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ABSTRACT 

 

Endemic Burkitt lymphoma (eBL) is the leading pediatric cancer in sub-Saharan Africa 

and is associated with Epstein-Barr virus (EBV) and Plasmodium falciparum malaria co-

infections. Current treatment options in Africa are combination chemotherapy with a 

survival rate hovering around 50%. Relapsed or refractory eBL patients have failed to 

receive any targeted treatments in the clinic. Our focus was to delineate immune 

responses in eBL, interrogate the tumor variation in responses to targeted treatments and 

develop mouse models that can be used to target essential mediators of tumor 

pathogenesis.  

 

Immune-based treatments including immune checkpoint inhibition have recently become 

an effective therapeutic modality in oncology. However, some B cell lymphomas such as 

Hodgkin Lymphoma (HL), are more receptive to checkpoint inhibition than others 

suggesting a need to understand the efficacy of checkpoint inhibition on different 

lymphoma subtypes. Checkpoint inhibitors act by blocking inhibitory receptors on T cells 

and improving anti-tumor responses. One of the goals of this thesis, was to characterize 

checkpoint inhibitors on Tumor infiltrating lymphocytes (TILs) in eBL tumors and to 

identify T cell subsets that exhibit increased expression of inhibitory receptors, poor 

cytokine production, poor proliferation and express transcription factors associated with 

exhaustion. Using scRNA seq, we identified T cell cluster that co-expressed inhibitory 

receptors, poor proliferative markers but also sustained costimulatory signals, as well as 

cytokine expression suggesting a pre-dysfunctional state and not terminally exhausted 
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state. Furthermore, we quantified the dominant co-inhibitory receptors PD1 and TIGIT 

that are upregulated in the tumor microenvironment via immuno-histochemistry (IHC) and 

in peripheral blood of eBL patients via flow cytometry. We compared eBL patients with 

healthy pediatric cohorts with a history of persistent malaria exposure to those who had 

little to no malaria infections, to understand uniquely T cell mediated responses in BL 

children. Tumors had high co-expression of PD1 and TIGIT but fewer PD1 only 

populations, suggesting that both ligands may play a role in restraining immune activation. 

Next, we investigated if PD1 ligands or TIGIT ligands were overexpressed in eBL tumors. 

Nectin-2, TIGIT ligand was highly expressed in eBL tumors but was not highly correlated 

with TIGIT expression. These studies provide pre-clinical insights for the potential of PD1/ 

TIGIT blockade to improve outcomes for eBL patients.  

Additionally, we established new patient-derived cell lines from eBL tumors to study tumor 

variation and to study targeted treatments. We established five new patient-derived eBL 

lines BL717, BL 719, BL720, BL725 and BL740 that were interrogated for their inter-

patient variation by studying their gene expression profiles. Further, we developed a 

patient cell-line derived xenograft (CDX) mouse model by injecting newly patient-derived 

BL cell lines in immunodeficient mice (NSG BL) and studying tumorigenesis. Having 

successfully established NSG BL tumors, we observed differences in tumor growth 

sensitivity and survival. We tested rituximab efficacy, one of the most established 

treatments for B cell lymphomas in our mouse model. We also identified pathways 

associated with unfolded protein response (UPR) and the mammalian target of rapamycin 

(mTOR) signaling, as well as apoptosis in one of the cell line xenografts, BL740, in 

response to rituximab. BL717, BL720 cell line xenograft failed to control tumor growth and 
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was enriched in IFN-ɑ signature genes. This mouse model will prove to be useful to study 

combination therapy against eBL tumors as well as mechanisms of resistance to drug 

targets.  

 

Collectively, these studies provide insights into inter tumor variation including subtypes 

during tumor progression and expression profiles of TILs in eBL tumors. This will be 

important in designing new therapeutic strategies as well as help pose novel therapeutic 

targets.  
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CHAPTER I 

INTRODUCTION 

1.1 Endemic Burkitt lymphoma overview 

Burkitt lymphoma (BL) was first described over 60 years ago and has been called the 

Rosetta Stone of viral-associated cancers since the discovery of Epstein-Barr virus (EBV) 

in BL tumor cells in 1964. The incidence, clinical presentation and epidemiology of this 

cancer has not changed over the years. However, survival rates vary dramatically 

between endemic BL (eBL) diagnosed in Equatorial Africa and sporadic BL (sBL) 

diagnosed in developed countries, even after controlling for stage at diagnosis and 

access to care. Recent advances in molecular methods that reveal viral and oncogenic 

gene expression signatures and host mutational profiles are improving our understanding 

of BL pathogenesis and treatment responsiveness. 

1.1.1 History of eBL and discovery of EBV  

Endemic BL is an aggressive pediatric B cell lymphoma that was first described by an 

Irish surgeon, Denis Burkitt in 1958 in Ugandan children, presenting with solid jaw and/or 

abdominal tumors.1 Dr. Burkitt and colleagues mapped the incidence of this lymphoma to 

be highest around the equator, in what is now referred to as the  “lymphoma belt” of Africa. 

More detailed geographic examination identified an association between eBL incidence 
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and lower altitudes and high rainfall which led to suggesting Plasmodium falciparum 

malaria as a risk factor.2

 

Dr. Burkitt presented his findings at the Middlesex Hospital in London in 1961 which led 

to a collaboration with Anthony Epstein, a young virologist in the audience, and the 

establishment of one of the first human lymphoid cell lines leading to the monumental 

discovery of the first human virus-associated cancer in 1964, which now bears his name 

along with colleague Dr. Yvonne Barr.3  This led to a flurry of discoveries involving EBV. 

EBV became the first virus to be identified by electron microscope in BL tumors without 

evidence of viral function such as PCR of viral genes.4   In 1965, Drs. Gertrude and 

Werner Henle validated the presence of EBV by infecting BL cell lines with VSV (vesicular 

stomatitis) and finding them to be resistant to viruses as they were already infected with 

EBV.5  Furthermore, they developed a fluorescent antibody against EBV in 1966 

demonstrating that EBV is widespread within the sera of 87% of African BL patients but 

also in sera from healthy African children.6 In 1978, epidemiological evidence supporting 

a causal relationship between EBV and eBL in a 7-year Ugandan cohort study found that 

children with high IgG antibody titers to viral capsid antigen (VCA) were at higher risk of 

developing eBL.7  Below is a map showing malaria endemicity in darker green areas and 

BL patients as red dots, from a 10 year epidemiological survey in Kenya.8  This clearly 

demonstrates the prevalence of BL cases in malaria holoendemic areas.  
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Figure 1.1: Map showing malaria endemicity and prevalence of BL diagnosed 

cases in western Kenya. This image was reproduced from 8 with permission to use in 

this thesis. Figure shows a map of western Kenya looking at BL incidence (red dots) 

alongside malaria incidence (Green intensity corresponds to malaria incidence) based 

on data collected from patients 2003 to 2011.  

 

BL incidence has diminished in areas with interventions, including bed nets that can 

control the intensity of malaria transmission.9  

1.1.2 Epidemiology of BL  

Based on histologic methods that found identical lymphomas throughout the world, BL 

was classified into 3 categories based on geographical location of diagnosis and 
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incidence: (1) endemic BL which is diagnosed in Africa and Papua New Guinea, (2) 

sporadic BL diagnosed in developed countries, and later (3) immunodeficiency-

associated BL (ID-BL) has been described in HIV and organ transplant recipients.10  

Replication studies have shown the annual incidence of eBL in Equatorial Africa to be 

approximately 2.4 per 100,000 children.11–13 In contrast, the annual incidence of sBL is 

10-fold lower at 2.5 cases per million adults and 4 cases per million in US children.14 

Sporadic BL tumors are the most common type of childhood cancer in non-Hodgkin 

lymphoma (NHL) outside of Africa, mostly localized to Europe and North America. ID-BL 

was identified during the HIV/AIDS epidemic as an AIDS-defining malignancy with an 

incidence of 22 per 100,000 HIV cases in the US and is mostly seen in adults.15  Endemic 

BL tumors are typically more common for male as opposed to female children (Male: 

female ratio = 2.3).16 The median age of eBL diagnosis is 7 years compared to 30 years 

for sBL which presents in adolescents and young adults. The median age of ID-BL is 10-

19 years.16  Epstein-Barr encoding region (EBER) in situ hybridization is the method of 

choice17 for the diagnostic detection of EBV in tumor cells, revealing that eBL tumors are 

>90% and sBL are ~ 30% EBV-associated,  ID-BL is 25-40% EBV-associated.2,11 

1.1.3 Clinical presentation and diagnostic features of BL  

BL is a solid, rapidly growing tumor and therefore tends to be easier to diagnose with a 

simple physical exam and history. Most parents report rapid disease progress within 

months and therefore eBL is diagnosed earlier than indolent tumors. The clinical 

presentation of eBL tumors is extra nodal (children) and is seen in either jaw (50%) or 
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abdomen. About 20% of eBL patients have central nervous system (CNS) involvement, 

in contrast to sBL where 5-40% have CNS disease.16  

 

The WHO classification of BL was also established based on cell morphology and lineage 

markers that distinguished BL tumors from other closely related B cell lymphomas such 

as Diffuse large B cell lymphoma (DLBCL). Microscopically, BL tumors have small round 

cells interspersed with macrophages resembling a star in a sky of B cells (Figure 1.2).  A 

histologic classification of BL is based on B cell surface and intracellular markers, 

including the expression of CD45+, CD20+, CD10+, BCL6+ and lacking BCL2-, CD5- with 

high proliferation index denoted by the high frequency of Ki-67+ cells (>95%).18 The 

hallmark feature for diagnosing BL is a MYC translocation (8q24), leading to its 

overexpression.19,20  MYC is a key transcriptional factor involved in metabolism and cell 

cycle. MYC is a proto-oncogene that is deregulated in > 50% of human cancers due to 

deletions, rearrangements, or mutations.21 Over 90% of BL tumors carry the characteristic 

t(8;14) translocation which places C-MYC onto the immunoglobulin heavy chain locus 

(IgH) (chromosome 14). In the remaining cases, t(8;22), t(2;8) MYC translocates to one 

of the light chain loci (κ and ƛ; chromosome 2 or 22).22  In 2016, WHO revised the BL 

classification by including the transcription factor, TCF3 or its inhibitor ID3 (Inhibitor of 

DNA binding 3), where mutations were observed in more than 70% of BL cases, as well 

as Burkitt-like lymphoma that is similar but lacks MYC rearrangement.23  BL tumors are 

highly aggressive with high proliferation rates, and poor outcomes have been attributed 

to diagnosis delays, poor availability of chemotherapy, genetic mutations and treatment-

related toxicities. Specific genetic alterations in B cell lymphomas such as DLBCL tumors 
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can predict a poor response to current immunochemotherapy and the mutations are 

enriched in immune evasion genes.24  A study focused on risk factors and patient 

outcome found dosing-associated toxicity with cyclophosphamide and doxorubicin.8  

 

Figure 1.2: eBL tumors showing tumor cells interspersed with cytoplasmic 

staining interspersed with macrophages. H&E staining showing B lymphocytes in 

purple with some macrophages interspersed in the tumor sections. CD20 staining 

(brown) displaying strong CD20 positivity in eBL tumors. 

