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ABSTRACT
Personalized risk stratification and treatment may help improve outcomes among patients with 
diffuse large B-cell lymphoma (DLBCL). We developed a next-generation sequencing (NGS)-based 
method to assess a range of potential prognostic indicators, and evaluated it using pretreatment 
plasma samples from 310 patients with previously untreated DLBCL from the GOYA trial 
(NCT01287741). Variant calls and DLBCL subtyping with the plasma-based method were 
concordant with corresponding tissue-based methods. Patients with a tumor burden greater than 
the median (p = .003) and non-germinal center B-cell-like (non-GCB) DLBCL (p = .049) had worse 
progression-free survival than patients with a tumor burden less than the median or GCB DLBCL. 
Multi-factor assessment combining orthogonal features from a single pretreatment plasma sample 
has promise as a prognostic indicator in this setting (p = .085). This minimally invasive plasma-based 
NGS assay could enable comprehensive prognostic assessment of patients in a clinical setting, 
with greater accessibility than current methods.

Introduction

Diffuse large B-cell lymphoma (DLBCL) is the most 
prevalent type of non-Hodgkin lymphoma in adults, 
accounting for approximately 40% of all lymphomas, 
and exhibits a wide range of biological and molecular 
heterogeneity [1, 2]. Although standard of care thera-
pies are curative in most cases, as many as 40% of 
patients ultimately relapse or become refractory to 
treatment [3].

Personalized risk stratification and treatment are 
promising avenues to improving outcomes for patients 
with DLBCL. However, conventional methods (such as 
the International Prognostic Index [IPI], which uses 
clinical parameters to classify patients into risk groups) 
have been shown to offer suboptimal risk stratification 
[3–6]. Furthermore, treatment strategies determined by 
metabolic imaging with positron emission tomogra-
phy/computed tomography have been unsuccessful in 
improving survival [7, 8]. Previous studies have shown 

biomarkers based on tumor molecular features to be 
encouraging for risk stratification and therapeutic tar-
geting [3, 9–11], but these are not widely available in 
clinical settings.

The most common molecular classification scheme 
in DLBCL relies on determining the tumor’s cell of ori-
gin (COO) [9, 12, 13]. Most DLBCL tumors can be clas-
sified into two transcriptionally distinct subtypes, 
germinal center B-cell like (GCB) and activated B-cell 
like (ABC) [9]. These subtypes are prognostic, with the 
ABC subtype showing inferior progression-free survival 
(PFS) compared with the GCB subtype [14]. As reported 
in many studies, patients with ABC DLBCL experience 
treatment failure with rituximab plus cyclophospha-
mide, doxorubicin, vincristine and prednisone (R-CHOP) 
therapy more frequently than patients with GCB 
DLBCL [15]. Patients with ABC DLBCL may show favor-
able responses to immunomodulatory regimens or 
Bruton’s tyrosine kinase inhibitors [16–18]; however, 
data are limited and further investigation is warranted. 
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The phase 3 POLARIX trial recently demonstrated the 
superiority of polatuzumab vedotin plus R-CHP over 
R-CHOP in patients with untreated DLBCL [19]. An 
exploratory analysis of centrally confirmed biomarker 
subgroups showed a favorable trend toward polatu-
zumab vedotin plus R-CHP compared with R-CHOP in 
patients with ABC DLBCL [19]. Despite the exploratory 
nature of these analyses and the fact that COO only 
partially describes the heterogeneity of DLBCL disease 
[20], rapid and accurate subtype identification could 
still be very attractive.

While molecular methods show promise in dissect-
ing DLBCL heterogeneity, reliance on assays not avail-
able at most institutions can limit their clinical 
applicability. Blood plasma samples are typically easier 
to collect than tissue samples, and the nucleic acid 
derived from plasma samples is of high quality. 
Circulating tumor DNA (ctDNA)-based approaches 
enable minimally invasive tumor genotyping using the 
detection of variants [3, 21], and assessment of tumor 
burden by the prevalence of these variants [3, 22–25]. 
These approaches can be used for molecular subtyp-
ing analyses [3], making plasma-based assays a prom-
ising route for patient risk stratification.

