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Tools for molecular pathology in lymphoma diagnostics

• PCR
• Karyotype
• FISH – CISH (cell suspension/FFPE)

• Array CGH
• NGS
• NIPT

• SNP array
• Expression array (GEP)
• Nanostring nCounter
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Role 2. Biomarker detection

Immunophenotypic biomarkers
+ On neoplastic cells: 

CD30, BCL2, MYC, p53, CyclinD1, …
Immunophenotypic algorithms

+ Microenvironment-related markers

Genetic and epigenetic alterations
-> Molecular prognostic models

BIOMARKERPREDICTIVE

PROGNOSTIC
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Current diagnosis of DLBCL (WHO 2017)

Aggressive mature B-cell 
lymphomas

Specific entities: 
PMBCL, PCNSL, 
THRLBCL, BL…
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M. Shipp (Chapuy et al. Nat Med. 2018 May; 24(5): 679–690)

• 5 subsets
• 2 distinct ABC-subsets:

• C1: low-risk ABC-DLBCLs
• C5: 18q gain, mutations in CD79B +/- MYD88

• 2 distinct of GCB-subsets with targetable alterations
• C3: poor risk with BCL2 SVs and alterations 

of PTEN and epigenetic enzymes 
• C4: good-risk with alterations in BCR/PI3K, JAK/STAT 

and BRAF pathways and multiple histones
• C2: An COO-independent group with biallelic

inactivation of TP53, CDKN2A loss

L. Staudt (Schmitz et al. NEJM 2018; 378:1396-1407)

• 4 prominent genetic subtypes in DLBCL
• N1 (NOTCH1 mutations)
• BN2 (BCL6 fusions & NOTCH2 mutations)
• MCD (MYD88L265P + CD79B mutations)
• EZB (EZH2 & BCL2 translocations)

• rely on “chronic active” B-cell receptor signaling that is 
amenable to therapeutic inhibition.

Molecular DLBCL prognostic models based upon NGS

favorable

unfavorable
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Chapuy
Identification of groups of tumors with coordinate genetic signatures.a, Non-negative matrix factorization consensus clustering was performed using all CCGs, SCNAs and SVs in the 304 DLBCL samples (columns). Clusters C1-C5 with their associated landmark genetic alterations are visualized (boxed for each cluster). Samples without driver alterations are represented as Cluster C0. Genetic alterations that are positively associated with each cluster are identified by a one-sided Fisher test and ranked by significance (q<0.1, green line, bar graph to the right). Non-synonymous mutations, black; synonymous mutations, gray; single CN loss (1.1 ≤ CN ≤1.6 copies), cyan; double CN loss (CN ≤ 1.1), blue; low level CN gain (3.7 copies ≥ CN ≥ 2.2 copies), pink; high grade CN gain (CN ≥ 3.7 copies), red; chromosomal rearrangement, green; no alterations, white; gray-crossed, not assessed. Header shows cluster association (C0, gray; C1, purple; C2, blue; C3, orange; C4, turquoise; C5, red), COO classification (ABC, red; GCB, cyan; unclassifiable, yellow; not assessed, gray), TCHRBCL cases (black, yes; white, no), and testicular involvement (black, yes; white, no; gray, na). Outcome-associated alterations that are not part of a specific cluster, SVs of MYC and 18q21.33 copy gain are shown below.

Schmitz

Panel A shows the distribution of gene-expression subgroups within genetic subtypes, termed MCD (based on the co-occurrence of MYD88L265P and CD79B mutations), BN2 (based on BCL6 fusions and NOTCH2 mutations), N1 (based on NOTCH1 mutations), and EZB (based on EZH2 mutations and BCL2 translocations). Panel B shows the distribution of genetic subtypes within gene-expression subgroups. In Panels A and B, the number of cases of DLBCL is shown in parentheses. Panel C shows the predicted prevalence of the indicated DLBCL subsets in a population-based cohort.9
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Spectrum of TME in lymphoma

Scott & Gascoyne. Nature Reviews Cancer volume 14, pages517–534(2014)

Recapitulating normal
architecture

Effacing underlying
architecture

Prominent
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The figure depicts the typical microenvironment of the three B cell lymphoma subtypes that represent the extremes of the spectrum of tumour microenvironment — 'recruitment', 're-education' and 'effacement'. These lymphoma subtypes represent the range of tumour cell content, ranging from ∼1% in Hodgkin's lymphoma to typically more than 90% in Burkitt's lymphoma (BL). The other B cell lymphomas fall within this range, as shown for the most common B cell lymphomas (centre). Typically, the ratio of malignant cells to microenvironmental cells increases across the range, from classical Hodgkin's lymphoma to BL, as shown. DLBCL, diffuse large B cell lymphoma; FOXP3, forkhead box protein P3; HRS, Hodgkin Reed–Sternberg; MALT, mucosa-associated lymphoid tissue; MCL, mantle cell lymphoma; TFH, follicular T helper; TH, T helper; TFR, follicular regulatory T.