 

Tumor staging is used as a prognostic indicator and is determined by the number and 

anatomic location of disease sites, as well as involvement of bone marrow and CNS. The 

Ann Arbor staging system for NHL has 4 stages25 and can be determined from a simple 

physical examination of the patient. Stage Ⅰ involves one organ outside of the lymph 

node/ or lymph node (localized). Stage Ⅱ involves two or more lymph nodes close to 

each other. Stage Ⅲ involves lymph nodes above and below the diaphragm (neck, chest, 

abdomen). Stage Ⅳ involves widespread disease, multiple organs liver, bone marrow 
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and cerebrospinal fluid.26 The Murphy/St. Jude’s staging system for pediatric NHL also 

has four stages and is determined by the number and anatomic sites and involvement of 

bone marrow and the CNS. However, Stage Ⅱ is limited to inclusion of gastrointestinal 

tumors that can be completed resected, whereas Stage III includes other abdominal 

organs correlating with worse prognosis.27  Blood tests are also used as prognostic 

indicators. High glycolytic activity is an important aspect of cancer metabolism and lactate 

dehydrogenase (LDH) is a non-specific surrogate of tumor burden and cell death. Higher 

LDH levels observed in children diagnosed with eBL are associated with lower survival 

rates.8   

1.1.4 Molecular profiling of BL tumors  

Due to advances in molecular techniques, tumors were further differentiated by defining 

key oncogenic features. By comparing the global gene expression profiles of 44 sBL 

cases with more than 200 B-NHL cases, Hummel et al28 arrived at the molecular signature 

containing 58 genes that differentiated these two types of B cell lymphomas. Some of the 

key genes in eBL tumors with relevant driver mutations affecting tumorigenesis were 

TCF3, ID3 and MME (CD10). We already knew MYC as the main gene targeted in eBL 

tumors, but apart from MYC, there are three additional gene signatures that distinguish 

BL from closely related DLBCL via microarrays. Using supervised classification, they 

trained a classification algorithm with high sensitivity and robustness based on gene 

expression of known BL cases (N=45). Using hierarchical clustering, the Burkitt 

lymphoma classifier genes revealed clusters termed molecular BL (mBL) gene 

signatures. This mBL gene signature was compared with 223 cases of DLBCL. NF-kB 
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target genes and Major histocompatibility complex (MHC) class I genes are expressed at 

higher levels (2 fold) in DLBCL tumors whereas germinal center B cell signatures were 

relatively high (2 fold) in BL tumors compared to DLBCL.29  Some of other features that 

are used for diagnosis of DLBCL via pathologists are BCL-2 positivity, CD10 positivity, 

presence of t(14;18), and a Ki-67 staining less than 95%.30  

 

Recently, seminal studies delved deeper into studying driver mutations comparing sBL to 

eBL tumors.31–33  In 2017, Kaymaz et al identified three key differences between eBL and 

sBL tumors via RNA-sequencing; 1) decreased expression of key genes in 

immunoproteasome. Proteasome pathway inhibitors such as bortezomib can 

downregulate MYC expression in BL tumor lines.34  2) Pathways that were differentially 

expressed between eBL and sBL were highly associated with Phosphatase and tensin 

homolog (PTEN), Phosphoinositide 3-kinase (PI3K), or The mammalian target of 

rapamycin (mTOR) signaling. These pathways play a crucial role in cell proliferation, 

metabolism and survival and are dysregulated in many B cell cancers, including BL35 and 

can play a role in chemotherapeutic resistance. 3) More mutations prevalent in eBL 

tumors infected with EBV type 1, compared to eBL tumors infected with EBV type 2.31 

This suggests different pathways involved in EBV type 1 vs type 2 tumorigenesis and 

therapies targeting these tumors need to include it as a factor affecting responses.  

Panel et al studied the 3 subtypes of BL (including ID-BL) and identified 72 driver genes 

by using whole genome sequencing.33 Their data suggested EBV infection was highly 

associated with mutational load. sBL and ID-BL had similar genetic profiles whereas eBL 

tumors had more frequent mutations in BCL7A and BCL6.  All 3 subtypes of BL had ID3 
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mutations and showed evidence of ID3 dependence for MYC tumorigenesis. This was 

followed up by Grande et al, 2019,  who found higher genome-wide mutation burden in 

EBV-positive endemic tumors and attributed it to defective DNA mismatch repair and 

aberrant activation-induced cytidine deaminase (AICDA) activity.32  Contrary to Grande 

et al, Yasin et al found fewer host mutations in EBV+ tumors. Functional implications of 

these studies have not been fully explored. Gene expression/genomic studies highlight 

our ability to further classify BL tumors by host mutational landscapes and EBV 

involvement that underlie tumorigenic mechanisms. Despite the wealth of studies, there 

is a lack of consensus on how EBV drives different mutations among the subtypes of BL 

tumors.  

1.2 Role of Epstein-Barr Virus in lymphoma 

EBV is a gamma herpesvirus that infects almost 95% of adults worldwide resulting in 

persistent lifelong latency but is typically an asymptomatic infection. However, EBV 

causes ~1-2% of all human cancers with an incidence of 200,000 new cases per year 

worldwide.36 EBV is associated with epithelial cancers such as gastric carcinoma, as well 

as B cell lymphomas such as BL, DLBCL and Hodgkin’s lymphoma (HL), apart from 

lymphoproliferative disorders in immunocompromised individuals.37 In high-income 

countries (HIC), EBV seroprevalence by age shows that it’s 30% at age group of 1-5 

years, and 70% by 19 years which can present as  acute infectious mononucleosis (AIM) 

leading to expansion of EBV infected B cells and T cell activation.38  Conversely, 90% of 

children are infected with EBV within the first year of life in low-and-middle-income 

countries (LMIC) in Sub-Saharan Africa (SSA).39  The etiology of eBL is considered 
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unique in that early age EBV infection compounded by repeated co-infections with P. 

falciparum malaria during childhood40, leads to poor control of EBV, as demonstrated by 

high viral loads41 and thus amplifies the risk of eBL tumorigenesis. 

 

1.2.1 EBV infection and establishment of latency  

The EBV life cycle is divided into latent and lytic phases. Primary infection occurs via oral 

epithelium and EBV lytic replication results in high levels of viral shedding in the 

oropharynx.42 Further, EBV infects B cells and requires interaction of viral gp350 with 

complement receptor 2 (CD21) in target B cells.43 The lytic form of infection is essential 

for virus progeny, virus spreading within B cells, as well as transmission from host to host. 

EBV is transmitted from person to person by saliva (or in breast milk) and then infects 

epithelium (tonsils) ultimately infecting the B cell compartment. EBV viral loads are high 

in saliva, showing persistent EBV infection up to 180 days in patients with AIM.44 In 

healthy EBV carriers, EBV shedding is continuous and rapid (< 2 minutes) in the saliva 

suggesting that the mouth is a conduit for continuous flow of virus.45 Initial EBV infection 

is characterized by the expression of up to 80 lytic EBV viral proteins expressed 

temporally called latency III and spreads infection throughout the host’s B cells by using 

its growth transforming potential and enters into the memory B cell pool.46  

Latency III is associated with the expression of 6 Epstein-Barr Nuclear antigens 

(EBNAs: EBNA1, EBNA2, EBNA3A, EBNA3B, EBNA3C, EBNALP), two latent 

membrane proteins (LMP1, LMP2), EBER (EBV-associated small RNAs), and micro-
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RNAs. All EBV proteins expressed in each EBV viral latency, as well as associated 

cancers are listed in Table 1.1.  

TABLE 1.1: Biological activity of EBV latency genes and associated human 

cancers.  

Type of Latency  Viral expression  Human cancers 

Latency 0 EBERs, BART miRNA   

Latency Ⅰ EBNA1, EBERs, BART 
miRNA  
 

Burkitt Lymphoma 

Latency Ⅱa EBNA1, LMP1, LMP2, 
EBERs, BART miRNA 

Hodgkin’s lymphoma, 
Gastric cancer, NPC*, 
extranodal NK/T cell 
lymphoma 

Latency Ⅱb EBNA1, EBNA2, EBNA-
LP, EBNA3s, EBERs, 
BART miRNA 

PTLD*, AIDs associated 
lymphoma 

Latency Ⅲ EBNA1, LMP1, LMP2, 
EBNA2, EBNA-LP, 
EBNA3s, EBERs, BART 
miRNA 

PTLD, AIDS-associated 
DLBCL*,LCL* 

Wp-restricted latency EBNA1, modified EBNA-
LP, BHRF1, EBNA3s, 
EBERs, BART miRNA 

Burkitt lymphoma  

Table adapted from 47 

*NPC - Nasopharyngeal cancer 
*PTLD - Post-transplant lymphoproliferative disorder  
*DLBCL - Diffuse large B cell lymphoma  
*LCL - Lymphoblastoid cell lines 
 

Post EBV latency III, infected B cells enter the germinal center and only three latent EBV 

proteins EBNA1, LMP1, LMP2 are expressed and found among centroblasts and 

centrocytes, termed latency IIa.48  Memory EBV+ B cells transiently express EBNA1 and 
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this is termed latency I and are considered premalignant. In healthy EBV carriers, this is 

followed by lifelong EBV persistence where EBV antigen expression is reduced leading 

to latency 0. Following Latency 0, occasionally latently infected B cells switch into the lytic 

cycle, resulting in new seeding of infection through the host.49  It is assumed that the B 

cell receptor (BCR) stimulation of latency 0 or I state results in lytic reactivation.  

1.2.2 EBV latency vs latent proteins  

EBV navigates host cell pathways to evade detection and clearance by regulating lytic 

and latent proteins. When EBV was discovered in eBL tumor cells, it was discovered that 

EBV can establish lifelong latent persistent infection in culture.50  

Different EBV proteins affect the oncogenic potential of EBV and I have highlighted some 

of the essential viral lytic and latent proteins here.  

EBV latent cycle: EBNA proteins are nuclear proteins and regulate gene expression and 

viral DNA replication. EBNA1 is expressed in all EBV-infected proliferating cells, as its 

principal role is tethering the virus to the host, thus facilitating EBV genome replication 

and persistence.51 EBNA1 is the only EBV protein expressed in both lytic and latent 

infections and regulates the activity of viral promoters. EBNA1 suppresses lytic 

reactivation in latent hosts, as shown by depleting EBNA1 which leads to spontaneous 

EBV reactivation but at the same time in lytic hosts, EBNA1 depletion led to decreased 

lytic gene expression.52  EBNA1 positively regulates Cp promoter, driving transcription of 

EBNA genes expressing latency III. Additionally, it binds to the Qp promoters 

autoregulating EBNA1 expression.53 However, a subset of BL tumors (~15%) alternatively 

use the Wp promoter and show latency III expressing EBNAs 1, 3A, 3B, 3C, and EBNA-
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LP only from an EBNA2-deleted genome.  These Wp-restricted cells carry both wild type 

and EBNA-2 deficient virus leading to resistance to apoptosis.54,55  EBNA1 has low 

immunogenicity to avoid immune detection. EBNA1 is made up of gly-ala rich repeat 

domains that stabilizes it and inhibits EBNA1’s degradation by proteasomes. This leads 

to poor peptide generation for antigen presentation with MHC  class I molecules, and 

impairment of of EBNA-1 specific CD8 T cells.56 EBNA1 deregulated genes involved in B 

cell survival and may prevent death by interacting with host protein, survivin.57 BL cell 

lines tend to remain latent in vitro even when stimulated with lytic inducing agents and 

this could be due to a host of cellular or viral factors.  Cellular factors that affect latency 

include NF-kB that interacts with BZLF1 and inhibits its transcription.58  

EBV lytic cycle: Lytic cycle is initiated by temporal expression of viral immediate-early lytic 

genes, BZLF1 and BRLF1. These transcription factors proceed to stimulate the second 

wave known as the early lytic genes which are followed by viral lytic expression of a host 

of viral genes. BZLF1 is linked to cell death by inhibiting NF-κB family protein, p6558 and 

downregulation of CD74.59  Reports also show BZLF1 inhibits tumor necrosis factor-alpha 

(TNF-ɑ) - induced signaling by downregulating TNF Receptor -1.60  The lytic cycle is 

closely linked to apoptosis. BZLF1 and BRLF1 (EBV gene) conjoin to induce the 

expression of multiple lytic genes, including proteins that assemble EBV replication tools.  

