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A cross-platform transcriptomic risk score integrating
LymphoMAP microenvironment archetypes and immune
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Abstract. Diffuse large B-cell lymphoma (DLBCL) is
clinically heterogeneous and existing prognostic indices
incompletely capture its biological diversity. The present study
aimed to investigate how transcriptome-inferred LymphoM AP
archetypes (lymph node-like, fibroblast-macrophage-rich and
T cell-exhausted) relate to genetic subtypes and immune
evasion-associated programs, and whether integrating
these dimensions improves risk stratification beyond the
International Prognostic Index (IPI). Using the DLBCL-2018
cohort (n=562), LymphoMAP archetypes were inferred and
immune programs were quantified by single-sample gene
set enrichment analysis, summarizing them into an immune
evasion-associated index. In the immunochemotherapy-treated
subset (n=234), overall survival was assessed and an elastic-net
Cox model was developed to derive a transcriptomic risk
score (RScore-Expr). The score was externally evaluated in
four independent Gene Expression Omnibus cohorts (n=1,173)
with a random-effects meta-analysis performed across studies.
LymphoMAP archetypes were non-randomly associated with
genetic subtypes (¥2=20.85, P=0.0076) and exhibited distinct
immune-program patterns. While archetypes alone were not
prognostic in the treated subset (log-rank P=0.67), an inte-
grated model identified high-risk patients (log-rank P=0.0026)
with modest discrimination (C-index: 0.624; time-depen-
dent area under the curve values: 0.662/0.628/0.642 at
12/36/60 months). When added to the IPI, the score improved
corrected discrimination (0.639 to 0.687), improved model fit
(likelihood-ratio ¥2=12.32, P=4.48x10*), and yielded higher
net benefit on decision-curve analysis at 24 and 60 months. In
external cohorts, RScore-Expr showed a consistent association
with survival (pooled hazard ratio per 1 standard deviation,
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1.13; 95% confidence interval 1.01-1.26; P=0.033). These
results support a cross-platform framework linking microen-
vironment archetypes, immune evasion-associated programs
and tumor genetics. The novelty of the current study lies in
integrating these features into an externally evaluated tran-
scriptomic risk score and formally demonstrating added value
beyond the IPI in DLBCL.

Introduction

Diffuse large B-cell lymphoma (DLBCL) accounts for
25-30% of cases of adult non-Hodgkin lymphoma and
remains a leading cause of lymphoma-related mortality.
Standard first-line immunochemotherapy with rituximab plus
cyclophosphamide, doxorubicin, vincristine and prednisone
(R-CHOP) cures a substantial proportion of patients; however,
30-40% of patients relapse or develop refractory disease
and face poor outcomes (1,2). Clinical indices, including the
International Prognostic Index (IPI), remain essential for
initial risk stratification but currently do not fully capture the
biological drivers of treatment failure (3).

Gene expression profiling (GEP) established the
cell-of-origin (COO) concept, and identified activated
B-cell-like (ABC) and germinal center B-cell-like (GCB)
DLBCL subgroups with distinct biological characteristics
and outcomes (4,5). Although immunohistochemistry-based
algorithms (such as the Hans classifier) have enabled broader
adoption of COO assignment in routine clinical practice, COO
alone cannot encompass the full spectrum of transcriptomic
heterogeneity (6). Subsequent GEP studies have uncovered
additional programs reflecting host inflammatory response
and stromal remodeling, highlighting the contribution of the
lymphoma microenvironment (LME) to clinical behavior and
therapeutic response (7,8).

Large-scale genomic studies have further refined DLBCL
taxonomy by defining recurrent genetic subtypes (including
BN2, MCD, N1 and EZB) characterized by distinct oncogenic
dependencies and clinical trajectories (9,10). Probabilistic
classification tools now support subtype calls in individual
tumors, facilitating translational studies and molecularly
stratified trials (11). Integrative driver analyses underscore
the breadth of genetic heterogeneity, and reinforce the need to
combine tumor-intrinsic and microenvironmental features for
risk modeling (12). These molecular insights are increasingly
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reflected in modern disease frameworks, including the
revised World Health Organization classification of lymphoid
neoplasms (13).

Beyond tumor-intrinsic alterations, the LME shapes
immune surveillance, therapy response and resistance.
Transcriptome-based approaches that model LME states have
revealed reproducible microenvironment-defined DLBCL
subtypes with distinct cellular compositions and outcomes (14).
However, a practical cross-platform framework linking LME
states with tumor genetics, immune evasion programs and
clinical risk remains incomplete.

Recently, LymphoMAPs have described three recurring
LME archetypes: Lymph node-like (LN), fibroblast-
macrophage-rich (FMAC) and T cell-exhausted (TEX),
capturing orthogonal axes of immune and stromal remodeling
across B-cell lymphomas (15). These archetypes offer an
interpretable lens to assess LME states from bulk transcrip-
tomes and suggest therapeutic hypotheses; however, their
relationship with established genetic subtypes and their prog-
nostic value in immunochemotherapy-treated DLBCL remain
incompletely defined.