Interaction between lymphoma cells and TME

Höpken et al. 2019, 5(6): 351-364

• Immunohistochemistry/fluorescence: directly on FFPE slides

• Micro-array based GEP: RNA extraction on fresh frozen

• nCounter Nanostring: RNA extraction on FFPE

• Cibersort: tumor samples profiled by microarray or RNA seq

• MILAN: multiplex IHC on FFPE slides/TMA
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Schematic representation of cHL showing the interaction between HRS cells and their microenvironment through cytokines/chemokine signaling and a summary of microenvironment-related biomarkers for diagnosis and prognosis in lymphomas. Malignant cells and their extracellular context interact with each other dynamically and reciprocally through a variety of cytokines and chemokines secreted or expressed by malignant cells or tumor-infiltrating non-malignant cells in lymphomas, particularly in cHL. Many benign tumor-infiltrating cells that show diagnostic or prognostic significance in lymphomas can be located or numbered through some specific biomarkers detected by immunohistochemistry or gene expression profiling. 
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Model of prediction by combining COO and TME prognosticators on FFPE
• 3 clusters with significantly different outcome

• Intriguingly, the subset of GCB/unclassified cases with a low-expression pattern of TME 
genes (cluster 3) shows poor survival, even comparable to ABC cases

Ciavarella et al. 2018 Ann Oncol. (2018) 29:2363–70 

Individual features of TME can guide response prediction and optimal patient 
selection to novel treatments 
(eg. immune/stromal modulatory drugs as Lenalidomide or Ibrutinib)

      

Cibersort
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https://pubmed.ncbi.nlm.nih.gov/30307529/  Pileri et al. Oncotarget. 2019 Jun 18; 10(40): 3991–3993

A 45-TME-gene panel, derived from CIBERSORT deconvolution, effectively predicts survival of DLBCL patients using formalin-fixed, paraffin-embedded biopsy tissue samples. Its integration with cell-of-origin assignment improves prognostication.

Prognostic subgroups of DLBCL based on microenvironment gene expression. (A) The heatmap depicts the unsupervised hierarchical clustering of 175 DLBCL cases (NanoString technology) and identifies three different clusters according to high (cluster 1), intermediate (cluster 2), and low expression (cluster 3) of all genes in the TME panel. The relative levels of transcripts are indicated according to the color scale. Each row group comprises genes associated to specific tumor-infiltrating cell populations and each column a biopsy sample. Kaplan–Meier curves of OS (B) and PFS (C) show that patients in clusters 1 and 2 have significantly longer OS and PFS than those in cluster 3.

COO/TME combined model for survival prediction in DLBCL. (A) Forest plot of multivariable hazard ratios for OS. Multivariable analysis was adjusted for COO, clusters of microenvironment gene expression and IPI. (B) Kaplan–Meier curves showing OS (left panel) and PFS (right panel) of patients from clinical trial and (C) ‘real-life’ validation cohorts, according to the composite (COO/TME) survival risk model. Patients are assigned to one of the risk subgroups in dependence of their COO and TME categorization, as reported in the exemplificative color panel. High-risk category includes ABC patients belonging to cluster 3; intermediate-risk category comprises ABC patients assigned to cluster 1 or 2, and GCB or unclassified to cluster 3; and low-risk category contains GCB or unclassified cases belonging to cluster 1 or 2. N, number of patient; COO, cell-of-origin; IPI, international prognostic index.




MILAN: Multiple Iterative Labeling by Antibody Neodeposition
• investigation of integrated tissue-based parameters (markers expression, cell types, spatial distribution, 

neighbourhood analysis) in order to identify two types of promising predictors of response to immunotherapy

Cattoretti et al. https://protocolexchange.researchsquare.com/article/nprot-7017/v5