Viral non-coding RNAs, EBER: (EBV-encoded RNA, EBER1 & EBER2) are expressed 

initially during early infection but their roles are not clearly understood. EBERs are highly 

abundant non-coding RNAs expressed during all stages of EBV latency. Earlier reports 

suggested that EBER expression promotes tumor growth in vitro and in vivo, likely via 

EBER-mediated RIG-1 activation, as well as induction of IL-10 cytokines promoting cell 



14 

 
 

   

growth.61 Other research implies their primary role involves evading innate immunity and 

inhibition of apoptosis.53 

1.2.3 Role of EBV in tumorigenesis  

EBV has the unique property of being able to transform normal resting B cells to form 

lymphoblastoid cell lines (LCLs) that grow indefinitely in vitro.50  These resulting LCLs 

resemble EBV-associated lymphomas that form during ID-BL. An essential component of 

its oncogenic potential is the ability of the virus to stay latent (no virus particles are 

produced) in the malignant B cells. It is thought that EBV pathogenesis involves the transit 

of EBV-infected B cells to the germinal center (GC) and becoming resting B cells in GC 

in a latent state.62 Latent EBV leads to malignancy, in the context of immunodeficient 

hosts or chronic antigen stimulation, as the EBV replicates to promote growth and cell 

survival. Multiple latent EBV gene products impart EBV’s oncogenic abilities which are 

summarized in Figure 1.3 and were based on review.63  EBV driven B cell lymphomas 

are linked to latent proteins that are critical for maintaining tumor cell proliferation, 

prevention of apoptosis.  
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Figure 1.3: EBV latent antigens and their role in B cell lymphomas. 

Viral entry of EBV into Naïve B cell is followed by growth latency III expressing a host of 

viral antigens. EBNA1 modulates p53 by blocking interaction with HAUSP and 

improving cell survival. EBNA2 regulates many cellular genes, as well as viral genes. 

EBNA-LP affects cell cycle regulation, as well as tumor suppressor genes. EBNA3’s 

play a role in transcriptional regulation of EBNA2, with EBNA3C inhibiting p53-mediated 

apoptosis. LMP1 also inhibits p53 mediated apoptosis, as well as supports survival by 

BCL-2. LMP1 is involved in many signaling pathways, including NF-κB activation. 

EBERs induce IL-10, as well as Type I IFN, apart from blocking apoptosis. BART’s are 

relatively understudied but play a multifactorial role in B cell lymphomas.  
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A defining feature of BL is the chromosomal translocation with one of the immunoglobulin 

gene loci that activates MYC oncogene. MYC activation leads to cell growth and 

proliferation. MYC activation alone cannot cause tumorigenesis.  This is because there 

are multiple checkpoints to prevent it including proliferative arrest, apoptosis and/or 

senescence.21  The precise details of BL pathogenesis in terms of whether EBV precedes 

or follows MYC translocation and which viral genes are involved in transformation have 

been heavily contested.  One theory is that EBV promotes the likelihood of a MYC 

translocation event within germinal center (GC) B cells, as a result of somatic 

hypermutation and consequent Ig Class switching.64  Most B cell lymphomas are 

assumed to be from GC B cells because the phenotype (markers expressed) of a BL 

tumor is a GC phenotype and is assumed to reflect the cell of origin of the malignant 

clone.  MYC  overexpression in hypermutating BL cell lines reveal that the centroblast 

phenotype of the cells is mediated by expression of the key GC factors Bcl-6, E2A and 

activation-induced cytidine deaminase (AID) in BL cells and not because of the cell of 

origin.65  Another viewpoint is that EBV supports survival following deregulation of MYC, 

as MYC overexpression leads to apoptosis.66  Tumor cells evade apoptosis by various 

mechanisms such as inhibitors of apoptosis via upregulation of anti-apoptotic genes (Bcl-

2, IAP), mutations in apoptotic proteins such as p53, thus destabilizing apoptotic proteins, 

and also by activating and harnessing the regenerative power of pro survival pathways 

such as the unfolded protein response (UPR) resulting in endoplasmic reticulum (ER) 

homeostasis, relieving ER stress. Surprisingly, EBV-associated tumors carry fewer 

mutations that could impair apoptotic pathways compared to EBV-negative tumors32 

implying that EBV itself plays a role in modulating apoptotic pathways. As an oncogenic 
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virus, EBV hijacks cellular epigenetic machinery to modulate host epigenomes during 

infection. These epigenetic alterations include disruption of key B cell receptor (BCR) 

signaling pathways, tumor-suppressor genes (p53, Bim1, Blimp1).  

There are EBV-associated malignancies affecting other cell types such as T cells and NK 

cells (T/NK lymphomas), epithelial cells (NPC, nasopharyngeal carcinoma; gastric 

cancer). Despite documented infection T lymphocytes, epithelial cells, B cells are the 

most frequently transformed. Comparing multiple EBV tumors, even among tumors of B 

cell origin, reveal that EBV’s role is context dependent. Different classes of EBV-

associated tumors express varied EBV lytic/latent gene products summarized and 

already mentioned in Table 1.167. For example, NPC are latency II whereas 

immunoblastic lymphomas in immunosuppressed people are latency III68. In the context 

of T/NK cell lymphomas, inflammation is a key driver of tumorigenesis whereas BL tumors 

showed a marked response to myc-related tumorigenesis. Recent studies show EBV 

genome hypermethylation as a key characteristic of EBV-associated gastric carcinoma. 

69 Epigenetic studies on EBV+ BL cell lines vs EBV- cell lines show that the methylation 

profiles EBV+ BL differ from EBV- BL but are phenotypically similar.70  This points out that 

even though similar events occur during tumorigenesis, the genes involved in BL 

pathogenesis are different within EBV+ vs non-EBV tumors.  

1.3 T cell immune surveillance of EBV infections and tumors  

The immune system detects and destroys virally infected and or neoplastic cells in the 

body by a process called immunosurveillance.71  T cells orchestrate control of immune 

responses using circuitry of cytokines, chemokines and proliferation, in response to T cell 
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receptor (TCR) mediated antigen-specific stimuli. CD8+ T cells are especially important 

in detecting viral infections and are cytotoxic to virally infected cells using mediators such 

as granzyme B and IFNγ.72  Therefore, maintaining sufficient efficacy of T cell mediated 

anti-tumor responses is necessary for cancer immunotherapy. However, tumors develop 

ways to evade immune clearance by exploiting immune processes such as secretion of 

immunosuppressive mediators, tolerance, and alteration of antigen presentation.  Current 

therapeutic strategies involve altering T cell signals to selectively sense tumors. In 

particular, recent efforts have focused on reinvigorating T cells in the tumor-

microenvironment (TME) by antagonizing inhibitory molecules on tumor-infiltrating 

lymphocytes (TIL) using antibodies to block inhibitory receptors (IR), most notably 

programmed cell death-1 (anti-PD1) or cytotoxic T-lymphocyte antigen 4 (CTLA-4).73  

1.3.1 T cell Immunological memory in viral infections  

Immunological memory is defined as the ability to respond to previously encountered 

antigens and mount an effective response upon secondary exposure to the antigen. 

Following acute infection, Naive (antigen-inexperienced) CD8 T cells are activated, 

undergo clonal expansion and develop “effector” T cells (Teff), effective at clearing 

infection. These effector cells need 3 activation signals that determine their fate: 1) 

antigen/ T cell interaction 2) stimulation from co-receptors 3) inflammation cues such as 

cytokines. The majority of these Teff are short-lived that naturally undergo contraction 

post clearance of infection. Some of these memory precursors have the potential to 

become long-lived memory cells (Tmem). Teff differentiation is accompanied by epigenetic 

changes, metabolic programming, and the expression of cytotoxic molecules, such as 
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granzyme B, and cytokines such as IFNγ. Tmem can self-renew without antigen presence 

and retain a small reservoir to fight future infections in the absence of ongoing antigen 

stimulation and persistent inflammation. This is different from chronic viral infections and 

cancer which are constantly exposed to antigen exposure and/or inflammation. Hence 

the T cell differentiation program is altered due to these factors. During chronic viral 

infections, the responding CD8 Tmem cells begin to exhibit insufficient effector function 

thereby being unable to clear infection. This state of relative dysfunction is termed 

“exhaustion”. Thus, memory and exhaustion are fundamental aspects of T cell immunity 

and will be explained in more detail, in the context of anti-tumor immunity in section 1.3.3. 

The other aspect of T cell-mediated immunity are tolerance checkpoints which mediate 

peripheral tolerance checkpoints in the life cycle of T cells. Naive T cells are tolerant to 

the signaling network mediating immunity, primarily being in a resting state and ignorant 

of antigens. Co-stimulation deficient T cell activation reaches anergy leading to lack of T 

cell response. T cells being successfully stimulated become Teff cells where exhaustion 

and senescence are mechanisms of limiting inflammation and pathology.74   

1.3.2 Protective EBV-specific CD4+ and CD8+ T cell responses  

EBV exists as persistent latent infection in most hosts and rarely causes disease unless 

the host-immune equilibrium is impaired. EBV infection is controlled by both cellular and 

humoral immunity where antibodies help limit the spread of infection and CD8 T cells help 

clear infection. Immune control of EBV is mediated primarily by cytotoxic lymphocytes, 

CD8 T cells, natural killer (NK) cells as seen in AIM.75  CD8 T cells are arguably the key 

mediators of EBV-specific control, as observed in EBV patients with primary 
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immunodeficiencies.76  In genetic diseases with EBV pathologies, mutations are typically 

seen in TCR signaling, costimulation of cytotoxic mediators, such as perforin.77 In 

humanized mice reconstituted with human CD34+ hematopoietic progenitor cells, the 

contribution of CD8 T cells in EBV-specific control has been addressed by depleting CD8 

T cells and observing increased EBV viral load.78  However, protection can also be 

augmented by NK cells, NKT cells, CD4 T cells and γδ T cells.79  EBV-specific T cells are 

detected in the healthy carriers of EBV despite the presence or absence of symptoms.80  

Most studies are focused on healthy seropositive individuals or acute infection in young 

adults (AIM). Here, I shall provide a summary of CD8 and CD4-specific T cell responses 

in EBV malignancies.  

 

CD8 T cell responses: In healthy carriers, on average, individual lytic epitope-specific 

responses are up to 2% of the total CD8+ T cells. These antigen-specific T cells are 

broadly maintained in the memory population against early lytic antigens such as 

BZLF1.81  For latent antigen responses, CD8 T cells targeting EBNA3A, 3B and 3C are 

more dominant compared to other latent antigens in healthy adults.80  T cell immunity to 

EBV was primarily studied in acute viral AIM, as it is followed by persistent expansion of 

peripheral CD8 T cells to EBV. High frequencies of EBV-specific CD8 T cells in AIM 

individuals (based on MHC class I tetramers) reveal that early immune responses are 

primarily to early lytic epitopes, such as BZLF1, BRLF1 (~50%). On the other hand, EBV-

specific CD8 T cells to latent epitopes, including EBNA1 are at a much lower frequency 

(~5%) and become observable after 4 weeks and remain stable over time.80  In contrast 

to AIM, most EBV infections occur in an asymptomatic manner and are harder to study. 
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However, few studies have focused on studying immune responses in primary EBV 

infection in childhood which are more pertinent for understanding immunity to eBL tumors.  

Early studies focused on tracking EBV seronegative to seropositive African children found 

no expansion of the CD8 population.82  A longitudinal study assessing the antigen-specific 

polyfunctional responses in children diagnosed with symptomatic (AIM) and 

asymptomatic EBV infection show that CD8 T cell responses towards EBV lytic peptides 

decreases over time and immune responses against EBV latent peptides increase over 

time.83  Most CD8 T cell responses were against immunodominant peptides derived from 

BZLF1, BRLF1, BMLF1 (lytic) and EBNA3C (latent) proteins in children infected with EBV. 