DLBCL can evade immune elimination through diverse
mechanisms, including impaired antigen presentation and
loss of co-stimulatory signals; notably, combined inactivation
of B2-microglobulin and CD58 provides a canonical genetic
route to escape T and natural killer cell-mediated killing (16).
The present study hypothesized that quantifying immune
evasion programs in parallel with LymphoMAP archetype
inference may improve biological interpretation and help
identify clinically relevant risk states in DLBCL.

Accordingly, the present study aimed to investigate
the relationships of transcriptome-inferred LymphoMAP
archetypes with DLBCL genetic subtypes and immune
evasion-associated transcriptional programs, to derive an
immune evasion-associated index (IEAI), to assess the prog-
nostic value of these features in immunochemotherapy-treated
patients, to develop and externally evaluate a cross-platform
transcriptomic risk score (RScore-Expr), and to examine
whether this score adds prognostic information beyond the
IPI.

Materials and methods

Study design and cohorts. The present retrospective study inte-
grated publicly available transcriptomic, genomic and clinical
data. The full DLBCL-2018 cohort (n=562) was obtained from
the National Cancer Institute (NCI) Genomic Data Commons
publication page for ‘Genetics and Pathogenesis of Diffuse
Large B-Cell Lymphoma’ (https://gdc.cancer.gov/about-data/
publications/DLBCL-2018) and the corresponding published
study (17)’, using the public log2-normalized RNA-seq expres-
sion matrix (RNAseq_gene_expression_562.txt) together with
the matched clinical and molecular annotations provided in
Supplementary Appendix 2 of the published DLBCL-2018
study. External validation was performed using four inde-
pendent DLBCL cohorts from the Gene Expression Omnibus
(GEO; https://www.ncbi.nlm.nih.gov/geo/): GSE10846 (8),
GSE31312 (18), GSE32918 (19) and GSE87371 (20). The
overall study design and analytical workflow are summarized
in Fig. 1.

Ethics statement. All analyses were performed on de-identified,
publicly available datasets. According to local regulations,
institutional review board approval and informed consent were
not required for the present study.

Transcriptomic data processing. For DLBCL-2018 data,
gene-level expression was analyzed using the log2-normalized
expression matrix provided in the public DLBCL-2018
release together with the matched clinical and molecular
sample annotations. For the external GEO validation cohorts,
processed expression matrices obtained from the GEO were
used for transcriptomic analyses; GEO data retrieval and
handling were performed in R (version 4.4.1; R Foundation
for Statistical Computing, Vienna; https:/www.r-project.org/)
using the GEOquery R package (version 2.78.0; https://biocon-
ductor.org/packages/GEOquery/).Probe sets were mapped to
gene symbols using platform annotations and multiple probes
mapping to the same gene were aggregated by median expres-
sion. For cross-platform modeling, predictors were aligned by
gene symbol across cohorts. Predictor values were then scaled
using the mean and standard deviation (SD) of the discovery
cohort, defined as the immunochemotherapy-treated NCI
Center for Cancer Research (NCICCR) subset with overall
survival (OS) data available (n=234).

LymphoMAP archetype inference. The LymphoMAP arche-
types LN, FMAC and TEX were inferred from bulk gene
expression using the published LymphoMAP framework (17).
Each sample was assigned to the archetype with the highest
posterior probability.

Immune program scoring and IEAI. Immune programs were
quantified using single-sample gene set enrichment analysis,
implemented through gene set variation analysis (GSVA) using
the GSVA R package (version 1.52.3) (21,22). Gene sets were
curated from the Molecular Signatures Database hallmark
collection using the msigdbr R package (version 25.1.1; https://
CRAN.R-project.org/package=msigdbr) and from published
immune signatures capturing antigen presentation (MHC
class I and II), cytolytic activity, T-cell exhaustion, myeloid
suppression, interferon-y response and TGF-f signaling (23).
Signature scores were centered and scaled. An IEAI was
defined to summarize the balance between immune-suppres-
sive and immune-recognition programs, and is interpreted here
as an immune evasion-associated transcriptional phenotype
rather than direct genomic proof of immune escape: IEAI=z
[(Exhaustion + MyeloidSuppression + TGF-f)-(MHC-I +
MHC-II + Cytolytic)], where z indicates standardization
within the discovery cohort; a higher IEAI indicates a more
immune-suppressed/antigen-presentation-low transcriptional
state. For gene-level comparisons, IEAI-high and IEAI-low
cases were defined as the upper and lower tertiles of the IEAI
distribution, respectively, and samples in the middle tertile
were excluded from the two-group analysis. Gene-level expres-
sion differences for TAP1, TAP2, B2M, HLA-A, HLA-B,
HLA-C, CIITA and CD58 between IEAI-high and IEAI-low
cases were assessed using the Wilcoxon rank-sum test.