In this study, we report sequencing results and 
analyses of plasma samples from patients with previ-
ously untreated DLBCL from GOYA, a randomized 
phase 3 trial comparing rituximab with obinutuzumab 
as part of an immunochemotherapy regimen (R-CHOP 
versus G-CHOP; NCT01287741) [26–28]. Based on these 
targeted next-generation sequencing (NGS) ctDNA 
data, we explored multiple methods to use the 
plasma-specific data to risk stratify patients with 
DLBCL, including correlating ctDNA levels with prog-
nosis, and developing a new COO subtyping method.

Methods

Patient cohort

For this investigational exploratory analysis, a subset of 
patients who had pretreatment plasma samples suffi-
cient for analysis was chosen from the GOYA trial 
(n = 310). The sample size was considered to have suf-
ficient statistical power to demonstrate the prognostic 
potential of ctDNA. The study design for GOYA has 
been previously described [26, 27]. Patients had previ-
ously untreated DLBCL, and baseline characteristics are 
described in Table 1. Similar baseline characteristics 
were observed between the intention-to-treat and 
biomarker-evaluable populations (Table S1).

The GOYA trial was conducted in accordance with 
the updated Declaration of Helsinki, the International 
Conference on Harmonization guidelines for Good 
Clinical Practice, and all applicable local laws and reg-
ulations. The protocol was approved by the ethics 
committees of participating centers and written 
informed consent was provided by all patients.

NGS

The NGS assay used in this analysis is research-use, 
and has not been validated by other data sets. The 
assay is described in the Supplementary Methods

Variant calling, filtering and tumor burden 
estimation

Single nucleotide variants (SNVs), small insertions and 
deletions (indels), and translocations were called from 
sequencing data using updated versions of the AVENIO 
ctDNA analysis variant callers. Full details can be found 
in the Supplementary Methods.

Sample tumor burden was estimated by calculating 
the number of tumor genome copies per mL of 
plasma. This calculation, labeled mutant molecule per 
mL (MMPM), is described in the Supplementary 
Methods.

Variant call concordance between tissue  
and plasma

The variant calls from plasma were compared with 
those from tissue reported by FoundationOneTM Heme 
(FMI) [29], where tissue-based variant calls were avail-
able. Details of the concordance evaluation can be 
found in the Supplementary Methods and Table S2. 
All correlations were performed using the Pearson 
correlation.

Table 1. Baseline and disease characteristics in the Goya iTT 
and biomarker-evaluable populations.

iTT population N = 1418
Biomarker-evaluable 
population n = 310

age, median (range), years 62 (18-86) 64 (18-86)
male, n (%) 752 (53) 154 (53)
Treated with G-Chop, n (%) 706 (50) 153 (53)
eCoG pS 2/3, n (%) 186 (13) 28 (10)
ipi score 4/5 (high risk), n (%) 220 (16) 46 (16)
Coo subtypes
GCB 540 (58) 152 (49)
aBC 243 (26) 120 (39)
unclassified 150 (16) 37 (12)
Region, n (%)
asia 518 (37) 50 (16)
eastern europe 196 (14) 64 (21)
North america 216 (15) 65 (21)
Western europe 426 (30) 114 (37)
other 62 (4) 17 (5)

eCoG pS: eastern Cooperative oncology Group performance status; 
G-Chop: obinutuzumab plus cyclophosphamide, doxorubicin, vincristine 
and prednisone; ipi: international prognostic index; iTT: intent to treat.
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COO classifier