However, immunodominance was not observed in tetramer studies (HLA-A2 restricted) 

of Kenyan children84 against both latent and lytic epitopes in CD8 T cells in children with 

EBV exposure. eBL tumors in children are also compounded by the fact that they are also 

exposed to malaria co-infections.  

 

Malaria is a cofactor in the pathogenesis of eBL and is caused by Plasmodium falciparum. 

Malaria infection can impact EBV viral load by aiding B cell proliferation via EBV lytic 

reactivation85, as well as expression of AID85 or by inducing defects in immune responses 

to EBV antigens.40  Immunity to malaria has been linked to the functional effects of helper 

CD4+ T cells, CD8+ T cells and γδ T cells. Malaria engages in various costimulatory, co-

inhibitory and immune regulation circuits that affect T cells. Importantly, PD-1 expression 

has been associated with decreased cytokine production and proliferation in T cells.86 

Children with symptomatic malaria have increased expression of PD1 and CTLA4 on both 

CD4+ T cells, as well as CD8+ T cells. Further evidence supporting malaria-specific 
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dysregulation can be seen in children co-infected with EBV and malaria in Kenya who 

have poor recall responses (IFNγ) to EBV lytic and latent antigens in a specific  age  group 

( 5 to 9 years) compared to children with no malaria exposure.87  Although malaria 

infection is associated with immunosuppression in eBL tumors, the mechanisms are not 

clearly understood.  Our lab has focused on studying malaria responses in Kisumu 

(regions with high malaria exposure) and Nandi (regions with low/no malaria exposure). 

Our previous study focused on studying memory responses in children co-infected with 

EBV and malaria, discovered that upon stimulation with EBV latent antigens, more CD8 

differentiated T cell populations were observed.84  A subset of CD45RO+ CD27+ CCR7+ 

CD127+ CD57- PD-1+ CD8+ T cells are diminished in EBV-specific CD8 T cells in children 

with co-infections. We also observed atypical CD8dim T cells expressing GranzymeB, 

low cytokine production (IFNγ), transcription factors associated with innate-like cell profile 

in children with high malaria-exposure.88  We also evaluated NK cells in eBL children and 

found terminally differentiated CD56neg CD16pos NK cells that had diminished 

cytotoxicity and were accumulated in long term eBL survivors.89 These studies suggest 

that malaria-exposed children have developed some adaptations in their T cell memory 

compartment and NK cells.  

 

CD4 T cell responses: T cell exhaustion studies have mostly focused on CD8+ T cell 

responses but CD4+ T cells are also reported to be functionally unresponsive in chronic 

infections such as HIV.90  Loss of CD4+ T cell responses can lead to defective CD8+ T 

cell responses, as shown in LCMV mouse model.91 Co-infections of Human 

immunodeficiency virus (HIV) and EBV leads to higher frequency of EBV associated 
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lymphomas in humanized mice.92  This suggests CD4 T cells provide some assistance in 

fighting against EBV-associated tumors. However, their role is not necessary for 

overcoming tumor responses as shown by depletion antibody experiments. EBV-specific 

CD4+ T cell responses are broader and target more epitopes yet there is no expansion 

with EBV exposure. Comparing individual epitope-specific responses, CD4 T cell 

responses are 10-fold lower than CD8 T cell responses for the same antigen in healthy 

EBV carriers.93  In the case of AIM, CD4 T cell responses against latent antigen EBNA2, 

as well as four lytic cycle antigens were observed in peripheral blood but to a much lower  

magnitude.94  In contrast to CD8 T cell responses, CD4 T cells responses are highly 

represented from latent antigens compared to lytic antigens. MHC class II tetramer 

analysis shows that antigen-specific CD4+ T cells can express both perforin and 

granzyme B suggesting cytotoxicity in AIM patients.95  Many EBV-associated 

malignancies affecting CD4 T cells have the same phenotype and are evenly distributed 

between effector memory and central memory subsets.94 In children diagnosed with eBL, 

higher CD4+ CD25+ Foxp3+ regulatory T cell (Treg) frequencies led to poor survival 

compared to patients with lower Treg frequencies.96  

1.3.3 Anti-tumor immune responses in B cell lymphoma   

1.3.3.1 Exhausted T Cells in human cancer: Background and relevant concepts 

During chronic viral infections such as EBV where there is persistent antigen, Tmem cells 

fail to expand efficiently and develop into exhausted T cells (Tex).97 Tex was discovered 

in chronic viral infection studies in mice infected with different strains of lymphocytic 

choriomeningitis virus (LCMV) showing selective upregulation of PD1 via gene 
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expression profiling of virus-specific T cells in chronic infections.98  Blockade of PD1/PDL1 

pathway promoted functional effector T cells and reduced viral load in mice. Several 

studies followed this up in HIV infections, demonstrating that PD1 expression was 

elevated in HIV-specific CD8 T cells, as well as blockade of PD1/PD-L1 pathways 

increased effector function. 99 This has been further proven in other viral infections (HIV, 

hepatitis B virus, hepatitis C virus) bacterial infections (Mycobacterium tuberculosis, 

bacteria [common Variable Immune Deficiency]) and cancers (melanoma, non-small cell 

lung cancer [NSCLC]) suggesting it’s a universal phenomenon to be studied.   

 

Tex progressively lose their effector function to a basal level, show increased inhibitory 

receptor (IR) expression, limited recall function, and have distinct transcriptional and 

epigenetic programs.100  Proliferative potential of terminally exhausted T cells are poor, 

but studies show progenitor or stem-like Tex cells can self-renew in response to persistent 

antigen giving rise to more terminally exhausted T cells.101,102  Evolutionarily, Tex cells 

are assumed to become exhausted, as potentially a check on immunopathology or 

autoreactivity so the T cells do not continue to damage tissue.103  The most common IRs 

in cancer are PD1, CTLA4, TIM3,  TIGIT and LAG3.104,105  These ligands, mechanism of 

action of IR’s are explained in detail in section 1.4.3. The IRs by themselves are not an 

exclusive feature of exhaustion, as effector cells can also express them when activated. 

The consensus is that a combination of IRs is essential for exhaustion, as well as loss of 

effector function. Some groups suggested that Tex are perceived to be a population of 

modified memory T cells, as a “loss of function” model. With more new research, we now 

know that T cell exhaustion, followed by activation can drive these cells into dynamically 
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different fates, compared to Teff or Tmem cells. In figure 1.4, is a summary of the 

exhaustion model of differentiation states observed in chronic viral infection and cancer, 

adapted from.100 

 

Figure 1.4: Schema of CD8 T cell differentiation subsets.  

Naïve T cells upon antigen stimulation expand to effector T cells (Teff) that contract to 

to memory T cells (Tmem). During chronic infections such as cancer, antigen-

experienced T cells lead to exhausted T cells (Tex) - early exhaustion characterized by 

PD1int expression TCF1+ cells that might develop into terminally exhausted T cells that 

are PD1high TOX+ TCF1-  

 

Despite the recent studies focusing on the molecular mechanism of CD8 T cell 

exhaustion, it remains incompletely understood. There are many schools of thought as to 
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what determines an exhausted versus activated effector, memory T Cells in tumors and I 

will focus on providing a comprehensive review on exhausted T cells in cancer below.  

 

There is considerable heterogeneity in activation, differentiation of these Tex cells 

depending on the context of infection such as cancer.90,97  T cells have multiple stages 

during their progression to exhaustion. PD-1 expression is closely correlated with the 

severity of exhaustion.106  Several studies reported Tex to have a distinct transcriptional 

and epigenetic signature compared to Tmem populations.101,107,108  The functional 

differentiation of Tex is regulated by a set of TCR-responsive transcription factors such 

as TOX, IRF4, NFATC1, BATF as well as TCF1.107,109,110  TCF1 is a transcription factor 

that maintains progenitor capacity in Tex cells and exhibits stem cell-like capacity to 

differentiate. Despite Tex subsets being heterogeneous, they have consistently shown to 

express thymocyte selection-associated high mobility group - TOX, transcription factor 

and TOX plays a crucial role in their development and maintenance of Tex. Several 

studies identified TOX as the most important link that leads to fate commitment via 

epigenetic studies focused on PD-1 expression and associated regulatory factors.90,97  

Development and maintenance of exhausted phenotype during chronic LCMV in T cells 

in mice needs TOX protein.111  TOX positively correlates with expression of PD-1, TIM3, 

TIGIT and CTLA4 in tumor-infiltrating CD8+ T cells.112  On the basis of these studies, it is 

believed that TOX drives T cell dysfunction but also helps maintain a pool of exhausted 

T cells during chronic infections and is a master regulator of exhausted T cell response. 

TOX+ cells also exhibited down-regulation of markers associated with naive/memory cells 

such as CCR7 and transcription factor TCF-1. It is important to note that other molecules 
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such as TIM3, KLRG1 and CD160 have not been identified to be key markers only 

associated with exhaustion and not memory, in the same manner. They are still 

coexpressed but to a significantly different level.  

Based on canonical markers in humans, Tex are usually from the fraction of effector 

memory (TEM) or central memory (TCM) based on (CD45RA/ CCR7) markers. TEM cells 

are characterized by  CD45RA-CCR7-CD95+ and produce effector cytokines IFNγ, TNFɑ 

and capable of rapid cytotoxicity. TCM cells are characterized by CD45RA-CCR7+CD95+ 

quiescent memory T cells that possess low proliferation rate and reduced cytotoxicity.113 

TEMRA are characterized by CD45RA+ CCR7- and are a subset of effector memory T 

that cells re-expresses CD45RA after antigenic stimulation. Tex is poorly proliferative yet 

still self-renewing from their precursors. Tex cell progenitor population expands under 

constant antigen exposure to give rise to terminal subsets.  

 

One model proposes that T cell exhaustion is first established in precursor cells (Tpex), 

classified as TCF1+ and over time becomes part of the antigen-specific effector T cells 

as they get renewed.114  Another key study focused on TOX expression in human PBMC 

derived T cells demonstrated that TOX can be expressed in memory T cells or activated 

human T cells, not just exhausted T cells.115  They sorted and analyzed T cells from 

PBMCs in healthy adult donors and showed that TOX can be expressed by functional 

effector T cells. These TOX+ cells also express cytolytic molecules such as granzyme B, 

Perforin and inflammatory cytokines such as IFNγ, TNFɑ. This is contrary to what has 

been shown in mice studies. These TOX+ cells are also capable of expressing inhibitory 

receptors - PD1, TIGIT and 2B4 in virus-specific T cell responses. To determine how TOX 
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is affected by viral burden, they stimulated PBMCs with pools of peptides against latent 

viral infections such as EBV, cytomegalovirus (CMV) and Human-immunodeficiency virus 

(HIV). They observe TOX+ TCF+ population in viral antigen-specific T cells resembling 

precursors of exhausted T cells (Tpex) and have self-renewing potential.111,116  This is 

similar to the mice studies showing that TOX is essential for the maintenance of long-

term immunity to chronic infections through the generation of Tpex. These TOX+ TCF+ 

cells were predominantly found in the TEMRA and TEM population. They classified IFNγ+ 

cells as antigen-specific T cells upon peptide stimulation and show that they are 

polyfunctional producing TNFɑ or IL-2.  Although this supports the argument that human 

T cell functionality is not dependent on TOX expression, classifying IFNγ+ cells as 

antigen-specific cells would mean high TOX expressing cells could have been excluded 

in their analysis. However, it does highlight that there are subgroups in TOX expressing 

cells including polyfunctional (IFNγ+ TNFɑ+) or just responsive IFNγ+ or unresponsive 

IFNγ-. 

1.3.3.2 Defining CD8 T cell dysfunctional states in human cancer   

It is widely believed that T cell exhaustion plays a major role in immune dysfunction in 

tumors. TILs can exhibit a variety of functional and transcriptional phenotypes in tumors, 

as described in single cell RNA sequencing studies. Therefore, it is important to study 

TILs in human cancers to determine their role in clinical response to immunotherapies. 