Public data access and preprocessing tools. Public microarray
datasets were obtained from GEO under accession numbers
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Figure 1. Study design and analytical workflow. (A) Discovery-cohort feature engineering. The full DLBCL-2018 cohort (n=562) was used for transcriptomic,
genomic and microenvironment association analyses, including LymphoMAP inference, immune-program scoring and derivation of the IEAI. The frontline
immunochemotherapy-treated NCICCR subset (n=234) was used as the discovery cohort for prognostic modeling. (B) Model development, internal evaluation
and external validation. An elastic-net Cox model (0=0.5) with 10-fold cross-validation was used to select the regularization parameter (A) and derive the
transcriptomic risk score (RScore-Expr). Internal evaluation included Harrell's C-index, time-dependent AUC, KM analysis, multivariate Cox regression and
calibration. External validation was performed in four independent GEO cohorts using continuous HR per 1 SD increase in RScore-Expr, random-effects
meta-analysis and PFS sensitivity analysis where available. AUC, area under the curve; COO, cell-of-origin; DLBCL, diffuse large B-cell lymphoma; FMAC,
fibroblast-macrophage-rich; GEO, Gene Expression Omnibus; HR, hazard ratio; IEAI, immune evasion-associated index; IPI, International Prognostic
Index; KM, Kaplan-Meier; LN, lymph node-like; NCICCR, National Cancer Institute Center for Cancer Research; PFS, progression-free survival; R-CHOP,
rituximab plus cyclophosphamide, doxorubicin, vincristine and prednisone; SD, standard deviation; ssGSEA, single-sample gene set enrichment analysis;

TEX, T cell-exhausted; QC, quality control.

GSE10846, GSE31312, GSE32918 and GSE87371. When
batch effects were suspected in cross-cohort exploratory
analyses, empirical Bayes adjustment (ComBat) was used
as a sensitivity analysis (24). Where differential expression
screening was required, linear modeling with empirical
Bayes moderation was performed using limma R package
(version 3.60.6) (25). Cohort-level mutation and homozygous
deletion frequencies for selected antigen-presentation and
immune evasion-associated genes were extracted from the
previously published appendix-level genomic summaries of
the DLBCL-2018 resource, and are presented descriptively as
genomic context only; no sample-level enrichment analysis by
IEALI stratum was performed.

Clinical and molecular covariates. Baseline clinical vari-
ables (age, sex and treatment category) were extracted from
the provided clinical annotations. Ann Arbor stage (26),
lactate dehydrogenase (LDH) ratio, Eastern Cooperative
Oncology Group (ECOG) performance status (27) and
extranodal involvement were also used when available. The
primary clinical baseline model used IPI alone. A sensitivity
analysis used the individual IPI components (age >60 years,
stage III/IV, elevated LDH, ECOG >1 and >1 extranodal
site) as the baseline clinical model. COO (ABC vs. GCB)
and genetic subtype calls (BN2, MCD, N1, EZB and
Other) followed published assignments generated using a
probabilistic classifier.

Survival endpoints. OS was defined as time from diagnosis
to death from any cause; patients alive at last follow-up were
censored. For cohorts with progression-free survival (PFS),
PFS was defined as time from diagnosis to progression/relapse
or death, with censoring at last follow-up.

Statistical analysis. Associations between categorical variables
were assessed using y? or Fisher's exact tests. Differences in
continuous variables across archetypes were assessed using the
Kruskal-Wallis test for overall group comparisons, as appro-
priate. No post hoc pairwise comparisons were performed.
Survival was analyzed using Kaplan-Meier estimates and
compared with the log-rank test. Multivariate Cox propor-
tional hazards models were fitted using the survival R package
(version 3.8-3; https://CRAN.R-project.org/package=survival)
to estimate hazard ratios (HRs) and 95% confidence intervals
(ClIs); proportional hazards assumptions were evaluated using
Schoenfeld residuals. Associations between the IEAI and
ESTIMATE-derived tumor purity, stromal score, immune
score and ESTIMATEScore were assessed using Spearman
correlation coefficients. ESTIMATE-based stromal (28),
immune and purity scores were calculated using the estimate
R package (version 1.0.13; https://bioinformatics.mdanderson.
org/estimate/rpackage.html) in sensitivity analyses to assess
whether bulk immune scores primarily reflected tumor
purity or microenvironment abundance. All statistical tests
were two-sided, and P<0.05 was considered to indicate a
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statistically significant difference unless otherwise specified.
For multiple testing in gene-level expression comparisons,
Benjamini-Hochberg-adjusted Q-values were additionally
reported. Figures were generated using the ggplot2 R package
(version 4.0.1; https://cran.r-project.org/package=ggplot2).

Model development. To integrate microenvironment, immune,
genetic and clinical information, an elastic-net penalized Cox
model (a=0.5) was trained in the NCICCR-treated subset using
the glmnet R package (version 4.1-10; https://CRAN.R-project.
org/package=glmnet). Candidate predictors included
LymphoMAP archetype, genetic subtype, IEAI, immune
signature scores, COO, age and IPI group. The regulariza-
tion parameter (A) was selected by 10-fold cross-validation to
maximize the partial likelihood. The resulting linear predictor
defined the transcriptomic risk score (RScore-Expr). For visu-
alization, patients were dichotomized at the optimal cutpoint
derived in discovery (0.015).