Contact: 
Department of Imaging and Pathology, TCWO lab KU Leuven
Herestraat 49, 3000 Leuven
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Pathologie (of de cellulaire analyse van weefsels) blijft een essentieel hulpmiddel om de juiste diagnose te stellen. De hoeveelheid info die is kan afgeleid worden uit histologische analyses is echter te beperkt en is de afgelopen 50 jaar niet gewijzigd. We stellen voor om een grote sprong voorwaarts te maken in de histopathologie door een geautomatiseerde multiplex-immunohistofluorescentiemethode (MILAN) te introduceren op basis van de high-throughput screening van meer dan 80 biomarkers in slechts één FFPE-weefselsectie met single-cell resolutie. Deze technologie, die gebruikt maakt van beeldanalyse, kan door pathologen en onderzoekers gebruikt worden om fenotypische veranderingen in afzonderlijke cellen van zieke weefsels te onderzoeken aan ongekende resolutie, waardoor het mogelijk wordt om markers te identificeren die gelinkt kunnen worden aan response op therapie. De MILAN-procedure omvat een hybride aanpak waarbij laboratorium- en computationele analyse worden geïntegreerd, die vervolgens als een allesomvattende service zal worden aangeboden. Alle instrumenten voor automatisering van de laboratoriumprocedures zijn onlangs geïnstalleerd (via investeringen van de afdeling pathologie, KUL-LRD en LKI) en zullen ons in staat stellen enorme hoeveelheden gegevens te genereren. Echter, voor de daaropvolgende computationele analyse van de resulterende beelden missen we nog de vereiste tools en flexibiliteit om maximale data-extractie en interpretatie te doen – zeker om het als commercieel product aan te bieden. Daarom hebben we onze eigen softwaretools ontwikkeld (oa. adhv artificiele intelligentie) die zijn afgestemd op het verwerken en analyseren van beelden van hoge kwaliteit, waardoor we veel verder kunnen gaan dan het louter meten van expressie levels van markers. Proof-of-concept van deze aanpak werd reeds bekomen (bijvoorbeeld multiplex-gebaseerde voorspelling van immunotherapie-respons bij melanoom), maar de pipelines en gebruikersinterface kunnen nog niet overweg met de vereiste doorvoer, automatisering, snelheid en kwaliteit die nodig is om deze next-generation pathologiediensten aan (inter-)nationale onderzoekers en bedrijven aan te bieden. Dit project zal zich daarom concentreren op de automatisering en optimalisatie van de speciale software-algoritmen en gebruikersinterface waarmee stakeholders complexe ziektetoestanden en biomarkers met ongekende resolutie zullen kunnen interpreteren.



19 MILAN immune panel

Transform immunotherapy
treatment decisions by AI-
powered TME-modeling



TME in PCNSL

Marcelis et al. Cancer Immunol Immunother. 2020 Sep;69(9):1751-1766

1. CD8+ Cytotoxic T-cells are important in TME 
• Large variation between samples
• High absolute counts have a positive impact on 

survival
2. Simple cell counts such as CD163+ histiocytes cells 

fail to capture the complexity of the microenvironment
• High ratio of M1-like over M2-like cells did predict 

better survival
3. Potential impact of TME on immune checkpoint

therapy in CNSL
• Large heterogeneity in functional status of Tcells
• Expression of other immune checkpoint therapy 

targets such as TIM3

Anti-tumor immunity
M1-macrophages
• CD68+/CD163-

Pro-tumor immunity
M2-macrophages
• CD68+/CD163+
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Marcelis et al. Cancer Immunol Immunother. 2020 Sep;69(9):1751-1766. doi: 10.1007/s00262-020-02575-y. Epub 2020 Apr 25.
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Role 3. Therapeutic decision making : targeted therapeutics

1. Surgery
2. Radiotherapy
3. Chemotherapy
4. mAbs
5. Small molecule inhibitors
6. Immune checkpoint inhibitors
7. BiTE
8. Adoptive cell transfer

Crisci et al. Front. Oncol., 04 June 2019
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BITE BiTE is short for "bispecific T cell engager". BiTEs are antibodies with two arms. One arm of the drug attaches to a specific protein on the tumor cell. The other arm of the BiTE activates immune cells in the patient to kill the cancer cells.



Anti-CD MoAbs
CD20: rituximab
CD30: brentuximab
CD38: daratumumab
CD52: alemtuzumab

CD19-targeted 
chimeric antigen receptor 
(CAR) T-cell therapy:
tisagenlecleucel

Immune checkpoint inhibitors
CTLA-4 : ipilimumab
PD1-PDL1: nivolumab/pembro

Bidirectional
T-cell Engagers:
CD3/CD19
CD3/CD20

Small molecule
inhibitors

Crisci et al. Front. Oncol., 04 June 2019

Monoclonal Antibodies Small molecule inhibitors
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https://www.frontiersin.org/articles/10.3389/fonc.2019.00443/full

