deletion of 6g and gains of 7p, 8, 12 and 18
as overly recurrent. Chromosome 7 gains have been linked to
EZH? alterations in FL [58], although we did not see a correlation
between this gain and EZH2 gene expression. However, we did
reveal differential expression and a correlation that pointed to the
anti-apoptotic gene YWHAZ (also referred to as 14-3-3() and TCF4
(E2-2) transcription factor as genes of interest. Furthermore, TCF4
depletion correlated with a decrease in cell fitness in lymphoid
and B-cell malignancy-based cell lines. TCF4 was previously
recognized as associated with ABC-like DLBCL and a driver of
IgM expression in B-cells [59] and is influencing the B-cell decision
to produce follicular versus marginal zone populations [60].
Further investigations into targeting vulnerabilities of 18q gain
in DLBCL, revealed that TCF4 could be directly targeted by
bromodomain and extra-terminal motif (BET) inhibitors/degraders.
BET inhibitors have shown efficacy in lymphoma [61] and our
results may suggest benefit in a subset of FL CPCs.
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Through the calculation of genomic distance between the
longitudinal biopsies of each patient, we identified complex
patterns of evolution from a putative CPC at similar levels in nFL
and tFL patients. A larger genomic distance was observed
between two longitudinal biopsies acquired before any treatment,
indicating divergent evolution over time at the different spatial
locations. Araf et al. [32] demonstrated the existence of spatial
tumor genome heterogeneity within the same patient by
analyzing biopsies that were acquired from different locations at
the same time. Similarly, Haebe et al. investigated site-to-site
heterogeneity in FL biopsies by single-cell mRNA- and VDJ-
sequencing [62]. In most patients, they found clear evidence for
divergent disease evolution between the tumor sites. Thus, given
the prominent spatial heterogeneity in FL, a single biopsy will not
capture the full mutational spectrum.

Moving forward, identifying early and stable alterations that
may correspond to CPCs, could guide design of rationale risk
stratification. Identification of early genetic events by utilization
of ctDNA may provide opportunities for early diagnosis and
monitoring of disease and might predict transformation before
clinical onset despite the known spatial heterogeneities in FL
[63]. With this perspective, it would be interesting to test how
the FL classifier or the CREBBP approximation performs using
ctDNA sequencing of longitudinal plasma samples in prospec-
tive FL studies. Immunotherapy with CAR T cells or bispecific
antibodies/T cell engagers are promising choices of therapies for
patients with early relapse or transformed disease, with CR
responses ranging from 60-79% [64-67]. As these therapies
move into earlier lines of treatment, development of robust
biomarkers to identify the high-risk patients at time of diagnosis
will be of key importance for better implementation of effective
treatment.
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