Model performance evaluation. Discrimination was summa-
rized using Harrell's C-index and time-dependent receiver
operating characteristic (ROC) curves with area under
the curve (AUC) values at 12, 36 and 60 months, using the
approach of Heagerty et al (29), and implemented with the
timeROC R package (version 0.4; https://CRAN.R-project.org/
package=timeROC). Calibration at 60 months was assessed
by comparing predicted and observed survival probabilities
using bootstrap resampling. Added clinical utility beyond
IPI was evaluated by comparing IPI-only, RScore-Expr-only
and IPI + RScore-Expr models using corrected C-indices,
likelihood-ratio tests, Akaike information criterion (AIC)
and decision-curve analysis at 24 and 60 months. Reporting
followed TRIPOD recommendations for prediction model
development and validation (30).

External validation and meta-analysis. RScore-Expr was
calculated in each external cohort using the discovery model
coefficients after feature alignment and scaling. Cox models
were fit within each cohort to estimate HRs per 1 SD increase
in RScore-Expr. Cohort-specific estimates were summa-
rized using an inverse-variance weighted random-effects
meta-analysis; heterogeneity was described using Cochran's
Q and I? statistics, but these values were not used to determine
model choice. As a complementary analysis, cohort-specific
Kaplan-Meier curves were generated using cohort-specific
median splits, but the primary external-validation analysis
treated RScore-Expr as a continuous predictor.

Results

Patient cohorts and LymphoMAP distribution. The
DLBCL-2018 cohort included 562 patients with baseline
clinical and transcriptomic data. The median age was 62 years
[interquartile range (IQR) 52-70], and 242/562 (43.1%) of
patients were female. LymphoMAP archetypes were inferred
for all cases, with 179 (31.9%) classified as LN, 227 (40.4%) as
FMAC and 156 (27.8%) as TEX. The distribution of genetic
subtypes across the full cohort was: BN2, 98 (17.4%); EZB,
68 (12.1%); MCD, 68 (12.1%); N1, 18 (3.2%); and Other, 310
(55.2%) (Table SI).
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Figure 2. LymphoMAP archetypes are associated with genetic subtypes
and IEAI (A) Heatmap showing the distribution of genetic subtypes across
LymphoMAP archetypes in the diffuse large B-cell lymphoma-2018
cohort. The association was significant as determined by 7 test (3*=20.849;
P=0.007559). (B) Distribution of the IEAI across LymphoMAP archetypes.
The y-axis shows IEAI (z), where z denotes the standardized IEAI score
(z-score). FMAC showed the highest IEAI value, whereas TEX overlapped
substantially with LN, supporting partial but incomplete correspondence
between categorical archetype labels and the continuous immune-state score.
(C) Representative expression of antigen-processing genes in the discovery
cohort stratified by IEAI group. IEAI-high cases showed lower expression of
TAPI and TAP2, supporting an immune evasion-associated transcriptional
phenotype centered on impaired antigen-processing/presentation programs.
FMAC, fibroblast-macrophage-rich; IEAI, immune evasion-associated
index; LN, lymph node-like; TEX, T cell-exhausted.

LymphoMAP archetypes associated with genetic subtypes and
IEAI. Genetic subtypes were non-randomly distributed across
LymphoMAP archetypes (x*=20.85, P=0.0076; Fig. 2A).
Relative differences were observed across archetypes, with
BN2 more frequent in LN, FMAC showing relatively higher
proportions of MCD/EZB, and TEX containing a larger
fraction of N1/Other cases.

Immune evasion-associated programs, summarized by the
IEALI, showed distinct distributions across archetypes (Fig. 2B).
LN tumors showed the lowest IEAI values (median, -0.35),
FMAC tumors showed the highest values (median, 0.40) and
TEX tumors showed intermediate-to-low values (median, -0.23)
that were closer to LN than to FMAC, indicating that the categor-
ical LymphoMAP archetypes and the continuous IEAT capture
overlapping but non-identical immune states (Fig. 2B; Table SI).
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Table I. Baseline characteristics of the discovery immunochemotherapy cohort stratified by RScore-Expr score.

Characteristic Overall (n=234) Low RScore-Expr (n=117) High RScore-Expr (n=117) P-value
Median age, years (IQR) 61.0 (49.0-72.0) 57.0 (47.0-69.0) 65.0 (54.0-73.0) 0.0019
Sex 1.000
Female 95 (40.6%) 47 (40.2%) 48 (41.0%)
Male 139 (59.4%) 70 (59.8%) 69 (59.0%)
Ann Arbor stage 0.793
I-11 109 (46.6%) 56 (47.9%) 53 (45.3%)
I-1v 122 (52.1%) 60 (51.3%) 62 (53.0%)
LDH ratio 0.481
<1 97 (41.5%) 51 (43.6%) 46 (39.3%)
>1 105 (44.9%) 49 (41.9%) 56 (47.9%)
ECOG 0.263
0-1 162 (69.2%) 83 (70.9%) 79 (67.5%)
>2 50 (21.4%) 21 (17.9%) 29 (24.8%)
Extranodal sites 0.437
0-1 190 (81.2%) 98 (83.8%) 92 (78.6%)
>1 30 (12.8%) 13 (11.1%) 17 (14.5%)
IPI group 0.022
Low 81 (34.6%) 50 (42.7%) 31 (26.5%)
Low-Intermediate 45 (19.2%) 18 (15.4%) 27 (23.1%)
High-Intermediate 44 (18.8%) 16 (13.7%) 28 (23.9%)
High 64 (27.4%) 33 (28.2%) 31 (26.5%)
COO <0.001
ABC 82 (35.0%) 22 (18.8%) 60 (51.3%)
GCB 110 (47.0%) 78 (66.7%) 32 (27.4%)
Genetic subtype 0.0039
BN2 42 (17.9%) 22 (18.8%) 20 (17.1%)
MCD 19 (8.1%) 4 (3.4%) 15 (12.8%)
N1 6 (2.6%) 0(0.0%) 6 (5.1%)
EZB 50 (21.4%) 31 (26.5%) 19 (16.2%)
Other 117 (50.0%) 60 (51.3%) 57 (48.7%)