Despite the presence of TILs in the TME, they are mostly not effective at clearing tumors; 

this could be due to (1) poor functionality or inactivity (2) lack of antigen specificity 

(bystander T cells) (3) active inhibition by the tumors.  Current advances in technology 

such as multi-parameter flow cytometry and single-cell RNA sequencing (scRNA-seq) 
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have allowed for detailed analysis of the single-cell level of transcriptional states in T cells 

paving the way for understanding its heterogeneity.  

 

One of the key questions that is yet to be addressed is the lineage of development of Tex 

cells during tumor expansion and how they are different from Tmem. Epigenetic  studies 

(ATAC-seq) in PD-1 pathway blockade  show that Tex are different from Tmem (memory 

T cells) by 6000 open chromatin reads pointing to the fact Tex do not convert to Teff upon 

PD1 blockade and there is flexibility in phenotypic states despite having the same 

epigenetic profile.100  Trajectory analyses in melanoma propose a continuous change in 

intratumoral states.117  In other cancers such as NSCLC, colorectal cancer (CRC), the 

bifurcation model is proposed suggesting that cytotoxic T cells and dysfunctional T cells 

are connected to the  pre - dysfunctional state.112  Together these studies suggest that 

there is evidence for T cells progressing from pre-dysfunctional to early and then late 

dysfunction. scRNAseq studies provide a roadmap to understanding T cell exhaustion 

signatures across tumors. Using Multiple melanoma and NSCLC studies as a basis for 

characterizing intratumoral populations via transcriptome profiling are summarized in 

Table 1.2.  

 

TABLE 1.2: Intratumoral transcriptome signatures in tumor infiltrating 

lymphocytes via scRNAseq 

Data set Gene signature  Cell type  Expression of inhibitory 
receptors  

NSCLC TCF7, CCR7, SELL, 
LEF1 

Naive T cells  Low 
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Melanoma  TCF7, CCR7, SELL, 
LEF1, IL7R 

Naive T cells Low 

NSCLC GZMK, PDCD1, ITGAE, 
CD28 

Pre-
exhausted T 
cells  

intermediate 

Melanoma  GZMK, TCF7, IL7R, FYN Dysfunctional 
T cells 

intermediate 

NSCLC HAVCR2, GZMB, IFNG, 
CXCL13, PDCD1, 
ITGAE, CTLA4 

Exhausted T 
cells 

High 

Melanoma  LAG3, PDCD1, CXCL13, 
TIGIT, HAVCR2, 
ENTPD1, CTLA4 

Exhausted T 
cells  

High 

NSCLC CX3CR1, PRF1, GZMA, 
GZMB 

Effector T 
cells  

Low 

Melanoma  CX3CR1,PRF1, GZMB, 
GZMH, GNLY, FGFBP2, 
FCGR3A, NKG7 

Cytotoxic T 
cells  

Low/intermediate 

Table adapted from112 

 

T cell populations that have strong similarity are given different names in different immune 

profiling studies. For example, Naive-like T cell populations are characterized by TCF7, 

CCR7 but also IL7R in the case of melanoma compared to NSCLC. Future studies 

comparing datasets within the same tumor should help resolve this issue and create a 

more robust nomenclature for different T cells states in the tumors.  A major unanswered 

question is how and what drives cytotoxic T cells to develop into distinct exhausted 

populations within the tumors and how tumor specificity is linked to Tex heterogeneity.  
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1.3.3.3 Model for Tex  

Exhausted CD8 T cells studied in LCMV strain clone 13 of mice show that Tex are 

characterized by poor proliferation and longevity, as well as reduced effector function 

such as cytokine production (poor IFNγ, low TNF and lack of IL-2), as well as not being 

proliferative. They are also defined by persistent high expression of multiple co-inhibitory 

receptors such as PD1, TIGIT, TIM3. These have been recapitulated to some extent in 

tumor infiltrates but there are some differences. In humans, TILs expressing markers of 

exhaustion (PD1, TIM3) are more likely to express IFNγ.118  With the technical 

advancements in scRNAseq technology, we are more capable of resolving different 

states of the cell to a granular level. In TILs, there are multiple subsets of exhausted T 

cells with distinct functionalities. With this in mind, I have outlined this model for Tex to be 

tested in TILs, based on existing literature. (Figure 1.5) 119  

                        

Figure 1.5: Model for Tex states in cancer during early and late phases of progression of 

exhaustion (or chronic viral antigen exposure).  
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We have gained many insights into Tex by studying antigen-specific T cells in chronic 

viral infections and cancer. However, we do not have prior knowledge of antigen-

specificity of all tumors and it is challenging to phenotype in tumors, as more studies are 

needed for assessing neoantigens. One theory is that Tex undergoes an activation 

program leading to downregulation of homing markers such as CCR7 but also continues 

to display activation markers. Since we now understand there is considerable 

heterogeneity in Tex with progenitor to terminal programs, no single marker can be used 

to determine exhaustion. Combinatorial methods of developing several exhaustion 

markers will help resolve these states in tumors.  

1.3.3.4 Antigen-specific T cells in tumor immunity  

Antigen-specific T cells (AST) play an important role in mediating an adaptive immune 

response. Currently soluble peptide-major histocompatibility complex (pMHC) tetramers 

or multimers are the most often used tool to define the frequency of ASTs by flow 

cytometry. These pMHC molecules increases the half-life of the interaction between the 

TCR (𝛼𝛽T cell receptor) due to its avidity. This helps co-staining of other surface markers 

with ASTs and in functional profiling of ASTs. Even though pMHC’s are widely used in 

pathogen-specific T cell responses, their use in anti-tumor cells are not as widespread.120  

Staining cognate T cells that have a low-affinity TCR is an issue with pMHC multimers 

are used for staining self-specific (antitumor) T cell populations.  A major challenge is the 

identification of tumor-associated antigens or tumor antigens specific to tumor cells and 

not normal cells. Some important tumor-associated antigens have been discovered such 

as melanoma-associated antigen (MAGE), cancer/test antigens such as NY-ESO-1 

mostly arise from genetic amplification or post-translational modifications in tumors. 
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AST’s against these tumor antigens have been useful to delineate tumor reactive T cells. 

However, eBL tumors have no specific tumor antigens to target except EBNA1 antigen, 

as it is the only widely expressed protein in eBL tumors. Expanded EBNA1-specific CD8+ 

T cells failed to recognize virally infected target BL tumor cells in vitro. This failure has 

been attributed to the Gly-Ala repeat domain in EBNA1 protein, which blocks endogenous 

antigen processing and presentation by MHC class I molecules.121  With regards to EBV-

antigen specific tetramers,  previous studies from our lab have measured ASTs using 

common HLA-A2*0201 tetramers against EBV antigens BMLF1, BZLF1, LMP1, 

EBNA3C. The frequency of AST’s were in the range of 0.02- 0.04% of CD8 T cells specific 

to both lytic and latent antigens.84  One of the challenges of using HLA-A2 tetramers is 

the significance of variation in population-specific HLA-typing. Prevalence of HLA-A2 

restriction in a large case-control study of children in west Africa was low (25%).122   So, 

we chose an agnostic approach to identifying ASTs in our cohort. We used overlapping 

peptide pools which are routinely used to study antigen-specific T cell responses in 

epitope discovery of tumor antigens.123  This approach is sensitive and has no bias 

towards HLA haplotype.124  Activation-induced markers CD69, 4-1BB have been used to 

isolate reactive antigen-specific CD8 T cells in cancer and infectious diseases.125   We 

measured two parameters in our study : 1) cytokine production, IFNγ and TNFα, as well 

as 2) detected T cell activation induced markers CD69, 4-1BB that are highly specific for 

antigen-specific CD8 T cells, as seen in other tumor antigens.126  
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1.4 Targeted treatments for eBL  

Not only did Burkitt make exceptional discoveries describing BL tumors, but he also made 

seminal observations about cancer responses to chemotherapy.127  In the early 1960’s, 

the majority of eBL patients had poor survival, with rates only at 20%.128  Burkitt and other 

researchers spurred collaboration between National Cancer Institute (NCI) in the US and 

Uganda Cancer Institute in 1967.  In 1970’s, multiagent chemotherapy resulted in an 

increase from 20% to 50% survival of eBL diagnosed patients.128  I will review the current 

treatments and future targeted therapies to be tested for eBL tumors.  

1.4.1 Current standard of treatment for BL  

Historically, BL treatment involved high-intensity, short regimens of monotherapy of 

cyclophosphamide or with vincristine and/or low dose methotrexate.129,130  Standard 

approaches today typically include multiple chemotherapy agents in alternate cycles. Five 

year survival rates for patients younger than age 20, diagnosed with BL in HIC is 87% 

using conventional multi-agent chemotherapy.131  In contrast, children diagnosed with BL 

in African countries die by a large proportion (~55%) even with conventional therapies.8 

The current treatment involves low-dose methotrexate (MTX) with cyclophosphamide, 

hydroxydaunorubicin (doxorubicin), oncovin (vincristine),  prednisone (CHOP) have not 

yielded significant treatment benefits for high-risk BL. Currently, there are three strategies 

for treatment approaches based on presentation of disease : low-intensity, higher 

intensity including anthracycline and high intensity approaches with methotrexate.132 

With all approaches mentioned above, poor outcomes are because of relapsed/refractory 

BL. Higher intensity treatments come with a significant risk for organ damage and 
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treatment-related mortality. Therefore, more attempts to move beyond chemotherapy are 

currently being explored. High proliferation index of BL, as characterized by >95% of cells 

that are Ki-67 positive are sensitive to cytotoxic therapies. Nevertheless, they also favor 

rapid growth between chemotherapy cycles leading to development of resistance. To 

overcome this, less toxic combination treatments and targeted immunotherapies are 

being explored.  

1.4.2 Rituximab  

Rituximab was the first monoclonal antibody (mAb) to be approved by FDA for patients 

with advanced or relapsed low-grade NHL  in 1997. Rituximab is an anti-CD20 chimeric 

monoclonal antibody that has human Fc (fragment crystallizable) region and mouse Fab 

(fragment antigen binding) region. The Fab regions are of variable domain VH and VL that 

bind the antigen. In contrast, the Fc region binds to specific receptors in immune cells 

such as macrophages, NK cells, Neutrophils to elicit antibody-dependent processes. The 

Fc receptors exist in several forms and can mediate function depending on its affinity. 

The most common of them being Fcγ receptors (FcγR)  that bind to IgG subclass and 

regulate immune responses. Rituximab has four major modalities of action including 

programmed cell death, complement-mediated cell death, antibody-dependent cellular 

cytotoxicity and antibody dependent phagocytosis. Each mAb can induce one or multiple 

pathways depending on tumor type, expression of B cell markers, patient responsiveness.  

1.4.2.1 Programmed cell death:  

Programmed cell death (PCD) comprises all the pathways involved in direct cell death via 

mAb binding. Rituximab directly targets B cells via cell membrane and leads to 
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intracellular signaling pathways, ending in cell cycle arrest and death. Whether the 

mechanisms induce cell death via activation of apoptosis has been widely studied but 

there are contradictory results and opinions from in vitro data.133  On one hand, some 

groups show evidence of involvement of caspase cleavage in mAb induces cell death 

supporting execution of apoptosis.134,135  On the other hand, studies show initiation of 

mAb induced PCD does not involve cleavage of caspases and is not dependent on 

mitochondria, showing no nuclear fragmentation.136  These discordant results may be 

explained when considering experimental conditions, tumor lines tested and kinetics 

(amount of exposure in culture). It is also important to keep in mind that there could be 

diverse mechanisms of PCD in different tumors. In vitro studies demonstrate that PCD is 

enhanced by crosslinking, either by secondary antibody or by binding to FcγRs. However, 

these studies are not optimal models to simulate potential rituximab crosslinking in vivo. 