We developed a machine learning model to predict 
DLBCL COO based on the variants detected in 
plasma. The cohort was divided into two groups: 80 
samples were set aside for blind validation (the val-
idation set), while the remaining 230 samples were 
used to train and test the model (the training set). 
For each sample, a list of genes with any non-silent 
somatic SNVs, indels or translocations was com-
piled, regardless of the loci of the variants within 
the gene; for example, SNV in EZH2, indel in PIM1 
or translocation in BCL2. In one case, a variant 
within the MYD88 gene (L265P/L273P) was singled 
out as it is a known common driver for ABC DLBCL 
[30]. The model was an ensemble of 100 XGBoost 
predictors that were parameterized similarly (subsa-
mple = 1, colsample_bytree = .2, min_child_weight 
= 1). Each predictor was trained independently 
against the linear predictive scores reported by the 
NanoString Lymph2Cx assay [13]. The median of 
scores from the 100 predictors was used as the final 
score for each sample (Figure S1A). While the range 
of scores for the ABC and GCB subtypes were differ-
entiable, the score ranges for the unclassified over-
lapped with the scores of the ABC subtype (Figure 
S1B). Hence, the subtypes reported in this study 
were subsequently labeled GCB and non-GCB. The 
top 22 features were chosen based on the improve-
ment of accuracy (gain) for the final model, com-
prising 18 SNVs, 3 indels and 1 translocation 
(Table 2).

Prognostic associations

The analysis of the prognostic value of known 
molecular markers is described in the Supplementary 
Methods.

Results

Variant landscape and concordance with tissue

SNVs and short indels from a 314 kilobase (kb) 
region of the genome, as well as three gene trans-
locations (BCL2, BCL6, and MYC) with unspecified 
partners, were detected in the plasma samples from 
310 patients. No plasma samples were excluded 
from analysis for technical reasons. After filtering to 
exclude likely non-tumor-specific variants, between 
4 and 877 tumor-specific SNVs (average 190 SNVs; 
20 non-silent SNVs) were detected per sample, with 
a median allele frequency (AF) ranging from 0.07% 
to 46.2%, and an average of 10 indels detected per 
patient (range, 0-42). In addition, 170 translocations 
of BCL2, BCL6 and MYC genes were detected 
(Table S2).

Of the 230 patients with plasma samples in the 
training set, 163 had corresponding tissue samples 
that were previously tested using the FMI Heme 
assay [31]. Overall, 1170/3298 SNVs reported from 
tissue fell within the boundaries of our panel; of 
these, 854 variants were detected in plasma (73.0% 
positive percentage agreement [PPA]; Figure 1A). 
Also, 419 short indels were reported from tissue, 
158 of which fell within the boundaries of our 
panel; of these, 112 indels were detected in the 
corresponding plasma samples (70.9% PPA; Figure 
1A). Finally, 49/67 gene translocations reported 
from tissue for BCL2, BCL6 and MYC, were detected 
in the plasma samples (73.1% PPA), and for samples 
without translocation calls in tissue, no transloca-
tion was found at a PPA of 96.7% (409/423; Figure 
1B). Additionally, as expected, higher concordance 
was seen with higher input masses of cell-free DNA 
(cfDNA; p < .0001), allele frequency (p < 0.0001; 
Figure S2) and advanced stages of disease (p < 
.0001; Figure 1C,D; Figure S3). In particular, when 
the maximum recommended input of 50 ng of 
cfDNA was used in the assay, 88.2% PPA was 
achieved (compared with 60.8% for samples with 
< 30 ng input).