Continuous variables are shown as median (IQR), and categorical variables as n (%). P-values were calculated using the Mann-Whitney U test
or Fisher's exact/y? test, as appropriate. High and low transcriptomic risk groups were defined using the prespecified discovery cutoff. ABC,
activated B-cell-like; COO, cell-of-origin; ECOG, Eastern Cooperative Oncology Group; GCB, germinal center B-cell-like; IPI, International

Prognostic Index; LDH, lactate dehydrogenase.

Exploratory expression analyses in the discovery cohort further
showed reduced TAP1 (P=1.63x10"; Q=1.31x10"°) and TAP2
(P=0.0030; Q=0.0122) expression in IEAI-high cases, defined
as the upper tertile of the IEAI distribution, compared with
IEAI-low cases defined as the lower tertile (Fig. 2C; Table SII);
samples in the middle tertile were excluded from this two-group
comparison. TAP1 and TAP2 encode key components of the
transporter associated with antigen processing and are central to
MHC class I antigen presentation; thus, their reduced expression
is consistent with an immune evasion-associated state marked
by impaired antigen processing/presentation (31).

LymphoMAP archetypes are not independently prognostic
in immunochemotherapy-treated patients. The current
study subsequently focused on the NCICCR-treated subset

with immunochemotherapy and OS data (n=234). Baseline
clinical and molecular characteristics of this discovery cohort
are summarized in Table I. In this clinically treated subset,
LymphoMAP archetypes alone did not stratify OS (log-rank
P=0.67; Fig. 3A).

In a multivariate Cox model including LymphoMAP
archetype, genetic subtype, IEAI, COO, age and IPI group
(Table SIII; Fig. 3B), the MCD and N1 genetic subtypes, ABC
COO and increasing age were associated with inferior OS,
whereas neither FMAC or TEX archetypes nor the IEAI were
independently associated with OS.

Development and internal performance of an integrated
transcriptomic risk score (RScore-Expr). To integrate
microenvironment and immune programs with clinical and
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Figure 3. Discovery-cohort prognostic analyses. (A) Kaplan-Meier OS curves for the National Cancer Institute Center for Cancer Research -treated discovery
cohort stratified by LymphoMAP archetype, showing no significant separation (log-rank P=0.67). (B) Multivariate Cox regression including LymphoMAP
archetype, genetic subtype, IEAI, COO, age and IPI group. MCD and N1 genetic subtypes, ABC COO and increasing age were associated with inferior OS,
whereas neither FMAC archetype, TEX archetype or IEAI were independently associated with OS. (C) Kaplan-Meier OS curves stratified by high-RScore-Expr
versus low-RScore-Expr using the prespecified discovery cutpoint, showing a significant difference (log-rank P=0.0026). (D) Time-dependent AUC values of
RScore-Expr at 12, 36 and 60 months. ABC, activated B-cell-like; AUC, area under the curve; COO, cell-of-origin; FMAC, fibroblast-macrophage-rich; GCB,
germinal center B-cell-like; IEAI immune evasion-associated index; IPI, International Prognostic Index; LN, lymph node-like; OS, overall survival; TEX, T

cell-exhausted.

molecular features, an elastic-net Cox model was trained in
the NCICCR-treated subset, yielding a transcriptomic risk
score (RScore-Expr). Using the discovery cutpoint (0.015),
RScore-Expr stratified patients into high- and low-risk groups
with distinct survival outcomes (log-rank P=0.0026; Fig. 3C).

RScore-Expr demonstrated moderate discrimination in the
treated subset (C-index 0.624). Time-dependent AUC values
were 0.662, 0.628 and 0.642 at 12, 36 and 60 months, respec-
tively (Fig. 3D). Modeled continuously, higher RScore-Expr
was associated with increased hazard of death (HR per 1 SD,
1.52; 95% CI 1.21-1.89; P=2.5x10"*), with an approximately
monotonic risk increase across the score range. Calibration at
60 months showed reasonable agreement between predicted
and observed survival (Fig. 4D).