Subsequent studies also showed that PCD-dependent crosslinking does not contribute 

to tumor depletion by rituximab in vivo.137  One key study demonstrated that intact 

rituximab and modified rituximab (complement-insufficient, as well as lack of Fc to 

mediate ADCC or ADCP) can inhibit cell survival in vitro suggesting that programmed cell 

death is sufficient.138  In other tumors such as CLL, patients exposed to rituximab induce 

caspase activation with tumor regression but the mechanism could be due to apoptosis 

or FcγR expressing cells.  

1.4.2.2 Complement mediated cell death  

Complement mediated cell cytotoxicity (CDC) is mediated by the classical pathway in the 

complement system. Rituximab-coated tumor cells recruit and activate key components 

of the complement cascade, leading to insertion of C1 complex into tumor cell membrane 
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compromising the membrane integrity leading to cell lysis. Again, the extent of its 

contribution to rituximab responsiveness is still unclear.139  Rituximab resistance has been 

overcome in vitro by neutralizing complement-regulatory proteins CD55 and CD59 

expressed on circulating tumor cells suggesting a role in rituximab immune 

responsiveness.140  Different CD20 antibodies have different preferences in the pathways 

mediated by rituximab. With that in mind, CDC is considered not to be as effective as 

Antibody dependent cell cytotoxicity (ADCC) and both of these pathways can be 

competitive to each other in vitro.141 

1.4.2.3 Antibody-dependent cellular cytotoxicity  

Antibody-dependent cell cytotoxicity is considered one the most important mechanisms 

of action of therapeutic antibodies. Binding of the Fc region of rituximab antibody to 

Fc𝛾RIII receptors on NK cells, along with binding of variable region (Fab) to the CD20 

expressed on the target cells (tumor cells), leads to formation of immune synapse. 

Consequently, this synapse triggers NK cell cytotoxicity by releasing granules containing 

perforin that permeabilize the membrane.  NK cells also release granzyme B which can 

induce programmed cell death mediated by caspase-dependent mechanisms. Cancer 

patients who have FcR polymorphisms directly affect therapeutic responses to rituximab 

142 and this is also confirmed in mice lacking FcR, antibodies lose their effect on tumor 

growth. 

1.4.2.4 Antibody-dependent phagocytosis (ADCP) 

Rituximab has been administered along with chemotherapy in the treatment of adult BL 

and has improved survival in high income countries. However, to include it as a part of 
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regular regimen of treatment, more data was necessary.  Recently, an international 

randomized phase 3 trial treated patients younger than 18 years of age with high-risk B 

cell NHL with 6 doses of rituximab, in addition to chemotherapy, and showed an increase 

in event-free survival (94% in rituximab-treated vs 82% in rituximab-free).143 This study 

has set a new standard of R-CHOP therapy in children with B cell NHL. Currently 

combination treatments with rituximab and chemotherapy are being pursued in Kenya. 

Unlike many targeted therapies, rituximab has no clinically approved biomarkers to 

monitor treatment efficacy, aside from reduced tumor burden. Lack of biomarkers beyond 

CD20 has made it difficult to predict patient responses to CD20. CD20 is known to be 

involved in calcium intake in B cells but the biological significance of CD20 has remained 

unresolved.144 

 

1.4.3 Checkpoint inhibitors (also known as inhibitory receptors)  

T cell exhaustion was first described in chronic viral infections and this was explained in 

detail above in section 1.3.3. Consequently, they have been discovered playing a role in 

anti-tumor immunity. T cell activation in tumors is initiated upon tumor antigen recognition 

and supported by costimulatory receptors such as CD28 and counteracted by co-

inhibitory receptors (IR) such as CTLA4. The Irs are essential to keep a check on the 

inflammatory T cells to dampen immune activation and prevent immunopathology. These 

immune checkpoints are hijacked by tumors to evade anti-tumor responses. Tumor cells 

express ligands that can bind to the checkpoint inhibitors, such as PD-L1 binding to PD1 
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that can suppress antitumor immunity.145  Hence it is essential to study both tumor cells 

and T cells in the tumor microenvironment.  

 

Immune inflamed tumors or hot tumors are responsive to checkpoint inhibitor therapy, as 

seen in melanoma. Conversely, tumors with low infiltration of T cells and low mutational 

burden are not as responsive.146  Classification of tumors based on their cold or hot status 

does not always explain outcome to checkpoint inhibitors. eBL tumors have moderate 

tumor burden and are considered poorly immunogenic due to the aggressive expansion 

of tumor cells. Our study is the first to describe and characterize the T cell infiltrates in 

eBL tumors. Peripheral blood-based biomarkers will be instrumental in deciphering 

selection of cancer patients who will benefit the most from inhibitory receptor blockade 

studies and can also serve to monitor patient responses to treatment. Identifying these 

biomarkers will be useful as they can be easily detected in peripheral blood using non-

invasive methods and low-infrastructure requirements. Tumor-specific T cells be detected 

in peripheral blood and following treatment with checkpoint inhibitors such as anti-

PD1/PD-L1 therapies, higher frequency of proliferating PD1+ CD8+ T cells have been 

seen in various studies.147,148 Furthermore, a good degree of clonal overlap between TILs 

and peripheral blood CD8+ T cells in anti-PD1 treatment in the tumor were associated 

with activated CD38+ HLA-DR+ KI67+ CD8 T cells. Current peripheral blood-based 

biomarkers seen in patients treated with checkpoint inhibitors are summarized here in 

Table 1.3, adapted from.149  
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TABLE 1.3 Summary of clinical predictors of immune biomarkers associated with 

checkpoint inhibitor treatments.  

Predictors of better clinical outcomes  Predictors of worse clinical outcomes 

High baseline of CD8+ PD1+ T Cells  High frequency of PD1+ TIGIT+ CD8 T 
cells 

Increase in proliferation in CD8+ T cells 
(Ki-67%) upon treatment  

High frequency of PD1+ TIGIT+ CD8 T 
cells 

Higher TCM/Teff ratio  High baseline of soluble PD1 and PD-L1 

High baseline of CD8+ TEM cells  High baseline of CD8 T cells with 
senescent markers  

High TCR diversity, as well increased 
TCR clonality  

High baseline of cytokines IL-6, IL-8 and 
IL-10  

Higher tumor mutational burden  Presence of circulating tumor cells  

 

 

T cell co-inhibitory receptors were first identified by their role in autoimmunity in mice, 

especially PD-1 & CTLA-4.150,151 Now it’s well established that the IRs are important in T 

cell exhaustion. Immune blockade of these inhibitory receptors is intensively studied as a 

promising immunotherapeutic approach. IRs differ in their expression, kinetics, and 

control in regulating T cell activation and their known mechanism of action are outlined in 

figure 1.6, adapted from.152  
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Figure 1.6: Immune checkpoint inhibitors and ligands: mechanism of action. 

Green cross indicates stimulatory signal, red cross indicates inhibitory signal. APC – 

Antigen presenting cells. 

 

Here I will describe in detail the key co-inhibitory receptors that will are focused in my 

study.  

1.4.3.1 PD1 – Programmed death -1  

PD1 is the most well studied inhibitory receptor of the CD28 family and is highly utilized 

in cancer immunotherapy. PD1 is a type 1 transmembrane protein expressed on immune 

cells such as T, B and NK cells and has a ITIM (immunoreceptor tyrosine-based inhibitory) 

motif and ITSM (immunoreceptor tyrosine-based inhibitory) motif.  Human PD1 is 
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expressed upon T cell activation and can bind to the B7- like PD-L1 and PD-L2 that are 

expressed on antigen-presenting cells (APCs). PD1 engagement of the ligands leads to 

phosphorylation of tyrosine motifs in its cytoplasmic domain, ultimately leading to reduced 

signaling of kinases downstream of TCR. PD1 inhibits T cell responses via limiting the 

number of cytotoxic molecules expressed, decreased activation and low cytokine 

production, as well as affecting regulatory T cells.106  Loss of Pdcd1 (mouse PD-1) leads 

to autoimmunity in mice.  Initial studies of PD-1 identified that in chronic infection of LCMV 

in mice, there was progressive expression of these Irs. Gene expression analysis and 

protein analysis showed that PD1 was upregulated in LCMV- specific CD8 T cells. It was 

also shown that functional LCMV-specific T cells fail to upregulate PD1. These PD1 

positive antigen-specific T cells were poorly proliferative, producing low levels of 

cytokines, IFNγ and TNFα.98  Hence blocking PD-1 pathway is a good strategy to rescue 

TILs from exhaustion and lead to increased tumor killing. In relapsed or refractory 

Hodgkin lymphoma, PD1/PDL1 blockade as a monotherapy has been successful with 65-

87% of  response rate153 whereas in non-Hodgkin lymphoma such as Follicular lymphoma 

(40%)  or DLBCL (36%), the response rate is low despite high expression of PD-1 on 

TILs.154  PD-L1 expression in DLBCL is associated with poor outcomes. Another study 

focused on pembrolizumab (anti-PD-L1) in combination  with R-CHOP therapy found that 

overall response rate was 90% and complete response was 77%.155  Blockade of the 

PD1-PDL1 axis is assumed to boost pre-existing tumor-specific T cell responses.  

1.4.3.2 TIGIT – T cell immunoreceptor with Ig and ITIM domain  

TIGIT is an inhibitory receptor and a member of the immunoglobulin (Ig) superfamily. 

TIGIT has an extracellular IgV domain and a cytoplasmic tail composed of an ITIM 
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(immunoreceptor tyrosine based inhibitory motif domain) and immunoglobulin tail 

tyrosine-like (ITT) phosphorylation  motif.156  TIGIT is a part of a complex network of 

signaling involving multiple Irs such as CD96, CD112R, as well as a competing 

costimulatory receptor, CD226. TIGIT binds to CD155 ( poliovirus receptor (PVR)) with 

higher affinity and CD112 (nectin-2, PVRL2) with lower affinity.157  PVR is highly 

expressed on monocytes, dendritic cells, stromal cells, platelets and activated T and B 

cells.158  TIGIT was identified as consistently being expressed in many solid tumors. TIGIT 

is expressed on activated and memory T cells, regulatory T cells (Tregs) and natural killer 

(NK) cells.  TIGIT inhibits innate and adaptive immunity via different mechanisms. TIGIT 

dampens T cell function by binding to PVR on dendritic cells by promoting tolerogenic 

DC’s with decreased production of IL-2, helps T cell proliferation and increases levels of 

immunosuppressive IL-10.156  TIGIT blocks PVR-mediated CD226 activation which helps 

in tumor recognition by T cells and NK cells.159  TIGIT silencing via shRNA shows 

increased T-bet expression and IFNγ production. TIGIT makes Tregs more 

immunosuppressive and helps in stability.158 

Dual blocking of Irs, PD-1 and TIGIT is a promising approach to combat BL tumors. In 

colon carcinoma tumors in mice (CT26), dual targeting has augmented proliferation and 

function of anti-tumor CD8 T cells leading to better survival.160  In humans, PD-1 TIGIT 

blockades in melanoma patients  have enhanced antigen-specific CD8+ T cells in TILs, 

as compared to single agent therapy. 161  Similarly, TIGIT was enriched in PD1 high CD8 

TILs and co-blockade of TIGIT and PD1 improved proliferation and cytokine production 

of CD8+ TILs in hepatocellular carcinoma.162 Hence more studies in preclinical mouse 
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models are essential to understand drug responses and combination treatments for      

PD-1/ TIGIT responses in  patients.  