The sensitivity of translocation detection was 
assessed by comparing NGS calls with the results 
obtained through fluorescence in situ hybridization 
(FISH) from tissue samples. BCL2 FISH results were 

Table 2. Features of the final Coo classifier model. Chosen 
features consisted of 18 SNVs, 3 indels and 1 translocation.
Feature Gain

eZh2 SNV 39.02
BCL2 translocation 35.98
pim1 SNV 27.41
TNFRSF14 SNV 25.43
myD88p Leu273pro SNV 22.89
pim1 indel 17.24
CD58 SNV 16.04
pTeN SNV 15.91
eGR1 SNV 15.77
pRDm1 indel 15.73
GNa13 SNV 15.29
SGk1 SNV 14.93
p2Ry8 SNV 14.61
CNTNap2 SNV 13.87
iRF4 SNV 12.84
SoCS1 SNV 12.09
kLhL14 indel 12.08
CD79B SNV 12.01
BCL10 SNV 9.38
aCTB SNV 9.12
B2m SNV 8.98
BCL2 SNV 8.49

Coo: cell of origin; indel: insertions and deletions; SNV: single nucleotide 
variant.
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available for 224 samples, and MYC FISH results for 
191 samples. Out of 39 samples that had positive 
FISH BCL2 calls, our assay only detected 9 (sensitiv-
ity of 23.01%). Similarly, out of 18 samples that had 
positive MYC FISH results, only 7 (38.89%) were 
detected from plasma.

Comparison of translocation detection by FMI 
versus FISH showed that results were generally con-
sistent, with 17/39 samples (44%) with positive FISH 
BCL2 calls detected by FMI. Out of 18 samples with 
positive MYC FISH results, only 3 (17%) were 
detected by FMI.

ctDNA variant and tumor burden association with 
prognosis

Next, the association of known molecular markers 
detected at baseline in plasma and PFS was examined. 
Variants in BCL2, BCL6, CARD11, CD79B, MYC, MYD88, 
and TP53 were assessed (Figure 2A) [32–34]. No indi-
vidual variants were found to be significantly 

associated with PFS at a level of p < .05. The closest 
associations with molecular markers and PFS were 
found in samples with short variants (indels and SNVs) 
in TP53 (HR, 1.99; p = .0027; Figure 2B), and transloca-
tions in MYC (HR 1.34, p = .41; Figure 2C).

Across the full dataset, the range of MMPM was 
3.45-8055. Higher MMPM values corresponded with 
higher IPI scores (analysis of variance p < .001; Figure 
3A) and a higher likelihood of bulky disease (p = .019; 
Figure 3B).

The prognostic value of MMPM was then analyzed. 
The samples were divided into two sets, high MMPM 
and low MMPM, with high MMPM samples having 
MMPM values > median MMPM. Higher MMPM values 
corresponded with worse PFS (HR, 1.97; p = .003). This 
trend was also observed on different MMPM split 
points of 25%, 50%, and 75%, and regardless of treat-
ment received (Figure 3C; Figure S4). When controlled 
for COO, IPI score, antibody treatment and number of 
planned chemotherapy cycles in a multivariate analy-
sis, a weak trend for MMPM and PFS was observed 

Figure 1. Concordance between variant calls detected in plasma and those detected in a corresponding tumor tissue assay. (a) 
Comparison between number and percentage of SNV (left) and indel (right) calls detected in tumor tissue in regions overlapping 
with the plasma panel. (B) ppa (left) and Npa (right) for BCL2, BCL6, and myC translocation calls from plasma samples compared 
with paired tumor tissue samples. For samples with translocation calls in tissue, a corresponding translocation was detected in 
plasma 73.1% of the time (49/67). For samples without translocation calls in tissue, no translocation was found 96.7% of the time 
(409/423). (C and D) ppa of SNV calls between tissue and plasma by (C) input mass of cfDNa into library preparation and (D) 
stage of disease.
cfDNa: cell-free DNa; Fmi: Foundationone; indel: insertions and deletions; Npa: negative percent agreement; ppa: positive percent agreement; SNV: single 
nucleotide variant.
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(HR, 1.48; p = .11). Additionally, MMPM showed a weak 
association with pretreatment total metabolic tumor 
volume with r = 0.41 (Figure 3D), a low association with 
sum of product of the greatest diameters (SPD; r = 0.13; 
Figure 3E) and a significant association with PFS after 
accounting for SPD (HR, 1.97; p = .0031).