Added value of RScore-Expr beyond IPI and clinical utility
in the discovery cohort. The present study next compared the
transcriptomic model directly against the IPI. In the discovery

cohort, the IPI-only model had a corrected C-index of 0.639,
the RScore-Expr-only model had a corrected C-index of
0.624, and the combined IPI + RScore-Expr model improved
the corrected C-index to 0.687. Adding RScore-Expr to IPI
improved model fit (likelihood-ratio x2=12.32, P=4.48x10"%)
and reduced the AIC from 967.36 to 957.04 (Table II; Fig. 4A).
Decision-curve analysis further showed that the combined
model provided higher net benefit than either model alone
across clinically relevant threshold ranges at both 24 and
60 months (Fig. 4B and C). A sensitivity analysis using the
individual IPI components as the clinical baseline yielded
concordant results (Table II).

External validation across independent cohorts. RScore-Expr
was applied to four independent GEO cohorts (GSE31312,
n=470; GSE32918, n=249; GSE10846, n=233; GSE87371,
n=221; total n=1,173). Across the four external cohorts,
all cohort-specific HRs for OS were directionally >1,
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Table II. Comparison of clinical and transcriptomic prognostic models in the discovery cohort.

Model Corrected C-index AIC LR test vs. baseline

Primary analysis

IPI-only 0.639

RScore-Expr-only 0.624

IPI + RScore-Expr 0.687
Sensitivity analysis

IPI components-only 0.687

IPI components +RScore-Expr 0.707

967.36 -

970.59 -

957.04 ¥’=12.32; P=4.48x10*
951.83 -

945.33 ¥*=8.50; P=0.00354

In the primary analysis, the clinical baseline was IPI-only, whereas the IPI components model was the baseline in the sensitivity analysis.
All models were fitted in the same discovery cohort (n=234) with 98 overall survival events. Corrected C-index values are reported so that
higher values indicate better discrimination. LR test vs. baseline indicates the likelihood-ratio comparison of each combined model with the
corresponding baseline nested Cox model. AIC, Akaike information criterion; IPI, International Prognostic Index; LR, likelihood ratio.

C-index = 0.624
RScore-Expr - ° AIC = 970.59 0.2
Treat all
= Treat none
= = IPI
C-index = 0.687
1P+ _ ® AIC < 957.04 g . PiScore-Expr
RScore-Expr RScore-Expr P = 4.5 x 107 S 0.1 = IPI + RScore-Expr
2
T AIC = 967.36
0.0
T T T T T T T T T T
0.60 0.62 0.64 0.66 0.70 0.72 0.68 20% 40% 60%
Corrected C-index Threshold probability
1.004
2 v ’
0.3- = .
3 0.75 B
Treat all <) d
= Treat none o .
= 0.2 —IPI 2 A
@ = RScore-Expr 2 0.504 R
2 = IPI + RScore-Expr @
k] S
< .
Z 0.11 >
g 0.25
o R
(%2} .
e I
[e]
0.0 x
0.00 .~
20% 40% 60% 0.00 0.25 0.50 0.75 1.00

Threshold probability

Mean predicted survival probability

Figure 4. Added value of RScore-Expr beyond IPI and clinical utility in the discovery cohort. (A) Comparison of IPI-only, RScore-Expr-only and IPI +
RScore-Expr models. Adding RScore-Expr to IPI improved corrected discrimination (C-index 0.639 to 0.687), reduced AIC and improved model fit (likeli-
hood-ratio P=4.5x10"*). Decision-curve analyses for (B) 24-month and (C) 60-month overall survival. Across multiple clinically relevant threshold ranges,
the combined IPI + RScore-Expr model yielded higher net benefit than either model alone. (D) Calibration plot comparing mean predicted and observed KM
60-month survival probabilities in the discovery cohort. AIC, Akaike information criterion; IPI, International Prognostic Index; KM, Kaplan-Meier.

indicating a consistent trend toward worse survival with higher
RScore-Expr, although none of the individual cohort-specific
estimates reached statistical significance. The strongest
trends were observed in GSE10846 (HR per 1 SD, 1.27,
95% CI, 0.98-1.65; P=0.0733) and GSE32918 (HR, 1.17; 95%

CI, 0.99-1.38; P=0.0629), whereas the effect was minimal
in GSE31312 (HR, 1.01; 95% ClI, 0.87-1.17; P=0.9302) and
directionally similar but less precise in GSE87371 (HR, 1.24;
95% CI, 0.93-1.63; P=0.1385). When summarized using a
random-effects meta-analysis, the pooled association for
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OS was statistically significant (HR per 1 SD, 1.13; 95% CI,
1.01-1.26; P=0.0328; Fig. 5A; Table SIV). Fig. 5B shows the
cohort-specific C-index values for OS in the external cohorts,
indicating modest but directionally consistent discrimination
across datasets.

For PFS, the direction of effect was similar across the
cohorts with available data, although neither cohort-specific
estimate reached statistical significance (GSE31312,
P=0.2664; GSE87371, P=0.0528). The pooled random-effects
association also did not reach statistical significance (HR,
1.14; 95% CI, 0.99-1.31; P=0.0716; Table SV). The dichoto-
mized Kaplan-Meier plots shown in Fig. S1 are provided as
complementary visualizations, whereas calibration plots
for the external continuous models are shown in Fig. S2.
Additional supplementary analyses of antigen-processing
and immune evasion-associated genes are summarized in
Tables SV and SVI. The corresponding statistical comparisons,
P-values and Q-values are reported in Table SII.