Therapeutic mABs target specific antigen molecules, such as extracellular growth factors and transmembrane receptors. In some cases, mABs are conjugated with radioisotopes or toxins to allow the specific delivery of these cytotoxic agents to the tumor cell target. In general, the mechanisms that allow therapeutic antibodies to inhibit growth or kill cancer cells fall into two categories: immune-mediated mechanisms as antibody-dependent cell cytotoxicity (ADCC), and complementary cytotoxicity (CDC), and mechanisms that interfere with tumorigenesis pathways (e.g., triggering apoptosis, inhibiting cell proliferation or blocking of angiogenesis) (25).
The currently approved mAbs for Lymphomas are categorized in four groups the efficacy of (i) anti-Cluster of differentiation (CD) mAbs; (ii) immune checkpoint inhibitors; (iii) chimeric antigen receptor (CAR) T-cell therapy; and (iv) bispecific antibodies.


Immune checkpoint blockers may re-educate cells in the microenvironment, restoring chemokine and cytokine signaling as well as expression of checkpoint proteins (56, 60–66). They are able to block the cytotoxic T lymphocyte-associated antigen 4 (CTLA-4) and programmed death 1 (PD-1) pathways. PD-1 is an important receptor of the immune checkpoint expressed on activated T cells (67). In recent years, interest in the inhibition of PD-1 in combination with other therapies has increased in the hope of generating a synergistic anti-tumor effect. CTLA-4 is a co-inhibitory receptor expressed primarily in the cytoplasm of inactive naïve T cells. Upon antigen stimulus, CTLA-4 is mobilized to the T cell surface and binds with its ligands CD86 and CD80, causing down-regulation of T cell activation (68–71).

CAR T cells are autologous T lymphocytes genetically modified to bind to specific antigens present on cancer cells. As a result of the binding of CAR T cells to a neoplastic cell, the signaling domains stimulate cytokine secretion, cytolysis of the tumor cell, and T cell proliferation.

Bispecific antibodies (bs-mAbs) are engineered antibodies able to bind two antibodies in a unique molecule and gain the capacity to target diverse epitopes simultaneously. The Bs-mAbs mechanism is analogous to the CAR-T cells, but unlike the latter, the bs-mAbs are “ready to use” drugs 



Targetable mutations in DLBCL

• GCB ABC

Pasqualucci et al. Blood . 2018 May 24; 131(21): 2307–2319
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Disrupted signaling pathways in GCB-DLBCL. Genetic lesions preferentially associated with GCB-DLBCL include (i) chromosomal translocations of BCL2 (up to 35% of cases) and/or MYC (∼10% of cases), which lead to their ectopic expression in part by allowing them to bypass BCL6-mediated transcriptional repression; (ii) truncating mutations of the TNFRSF14 receptor, leading to weakened T-cell responses; (iii) gain-of-function mutations of EZH2 (∼20% of cases), which induce transcriptional silencing of various antiproliferative and tumor suppressor genes, including targets common to BCL6 (eg, CDKN1A and BLIMP1); (iv) point mutations in the BCL6 autoregulatory sequences (10% of cases). In addition, loss of PTEN expression is observed in as many as 55% of cases, as a consequence of genetic deletions (15%) and amplifications of miR17-92 (29%), resulting in activation of the PI3K/Akt/mTOR signaling pathway. Targeted agents currently in clinical trial (or, for BCL6, demonstrating activity in preclinical settings) are shown in red.
ABC-DLBCL is defined by multiple genetic alterations that fuel malignant transformation by sustaining constitutive NF-κB activity downstream of the BCR and TLR, while blocking terminal B-cell differentiation. Genes directly targeted by these lesions are shown in blue (inactivation) and red (deregulated expression/activity), and symbols at the bottom denote gain-of-function and loss-of-function events. Upstream inhibitors of the BCR, PI3K, and NF-κB signal transduction pathway have shown promising effects in early clinical trials involving ABC-DLBCL patients. Modified from Pasqualucci and Dalla-Favera135 with permission



Future workup of DLBCL, NOS
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Take home messages

• Shift: from purely diagnostic to a role in prognostication and therapeutic decision-making
• Tools shifted from light microscope and IHC panels over a DNA/RNA based molecular workup to

an integrated computational approach
• For routine diagnostics:

• Know your pathologist as it requires expertise and the appropriate tools
• Balance between cost, TAT, efficacy: surrogate IHC markers available
• access to an extended IHC panel, PCR, FISH

• For future: access to digital pathology and AI-powered tools for TME/COO modeling

• ‘If tumor is the rumor, the issue is tissue’: excisional biopsy is standard… for primary diagnostics
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