Molecular subtyping from plasma

The validation set (n = 80) contained 44 GCB, 21 ABC, 
and 15 unclassified samples, as determined by 
NanoString. Using the machine learning-based method 

developed for this analysis, we classified these samples 
into GCB and non-GCB. No COO-relevant variants were 
detected for six samples and were labeled as indeter-
minable and excluded from the concordance analysis; 
41 samples were classified as GCB, and 33 samples 
were classified as non-GCB (Figure 4A). The 
plasma-based method was concordant to the 
NanoString results in 33/40 (82.5%) GCB samples and 
17/20 (85.0%) ABC samples. The overall agreement 
between the plasma-based method and NanoString 
was 75.8% when all samples (including those not clas-
sified with either method) were considered (Figure 

Figure 2. association between gene variants detected in plasma and pFS. (a) hR, 95% Cis, and P values for the presence of 
specific variants of BCL2, BCL6, CaRD11, CD79B, myC, myD88, and Tp53 in plasma samples. (B and C) km curves of pFS for pres-
ence versus absence of (B) Tp53 SNVs or indels or (C) myC translocations.
Ci: confidence interval; hR: hazard ratio; indel: insertions and deletions; km: kaplan–meier; pFS: progression-free survival; SNV: single nucleotide variant.
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Figure 3. association between tumor burden assessment from plasma (mmpm), other prognostic indicators, and prognosis. higher 
mmpm values correlated with (a) higher ipi scores (p <.001), and (B) bulky disease (p =.019). (C) km curves showing pFS split by 
above (purple) or below (green) the median mmpm value at baseline for all patients in the cohort. hRs and 95% Cis for quantile 
splits are also shown for mmpm split points of 25%, 50%, and 75%. (D and e) Comparison of mmpm with scan-based measures 
of (D) TmTV and (e) SpD.
**P ≤ .01; ***P ≤ .001.
Ci: confidence interval; hR: hazard ratio; ipi: international prognostic index; km: kaplan–meier; mmpm: mutant molecule per mL; N: no; pFS: progression-free 
survival; SpD: sum of product of the greatest diameters; TmTV: total metabolic tumor volume; vs: versus; y: yes.
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4B,C). Additionally, associations between patient out-
comes and COO subtypes were similar between the 
two approaches (Figure 4D,E). Using the plasma-based 
method, samples unclassified by NanoString were clas-
sified into 5 GCB and 9 non-GCB subtypes. Improved 
PFS for GCB versus non-GCB was observed (HR, 2.57; 
p = .4; Figure S5).

Combined prognostic modeling from ctDNA 
features

Given the diversity of biomarkers available from plasma 
samples, we explored the possibility of a combined 
biomarker using baseline ctDNA features. A prognostic 
model was created by combining known prognostic 
features from the ctDNA assay (MMPM, TP53 SNV/
indels, BCL2 translocations, MYC translocations, and 
COO subtypes with IPI scores and was developed on 
the 230 samples from the training set (Table 3). 
Patients with three or more high-risk biomarkers (or 
two, including high IPI score) were considered as 
ctDNA high risk, and had significantly worse PFS 
(Figure 5A; HR, 3.39; 95% confidence interval [CI]: 
2.18-5.29; p < .001) than patients with low-risk bio-
markers. This trend remained consistent in the test set, 
although the association was no longer significant 
(Figure 5B; HR, 2.15; 95% CI: 0.89-5.19). Notably, the 
prognostic model showed greater differentiation 
between patients at high risk versus patients at low 
risk when the plasma-based COO was used in the 
model, as opposed to the tissue-based COO 
(Figure S6A,B).

Discussion

Current methods for pretreatment prognostic assess-
ment and risk stratification for patients with DLBCL 
involve multiple tests, and can often be limited by 
tumor tissue sample quality or availability, making 
early identification of patients at high risk difficult [3, 
9–11]. A plasma-based assay could overcome these 
limitations, and potentially enable assessment of mul-
tiple prognostic modalities with a single test. Here, we 
provide proof-of-concept that a plasma-based DLBCL 
assay can enable such multiple modalities, including 
variant calling (SNVs, indels, and translocations), COO 
subtyping, and tumor burden measurements, with a 
single assay.