In the all-cohort analysis, IEAI-high cases showed the
strongest reductions in TAP1 and TAP2, together with lower
CIITA and HLA-A/B/C expression. In the NCICCR-treated
immunochemotherapy discovery cohort (n=234), TAP1
and TAP2 showed the most robust differences, whereas the
remaining genes showed directionally similar but less stable
differences after multiple-testing correction. Cohort-level
mutation and homozygous deletion frequencies of selected
antigen-presentation and immune evasion-associated genes
are summarized in Table SVI as descriptive genomic context.
ESTIMATE-based sensitivity analyses showed that the IEAI
was only weakly inversely correlated with estimated tumor
purity in both the full cohort (Spearman p=-0.142; P=7.7x10"%)
and the discovery cohort (p=-0.160; P=0.014), whereas the rela-
tionship with stromal score was stronger (full cohort: p=0.327,
P=2.25x10"'5; discovery cohort: p=0.370; P=6.8x10") (Fig. S3;
Table SVII). In minimal multivariate Cox models, adding
estimated tumor purity did not materially alter the associa-
tions of the main predictors with OS, and tumor purity itself
was not independently associated with OS (Table SVIII). In a
nested model comparison, a likelihood-ratio test comparing
Cox models with and without tumor purity showed that adding
tumor purity to the minimal OS Cox model did not improve
model fit (x2=0.157, 1 degree of freedom, P=0.6922). The
corresponding gene-level expression patterns are visualized
in Fig. S4.

Discussion

This integrative analysis linked transcriptome-inferred LME
archetypes, tumor genetic subtypes and immune evasion-asso-
ciated programs in DLBCL, and proposed a cross-platform
transcriptomic risk score (RScore-Expr). In the DLBCL-2018
cohort, LymphoMAP archetypes were associated with genetic
subtypes and displayed distinct immune-program patterns.
While archetypes alone were not prognostic in the immu-
nochemotherapy-treated subset, an integrated model yielded
a risk score with moderate internal discrimination, added
value beyond IPI and a statistically supported, albeit modest,
association with survival across four external cohorts.

The biological associations between genetic subtype and
microenvironment state remain plausible. ABC-type DLBCL

A
GSE10846 - l—:‘—.—l 1.27 (0.98-1.65), P = 0.0733
GSE31312 A —@— 1.01 (0.87-1.17), P = 0.9302
GSE32918 - —e— 1.17 (0.99-1.38), P = 0.0629
GSE87371 1 '—:'—.—l 1.24 (0.93-1.63), P = 0.1385
Pooled —— 1,13 (1.01-1.26), P = 0.0328
; 1= 18.7%
1.0 15 2.0 2.5
Hazard ratio per 1 SD increase in RScore-Expr
B
I
1
GSE32918 : ® 0571
1
l
GSE10846{ | ® 0563
1
1
\
GSE87371 . ® 0541
I
|
GSE31312 | ® 0519
!
0.50 0.52 0.54 0.56 0.58 0.60
C-index

Figure 5. External validation of RScore-Expr across independent Gene
Expression Omnibus cohorts. (A) Forest plot summarizing cohort-specific
and pooled hazard ratios for overall survival per 1 SD increase in
RScore-Expr across four external cohorts. The pooled random-effects esti-
mate was 1.13 (95% confidence interval 1.01-1.26; P=0.0328), with 1°=18.7%.
(B) Cohort-specific C-index values for overall survival in the external
cohorts, showing modest but directionally consistent discrimination. SD,
standard deviation.

and MCD tumors are frequently characterized by chronic
active B-cell receptor signaling and oncogenic MYDS88
signaling, which can shape inflammatory cytokine production
and immune interactions (10,32,33). These pathways are thera-
peutically actionable; an early-phase study of Bruton tyrosine
kinase inhibition (ibrutinib) demonstrated the feasibility of
molecularly informed targeting in DLBCL, and motivate
integration of tumor-intrinsic and microenvironmental
biomarkers (34).

Across the full cohort, the LN archetype exhibited the
lowest IEAI, whereas FMAC showed the highest values
and TEX overlapped substantially with LN, indicating that
the IEAI is related to, but not equivalent to, categorical
LymphoMAP labels. The IEAT used in the present study was
designed to summarize opposing immune forces by contrasting
exhaustion/myeloid suppression/TGF-f3 activity with antigen
presentation and cytolytic programs; TEX remains biologi-
cally consistent with a TEX state, a well-characterized form
of T-cell dysfunction arising from persistent antigen stimula-
tion and inhibitory receptor signaling (35). Cytolytic activity
signatures have been linked to tumor immunogenicity and
immune engagement across multiple cancer types, including
melanoma, lung cancer and colorectal cancer (36).