1.4.3.3 TIM3 – T-cell immunoglobulin and mucin domain 3  

TIM3, encoded by Havcr2 is a member of the TIM family of genes and was identified as 

T-cell inhibitory receptor by Monney et al demonstrating TIM3 monoclonal antibodies 

worsened experimental autoimmune encephalomyelitis model (EAE), a model of 

autoimmunity in mice studies.163  In cancer studies, TIM3 has been described on 

terminally dysfunctional subset of CD8 TILs.164  Current model for TIM3 signaling 

suggests that TIM3 activation leads to TIM3 being recruited to immunological synapse 

where Bat3 binds to TIM3 leading to downstream signaling. However, when TIM3 binds 

to ligands, the cytoplasmic tail containing Bat3 leads to release of Bat3, leading to its 

inhibitory function.165  Bat3 mRNA levels are lower in terminally dysfunctional TIM3+ 

PD1+ CD8+ TILs, relative to TIM3- population in CT26 colorectal carcinomas. TIM3 has 

four distinct ligands, including galectin-9, phosphatidylserine, high mobility group protein 

1 and CEACAM-1 but galectin-9 is the most well studied. The exact mechanism of how 

TIM3 contributes to terminal dysfunction in CD8 T cells is unclear. However some data 

point to TIM3 being negatively correlated with TCF-1 expression which is relevant, as loss 

of TCF-1 in CD8 T cells limits the responses to checkpoint blockade in preclinical cancer 

models.166  In preclinical cancer models, co-blockade of PD1 and TIM3 are more 

successful in solid and hematological cancers such as acute myeloid leukemia (AML).167 
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1.4.3.4 LAG3 – Lymphocyte Activation Gene-3 

LAG3 is a member of the immunoglobulin superfamily and a CD4 ancestral homolog. 

LAG3 binds to MHC class II, as well as other ligands such as FGL-1, alpha-synuclein fibril 

and lectins galectin-3.  LAG3 transcription is upregulated upon TCR activation or 

presence of some cytokines, particularly IL-2, IL-12. Upon translation, LAG3 traffics to the 

cell’s surface and oligomerizes as they are essential for MHCII binding. Post ligand 

binding, it triggers a cascade of downstream processes involved in preventing activation 

of  transcription factors, such as NFAT as well as cytokine production.168  Blocking 

antibodies to PD1 and LAG3 in patients with advanced melanoma showed superior 

progression free survival of 10 months compared to PD1 alone, 4 months.169  

1.4.3.5 CTLA4 – cytotoxic T lymphocyte antigen 4 

CTLA4 is a member of the immunoglobulin superfamily and is expressed by activated T 

cells, along with costimulatory protein CD28. Both CD28 and CTLA4 can bind to CD80 

and CD86, usually expressed on antigen presenting cells such as dendritic cells. 

However, CTLA4 has a stronger affinity, as well as avidity to CTLA4. Moreover, CD28 

interaction leads to a stimulatory signal, and CTLA4 can outcompete CD28 for binding to 

CD80 and 86, thereby inhibiting function.152  Ipilimumab targeting CTLA4 was the first 

approved checkpoint inhibitor for treating patients with advanced melanoma.170  Positive 

responders to this treatment show activation and proliferation of effector T cells. In 

melanoma patients, apart from circulating CD8 T cells, CD8+ effector memory Type-1 T 

cells were predictive biomarkers.171  
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1.5 Mouse models of B cell lymphoma  

1.5.1 Humanized mouse in immune oncology 

For studying tumorigenesis, the mouse model needs to support the growth of tumors. 

Primarily, they are generated from either cell-line derived xenograft (CDX) or patient 

tumor derived xenograft (PDX). The most widely used preclinical models are derived from 

long-established cell lines such as the NCI-60 panel of cell lines.172  These cell line 

derived models are used for testing drug targets but increasingly studies have shown 

there is an increased accumulation of genetic aberrations with increasing passage 

numbers. To overcome this, we focused on creating new established BL cell lines from 

patients to create CDX mouse models. PDX models are generated by directly 

transplanting patient tumor sections into immunocompromised hosts and are better for 

preserving the tumor heterogeneity including tumor microenvironment but are 

increasingly hard to maintain and expensive.  

 

Humanized mice require the ability to engraft mice with human immune cells and depend 

heavily on the mouse background strain being immunodeficient, thereby permitting 

human cell engraftment. Based on the major developments in research of 

immunodeficient strains, multiple strains have been developed that can support the 

human immune system. Human cells are introduced as either human CD34+ 

hematopoietic progenitor cells (hu-NSG or hu-BRG) or human-derived fetal liver plus 

thymus organoid implanted under the kidney capsule (BLT) in immunodeficient mice 

models (NOD-SCIDɣc-/- (NSG) or BALB/c Rag2-/-ɣc-/- (BRG) background) where one can 
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understand the interaction between both EBV infected B cells and immune cells.173  The 

three most commonly used immunodeficient mouse strains are 1) NSG that harbors 

severe combined immunodeficiency (scid) mutation as well as knockout of IL2rg  2) NRG 

that harbors knockout of Rag and IL2rg genes and 3) NOG that harbors scid mutation 

and only the cytoplasmic domain of IL2rg.174  Despite the differences, they are functionally 

similar and are used in mouse studies. Humanized mice can be broadly classified as 1) 

Hu-PBL-NSG model where PBMCs are engrafted into NSG mice 2) Hu-SRC-NSG (NSG-

HSC) model where human CD34+ hematopoietic cells repopulate the NSG mice 3) Hu-

BLT-NSG model with fetal liver plus thymus derived cells in NSG mice.173  NSG-HSC 

model supports different lineages of hematopoietic cells such as T cells, B cells, NK cells, 

myeloid cells. However, not all of them are functional due to lack of human-specific factors 

such as cytokines. Myeloid cell development is hindered by requirements for human 

factors such as human GM-CSF (granulocyte-macrophage colony stimulating factor), 

SCF(Stem cell factor) and IL-3. There are limitations in this model due to human T cells 

being selected on a mouse thymus background and T cells are H2-restricted. This 

confounds interactions between T cells and HLA-expressing human antigen presenting 

cells.173 However, this approach provides an important tool to study tumors with EBV that 

specifically only target the human immune system. For the purpose of my study, I used 

the NSG-BL model with tumor cell lines injected into NSG mice.  

1.5.2 Humanized mice in EBV infections  

As mentioned earlier, EBV has a restricted tropism for humans. Despite this limitation in 

the past decade, mice with reconstituted human immune systems have been explored as 
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an alternative in vivo model for EBV-derived lymphomas. In murine immunocompetent 

mice, human B cells expressing EBV genes are destroyed by mouse-derived T cells. 

Hence, humanized immunodeficient mice have served as a work-around to 

understanding lymphomagenesis by infecting human B cells with EBV in immunodeficient 

mice.  

 

The EBV infections in immunodeficient mice reproduce the different EBV programs in B 

cells, but cannot replicate conditions similar to the final lytic replication seen in 

oropharyngeal epithelial cells in natural infection.175  In humanized immunodeficient mice, 

latency III is most commonly observed after EBV infection of B cells with inflammatory 

infiltrates of T cells, similar to PTLD.176  Other studies suggest a certain degree of lytic 

infection and other latency types being present as well.177,178  Most of these studies 

measure EBV protein levels via western blot or immunohistochemistry and alternative 

promoter usage has been implicated in switching latency in humanized mice with EBV 

infections.178  More studies are necessary to explore why these lower latencies are 

observed and the mechanism behind it. Different EBV strains such as B95-8 (isolated 

from symptomatic primary infection) and M81(isolated from NPC) lead to different EBV 

infection kinetics. M81 strain is more likely to reactive EBV lytic genes such as BZLF1 

compared to B95-8, in line with NPCs that undergo spontaneous replication.179   The role 

of lytic infection in lymphomas is not well understood.  

 

T cell regulation of EBV viral latency has been studied in humanized mice by infecting 

human cells with EBV in the presence of T cells in vivo.178  One group used a humanized 
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mouse model with human CD34+ hematopoietic stem cells and thymus /liver tissue 

infected with replication deficient EBV (BZLF1-depleted) and wild type EBV.177  Both 

viruses establish long term latency in vivo and the tumors look like DLBCL tumors. Other 

groups have focused on studying EBNA proteins in humanized mice to understand their 

role in lymphomagenesis. EBNA3C protein acts to repress tumor suppressors, p16 and 

p14 and EBNA3C deleted virus in cord blood derived humanized mice induces fewer 

lymphomas and delayed onset, compared to wild type virus.180  Similarly, EBNA-2 deleted 

EBV strain, P3HR1 (EBV type 2) causes Hodgkin- like lymphomas and DLBCL 

lymphomas with latency type II and Wp-restricted latency.181  

 

Human immune responses against EBV are well studied in humanized mice and are 

mainly controlled by cytotoxic T cells, NK cells and both CD4 and CD8 T cells are shown 

to control viral infection and associated tumorigenesis.175  Other Mouse models for BL 

exist such as genetically engineering mouse models with constitutive or limited 

expression of  myc in mice but they are challenging to study. Mice expressing MYC along 

with constitutively active form of PI3 Kinase using CAG promoter leads to mouse B cell 

lymphomas that closely resemble BL tumors histologically and via gene expression 

suggesting a role for PI3 kinase activation in BL182.  

1.5.3 Humanized mice and antibody therapy 

Many tumor antigens have been successfully targeted such as CTLA4, CD20, VEGF, 

EGFR.183  Since the 1990’s at least 12 antibodies have received approval from the FDA 

for treatment of cancer. More recently, antibodies that activate or dampen pathways 
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important in immune surveillance such as CTLA, PD1 have been approved. Humanized 

mice have been employed to study antibody mediated treatments. Some of the reasons 

for poor therapeutic response include downregulation of antigen expression, antibody 

stability (half-life), dosage kinetics, compensatory mechanisms as well as development 

of resistance.183  Humanized mice can help study these mechanisms and are an 

important tool for providing clinically relevant data to help improve patient outcomes. 

Humanized mice treated with PD-1 antibody show increased anti-tumor T cell responses 

coupled with decreased Treg and myeloid populations (BRG).184  Similarly, 

pembrolizumab (anti- PD1) caused significant growth inhibition in a multitude of solid 

tumors (both CDX and PDX tumors) that were partially HLA-matched with donors injected 

in humanized mice (NSG).185  Thus better in vivo preclinical models with humanized 

immune systems are necessary to test immunotherapeutic approaches.  

1.5.4. Rituximab treatment in NSG mice models  

Our understanding of rituximab over the decades has vastly improved but the difference 

between in vitro and in vivo effector mechanisms using both mouse and human models 

is still perplexing. Further complexity arises from synergistic and antagonistic pathways 

in the different modes of action. There are studies showing that complement activation 

can further increase antibody mediated cytotoxicity via anaphylatoxins. Contrarily, studies 

demonstrate that complement can also reduce ADCC.186  These findings have raised 

many important questions as to the role of individual mechanisms in rituximab mediated 

action. Rituximab, in concert with chemotherapy, shows better overall survival in many 

cancers but if immune-mediated cell effects are the key players, lack of immune cells 
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should affect outcome. With more understanding of rituximab, many new anti-CD20 mAbs 

such as Obinutuzumab that have heightened responses to ADCC, ADCP, and direct cell 

death induction, as well as Ofatumumab that show increased CDC action compared to 

rituximab have been developed.186  This is why we chose the NSG mouse model where 

we can delineate different mechanisms of rituximab.   