As with any ctDNA assay, the sensitivity of variant 
calls and molecular subtyping used in the assay 
described here was limited by the tumor burden in 
plasma. While ctDNA levels in DLBCL are typically 

higher than those in solid tumor samples, mean AFs 
are still usually < 10%, and can be < 1% in some cases 
[22–25], so it is expected that not all variants found in 
tissue will be detected in plasma. The tissue-plasma 
concordance in this study was 73.0% for SNVs, which 
is in line with previous publications [3] and, as 
expected, improved with advanced-stage patients 
(who typically have higher tumor burden). Particularly 
high concordance was seen in samples with higher 
input masses (88.2% PPA with 50 ng input, as opposed 
to 60.8% with < 30 ng input), showing that increasing 
input cfDNA can improve imperfect plasma sensitivity. 
A greater volume of plasma (i.e. > 2-2.5 mL) would be 
desirable to maximize the proportion of samples that 
have optimal input, enabling improved sensitivity of 
detection in plasma.

It is notable that no significant associations were 
seen between individual variants and patient out-
comes in this dataset, since Bolen et  al. found a clear 
link between BCL2 alterations and prognosis in the 
same dataset from the GOYA study [28]. There are a 
few possible explanations for this. Firstly, the size of 
this substudy – it may be expected that a larger sam-
ple set would result in more significant associations, 
particularly for variants in TP53 or MYC translocations, 
although not many significant associations were 
observed in a previous larger substudy of patients 
from the GOYA trial [28]. Secondly, the reduced sensi-
tivity for variant calling in plasma versus tissue, given 
lower tumor burden levels, as false negatives will occur 
in any ctDNA assay. Finally, it seems apparent that 
other metrics such as tumor burden or molecular sub-
type have a greater association with patient outcomes 
than individual variants. These factors suggest that we 
may not expect to see a strong association with out-
comes for individual variants; considering ctDNA data 
more holistically could provide better outcome 
predictions.

Previous studies of ctDNA in DLBCL have also 
identified an association between MMPM and PFS, 
with higher tumor burden being associated with 
poorer patient outcomes [23, 25]. Although this asso-
ciation was not found to be statistically significant in 
the current study, this could be attributed to a vari-
ety of reasons such as the relatively small sample size 
or differences in the statistical models and covariates 
used. It is important to note that these results do not 
contradict those observed in previous studies, with a 
strong trend between MMPM and PFS observed even 
after correcting for COO and IPI (p = 0.11), consistent 
with the interpretation from prior ctDNA studies that 
MMPM is independently prognostic for survival 
[23, 25].

https://doi.org/10.1080/10428194.2024.2301924
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Figure 4. molecular subtyping from plasma. (a) prediction results of the validation set (n = 80). each row corresponds to the 
distribution of scores from the machine learning model for one sample. Distributions are colored by the corresponding NanoString 
Lymph2Cx Coo call. The median value of the distribution gives the Coo prediction, with medians to the left of the decision 
boundary (red vertical line) representing non-GCB calls, and those to the right representing GCB calls. (B) RoC curve for plasma 
machine learning-based variant calls compared with corresponding NanoString Lymph2Cx calls for the 5-fold cross validation 
(dashed lines) and for the validation set (solid line, auC = 0.91). (C) plasma machine learning-based Coo calls compared with 
tissue NanoString Lymph2Cx-based calls. km curves showing pFS for the validation set split by Coo classification as determined 
by (D) the plasma-based machine learning method or (e) the tissue-based NanoString Lymph2Cx.
aBC: activated B-cell like; auC: area under curve; Coo: cell of origin; Ci: confidence interval; GCB: germinal center B-cell like; hR: hazard ratio; km: kaplan–
meier; pFS: progression-free survival; RoC: receiver operating characteristic; uncl: unclassified.
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Despite the limited sensitivity for variant calling in 
plasma, the concordance of molecular subtypes 
between tissue and plasma remained high; COO sub-
type concordance was 83.3% for patients classified by 
both NanoString and our plasma-based method. A 
small number of samples unclassified by NanoString 
were classified into GCB and non-GCB subtypes using 
the plasma-based method. The improved PFS with 
GCB versus non-GCB observed in this study showcases 
the potential benefit of defining otherwise unclassified 
samples. It is notable that both the bi-level and 
multi-level subtyping methods could be recapitulated 
in plasma, highlighting the utility of this noninvasive 
technique for identifying transcriptional subtypes. 
Many subtyping methods require fresh frozen tissue, 
which is often unavailable in a clinical setting, or iso-
lation of RNA from formalin-fixed paraffin-embedded 
samples that can vary greatly in quality. Being able to 
determine subtypes like these from plasma samples 
could enable more widespread sample availability.