Inferring LME states from bulk transcriptomes is neces-
sarily indirect. Nevertheless, prior work has shown that
bulk expression contains sufficient information to estimate
immune and stromal composition; for example, deconvolution
approaches such as CIBERSORT enable robust enumeration of
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cell subsets from tissue expression profiles (37). In the current
ESTIMATE-based sensitivity analyses, the IEAI showed only
a weak inverse correlation with estimated tumor purity in both
the full cohort (p=-0.142) and the discovery cohort (p=-0.160),
whereas the relationship with stromal score was stronger
(p=0.327 and 0.370, respectively), supporting that IEAI reflects
bulk microenvironment composition rather than purity alone.
Moreover, adding tumor purity to the minimal OS model did
not materially alter the estimated effects of the main predic-
tors, and tumor purity itself was not independently associated
with outcome. The FMAC archetype, in particular, may reflect
fibroblast-macrophage interactions. and stromal remodeling
that can physically and functionally restrict effector lympho-
cyte infiltration. Notably, TGF-f} signaling can contribute to
immune exclusion and attenuate responses to PD-1 or PD-L1
blockade by limiting T-cell access to tumor nests (38). These
mechanistic considerations align with the cancer-immunity
cycle framework, where impairments in antigen presentation,
priming, trafficking and effector function can converge to
create immunologically ‘cold’ or resistant phenotypes (39).
Although RScore-Expr improved risk stratification in the
discovery cohort, external validation highlighted a common
challenge for transcriptome-derived prognostic models: Effect
sizes are often attenuated across heterogeneous cohorts and
measurement platforms. Therefore RScore-Expr was evalu-
ated as a continuous predictor (per 1 SD increase) and the
results were summarized by inverse-variance random-effects
meta-analysis to account for between-cohort heterogeneity.
Meta-analytic approaches provide a principled framework
to combine cohort-specific HRs and to quantify heteroge-
neity (40,41). The modest pooled HR observed in the current
study suggested that RScore-Expr may capture a component
of risk that is reproducible but not dominant, consistent
with the fact that outcome under R-CHOP is influenced by
multiple factors, including IPI-related clinical risk, COQO,
genetic subtype, and other host- and disease-related features.
Several considerations are important for interpretation. First,
median-splitting the score within individual cohorts did not
consistently yield statistically significant separation, despite
directionally consistent trends. This is expected because
dichotomizing continuous predictors can reduce statistical
power and obscure risk gradients, particularly when cohort
sizes are modest and baseline risk differs across datasets (42).
Second, the treated subset used for model development was
of moderate size, and the model may still be susceptible to
overfitting despite regularization. General guidance on
multivariate prognostic modeling emphasizes careful internal
validation, calibration assessment and the need for external
validation before clinical application (43). The current study
followed TRIPOD reporting principles to facilitate trans-
parent interpretation and replication (30). A limitation of the
current study is that direct sample-to-sample concordance
testing against the original published LymphoMAP calls was
not performed, and pretreatment tumor transcriptomic data
from CAR T-treated DLBCL were not available for valida-
tion. Biologically, the present results support the view that
immune evasion-associated programs and microenvironment
remodeling are integral components of malignant progression.
Expression analyses in IEAI-high cases highlighted reduced
TAP1/TAP2 and related antigen-processing signals, supporting
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an immune evasion-associated transcriptional phenotype.
However, publicly available appendix-level genomic summa-
ries did not allow direct sample-level enrichment testing of
HLA/B2M-related lesions by IEAI status. Immune evasion
and tumor-microenvironment crosstalk are increasingly
recognized as enabling capabilities in cancer biology (44).
In the era of immunotherapy, immune evasion-associated
programs, impaired antigen-processing/presentation signals
and tumor-microenvironment crosstalk may also help explain
interpatient variability in response to emerging strategies
in lymphoma. Immune checkpoint blockade has become
a central modality in cancer therapy and is being actively
explored in aggressive lymphoma, particularly in rational
combinations (45).

Future work should focus on prospective validation and
on refining the score for clinical deployment, including robust
cross-platform normalization, harmonized endpoint defini-
tions and incorporation of additional modalities (for example,
circulating tumor DNA, spatial profiling or single-cell data).
Notably, any clinical implementation should preserve the
continuous nature of the score and pre-specify cutpoints to
avoid optimistic bias. Dedicated validation in pretreatment
tumor-bulk datasets from CAR T-treated DLBCL would
be particularly valuable. The broader field of checkpoint
blockade and combination immunotherapy continues to
evolve, and integrating microenvironment archetypes with
tumor genetics may help guide personalized immunomodu-
latory approaches (46).

In conclusion, LymphoMAP archetypes were revealed
to be biologically linked to DLBCL genetic subtype struc-
ture and to an immune evasion-associated transcriptional
axis, but were not independently prognostic in the treated
subset. The novelty of the current study lies in integrating
microenvironment archetypes, an immune evasion-asso-
ciated transcriptional index, genetic subtypes and clinical
variables into a single cross-platform transcriptomic risk
model that was externally evaluated across independent
cohorts and benchmarked against IPI. This integrated frame-
work identifies a modest but reproducible risk signal and
provides a more interpretable basis for future molecular risk
stratification in DLBCL.
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