Another key benefit of cfDNA-based methods is that 
tumor variant AF can be used as a proxy for tumor 
burden. Furthermore, the simultaneous reporting of 
multiple biomarkers in this plasma NGS assay can be 
combined for a more comprehensive prognostic assess-
ment accounting for both the size and the molecular 
characteristics of the malignancy. This prognostic 
assessment is straightforward but limited, as it is trained 
on a limited number of samples (n = 230) from patients 
split between two treatments. A more comprehensive 
algorithm based on molecular and tumor burden infor-
mation could be established by using this assay with a 
larger and more diverse patient population. Finally, 
while this study explores the benefits of a plasma NGS 
assay using pretreatment samples, one significant ben-
efit of a plasma-based assay is the ability to take mul-
tiple measurements over time. The advantages of 
tumor-burden tracking and molecular assessment in 
longitudinal samples have been shown previously [3, 
22–25], and the assay described here could improve 
prognostic prediction through repeated sampling. 
Likely the optimal assessment schedule for patients 
with DLBCL would involve multi-modal evaluations 

prior to and throughout treatment, with prognosis 
updated after each assessment [34].

The limitations of this study include its exploratory 
nature and lack of external validation. Further research 
is required to validate these models in an independent 
dataset.

In conclusion, the plasma-based NGS assay described 
here could enable a more rapid, comprehensive and 
accessible prognostic assessment of patients with 

Table 3. Combined prognostic model using ctDNa features.
Feature model weight

ipi high 2
ipi intermediate 1
mmpm > median 1
Tp53 SNV/indel 1
BCL2 translocation 1
myC translocation 1
Coo non-GCB 1

Coo: cell of origin; ctDNa: circulating tumor DNa; GCB: germinal center 
B-cell like; indel: insertions and deletions; ipi: international prognostic 
index; mmpm: mutant molecule per mL; SNV: single nucleotide variant.

Figure 5. a multi-modal model for prognostic prediction 
using ipi and a ctDNa-based NGS assay. methods that assigned 
points for high-risk features were developed based on the 
training set of 230 patients, then applied to all 310 patients 
(full dataset), or the 80 patients in the test set. km curves 
showing pFS for high versus low risk are shown for each 
model. The model incorporated mmpm, Tp53 status, BCL2/myC 
translocation status, Coo calling from plasma, and ipi. (a) pFS 
in the full dataset and (B) pFS in the test set.
Ci: confidence interval; Coo: cell of origin; ctDNa: circulating tumor DNa; 
hR: hazard ratio; ipi: international prognostic index; km: kaplan–meier; 
mmpm: mutant molecule per mL; NGS: next-generation sequencing; pFS: 
progression-free survival.



PROGNOSTIC IMPACT OF CTDNA IN 1L DLBCL 627

previously untreated DLBCL in a clinical setting com-
pared with currently available methods.
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