SCID mouse models are widely used in rituximab studies but it’s challenging to define the 

specific mechanism of action, which include complement-dependent, antibody-mediated 

cytotoxicity involving NK cells and direct cell death. One study involving the SCID mouse 

model, shows that rituximab activity is dependent primarily on complement139 but mouse 

complement is not identical to human complement due to species specificity of 

complement proteins as well as having lower activity.187  NSG mice lack hemolytic 

complement gene (Hc) due to a 2-bp deletion causing a lack of c5 complement and failure 

to have functional membrane attack complex. Hence, any effect of rituximab in this model 

is an effect of direct-mediated apoptosis by programmed cell death or due to antibody-

dependent phagocytosis by mouse Fc𝜸R cells. Recently, NSG-Hc mice were developed 

that are complement-sufficient and support testing of complement- mediated tumor 

killing.188  

 

1.5.5 EBV associated tumorigenesis in humanized mice models  

 
Tumors develop upon infection of B cells with EBV viral particles in 20-30% of humanized 

mice.  EBV latency III is predominantly observed after EBV infection in humanized mice. 

However, lytic infection and more restricted forms of latency (I or II) of EBV can also be 
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studied. Resulting lymphomas have decreased inflammatory infiltrate and resemble 

DLBCLs, a closely related tumor to eBL histologically and transcriptionally. Introduction 

of viral particles with mutated EBV proteins in this model helped establish the role of these 

different EBV proteins in lymphomagenesis. For example, EBNA3B was identified as the 

key viral tumor suppressor that prevents tumor growth. Interestingly, LMP1 and, LMP2, 

EBV proteins considered essential oncogenes, were not needed for lymphoma formation 

leading us to believe there are compensatory mechanisms for tumor growth. Data 

suggests that CD4 T helper T cells support EBV derived lymphomas, in the absence of 

LMP1 and LMP2.   

1.6 Motivations and Research goals  

Further investigations into understanding tumor-infiltrating T cells in endemic Burkitt 

lymphoma may facilitate the development of novel therapies for understanding tumor 

immunity in eBL tumors and the role of EBV in T cell immunity. In my thesis research, my 

overall goal was to understand T cell immunity in eBL, as well as developing a mouse 

model to study drug treatments for eBL. I proposed 1) to evaluate the tumor-infiltrating 

lymphocytes for inhibitory receptors using single cell RNA sequencing via the 10x 

platform, as well as the seq-well method. Using peripheral blood from BL-diagnosed kids 

and healthy controls, I evaluated the levels of circulating T cells that were EBV-specific 

and malarial antigens.  2) To establish patient-derived eBL cell lines and transplant them 

into immune-deficient mouse models, as well as humanized mice with eBL tumors. I 

tested rituximab efficacy on the patient-derived cells lines, as well as the in vivo model, 

leading to one of the five tumor lines exhibiting tumor regression. Transcriptome analysis 
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showed apoptosis, unfolded protein response, as well as mTOR signaling to be affected 

with rituximab-responsive tumors whereas high IFN-alpha response was seen in 

rituximab-unresponsive tumors. This research provides new insights into tumor-infiltrating 

cells in eBL as well as the potential utility of NSG BL tumors to study targeted treatments 

in BL.   
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PREFACE TO CHAPTER Ⅱ 

 
 
The data presented in this chapter contains original text from Priya Saikumar Lakshmi 

who also designed, executed experiments, and analyzed the data. Fabienne Laederach 

helped perform experiments on IHC in 2.3. Dr. Cliff Oduor analyzed ScRNA-seq 

presented in 2.2. Dr. Catherine Forconi, Gavin Fujimori and Zachary Racenet helped with 

experiments in 2.5. Dr. Ann Moormann designed experiments and critically reviewed this 

work. This work is currently being drafted for a manuscript, soon to be submitted.   

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
   



55 

 
 

   

CHAPTER Ⅱ 

CHARACTERIZING T CELL RESPONSES IN ENDEMIC 
BURKITT LYMPHOMA TUMORS  

2.1 Introduction  

The tumor microenvironment in B cell lymphomas contains not only malignant cells but 

stromal cells and the extracellular matrix that contribute to the anti-tumor inflammatory 

response and cancer progression.189 Current literature characterized tumor 

microenvironment into immunologically “hot” or “cold” depending on the degree of 

lymphocyte infiltration and IFN-𝛄 status classifying them as “inflamed” or “hot” tumors with 

increased T cell infiltration and high IFN-𝛄 . In contrast, “non-inflamed” or “cold” tumors 

were characterized by lack of T cells.  BL tumors were classified as “cold’’ as the tumor 

cells are highly abundant with very little tumor infiltrating lymphocyte (TIL) infiltrates.190 

However, these classifications were based on BL tumors being analyzed using 

Immunohistochemistry staining of tumor sections that show a low frequency of TILs. With 

the advent of sequencing, researchers have been able to deeply profile the immune cells 

in the TME. Initially, bulk-RNA sequencing performed in BL tumors allowed determination 

of average gene expression across all cells within the sample.31  In this study, we 

observed T cells, monocytes, neutrophils and NK cells within the TME. However, we were 

unable to determine frequency of immune cells based on bulk-RNA seq. The advent of 

single cell RNA sequencing (scRNA-seq) that can profile the transcriptome of each 

individual cell within the biopsy sample provides opportunities to explore the 
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heterogeneity in TIL subpopulations within the tumor samples. Immune checkpoints, such 

as PD1, act as “brakes’’ on T cell immune responses weakening T cell attack leading to 

immune tolerance in tumors. Drugs such as anti-PD1 (nivolumab, pembrolizumab) act by 

improving the ability of the immune system to mount an anti-tumoral response. 

Immunotherapies can lead to robust responses in advanced tumors but the rate of 

response is variable depending on the tumor type. Hence, current efforts focus on 

characterizing responders vs nonresponders for treatment and understanding 

mechanisms that regulate these responses. The first step involves understanding tumor-

immune interactions in multiple tumor types. Here, we focused on understanding immune 

checkpoints in TILs in eBL tumors and the corresponding immune checkpoint inhibitors 

expressed on tumor cells. Additionally, we perform a comprehensive profiling of immune 

checkpoints on peripheral blood derived from BL diagnosed patients, as well as cytokine 

production.  

2.1.1 Methods to interrogate the tumor microenvironment  

Cellular diversity within and across tumors pose challenges in evaluating clinical efficacy 

of targeted immunotherapies. One exciting treatment option currently being explored in 

developed countries, are immune checkpoint inhibitors (ICI). The most impressive effect 

of ICIs was the superior responses observed in patients with highly refractory and late 

stage cancers, as seen in ipilimumab (anti-CTLA4).191  To date, children diagnosed with 

eBL are primarily treated with CHOP, with recent capacity to deliver rituximab that targets 

CD20+ lymphomas. However, there are a growing number of ICIs being currently targeted 

in solid tumors, such as PD1, TIM3, TIGIT, CTLA4. In order to determine which ICIs would 
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be most beneficial for children diagnosed with eBL, we set out to characterize ICI profiles 

by measuring putative exhaustion markers on TILs and corresponding IR on tumor cells. 

Even in immunologically cold tumors, next generation sequencing, and single cell 

genomics technology make it possible to interrogate TME transcriptomes to address this 

gap in our knowledge related to eBL tumors. Here we apply unbiased single-cell RNA seq 

that needs only 50,000 cells for processing.192  Many protocols have been developed to 

capture and barcode mRNA transcripts from single cells such as, Drop-seq193, inDrop194, 

Seq-Well195. These protocols mainly differ in the technique used to partition the single 

cells but retain similarities within the mRNA capture and library processing steps. One 

remarkable difference among the different scRNA-seq methods is some of them produce 

full length sequencing data (Smart-seq2) whereas others only capture 3`-end (Drop-seq). 

Both methods have their advantages; Full-length scRNA-seq methods are used for allelic 

expression detection, isoform analysis whereas  3`-end methods are beneficial for larger 

throughput of cells and lower sequencing cost per cell.196   We chose the 3`-end methods 

to identify cell subpopulations within tumor samples to get more information from a larger 

dataset.  

2.1.2 10x genomics platform  

Recently developed massively parallel methods of scRNAseq assign unique barcodes to 

each cell’s mRNA during reverse transcription helping deconvolute data to single cell 

resolution. In 2017, 10x genomics chromium platform came out with microfluidic devices 

(also known as the Gemcode technology) to generate reverse-emulsion droplets that 

capture unique bar coded beads known as Gel bead in Emulsion (GEM) approach 
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coupled with a single cell.197  This droplet-based encapsulation uses gel beads that 

contain a poly(T) oligonucleotide sequence, a 12bp cell barcode sequence and a 9bp 

unique molecular identifier (UMI). Cell lysis, mRNA hybridization to the poly(T) sequence, 

reverse transcription, cDNA amplification, library construction all take place within the 

GEM system and up to 10,000 cells can be processed from a single sample. It is scalable 

and can run up to 8 samples in parallel. This protocol involves an automated droplet 

generation process, thus requiring specialized equipment and reagent costs are 

substantially higher when compared to other methods, such as Seq-Well. One of the 

primary drawbacks of the 10x platform is inaccurate loading. If the initial cell 

concentrations are not accurate, you can suffer from underloading or overloading which 

leads to doublets and cannot be rectified in the future steps. The capture efficiencies are 

at 65%. This method can also introduce technical noise through the differences in cell 

lysis time during this procedure. However, the whole process is user friendly and highly 

efficient as it takes only 2 days to complete followed by sequencing.  

2.1.3 Seq-Well platform 

An alternative to the droplet-based 10x platform of scRNA-seq, is to use arrays of 

nanoliter wells which can be loaded with cells by gravity and hence does not require 

specialized equipment for droplet generation, as used in 10x. Seq-well confines single 

cells and barcoded mRNA capture beads (poly(dT)) in a polydimethylsiloxane (PDMS) 

array containing about 86,000 sub nanometer wells.195,197  The smaller size of the well 

ensures that there is only one bead and one cell per well. The wells are preloaded with 

beads and the capture efficiencies are around 80%. The loaded arrays can be visualized 
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under a microscope, which would allow one to make improvements and maximize the cell 

loading efficiency. Post cell lysis, cellular mRNAs are captured by poly (dT) 

oligonucleotides that contain a 12bp cell barcode, a 9bp unique molecular identifier (UMI) 

and a universal primer sequence. This is a simple and portable platform that can be used 

in low-resource countries where buying specialized equipment is cost-prohibitive as it only 

requires a clamp, oven, a tube rotator, and thermocycler to generate stable, barcoded 

single cell cDNA libraries.  

For this study, we have adapted two highly sensitive methods, based on magnetic 

enrichment of non-tumor cells from the tumor isolates, in combination with RNA-

sequencing to provide an in-depth characterization of the tumor microenvironment. In the 

case of 10x, we performed negative selection of TILs from tumor samples that were frozen 

down in Kenya and thawed in the US to perform 10x protocol. This was due to the high 

cost of the droplet generator. On the other hand, seq-well involves carrying PMDS arrays 

to Kenya, capturing single cells and transferring them on to a membrane. This membrane 

can be transported back to the US where further sequencing was performed. The Seq-

Well method involves capture of fresh tumor isolates, as opposed to freezing and thawing 

cells via 10x.  

2.2 Immune profiling of patient-derived eBL tumors using 

scRNAseq technology 

2.2.1 Single cell RNA sequencing of eBL tumor isolates  
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As an unbiased exploratory experiment, we probed the transcriptional landscape of TILs 

in eBL, by performing scRNA sequencing of fine needle aspirates (FNA) from eBL 

patients. Overall, we performed two independent experiments with four samples each 

using droplet-based technique (10x-genomics). Four out of the eight samples were 

excluded from the analysis due to low cell yield post thawing (50% recovery rate). To 

isolate viable single cells from the tumor, we modified the protocol from the tumor 

dissociation protocol from Miltenyi using the gentleMACs dissociator and enriched the 

single cell suspensions for CD19+ tumor cells to establish cell lines which are explained 

in detail in Chapter 4. The non-CD19 fraction was frozen down in freezing media to 

determine phenotype of tumor-infiltrating lymphocytes. We thawed this fraction and 

immediately started the protocol for 10x genomics. From all four samples, we obtained 

3658 unique cells after filtering out cells that had very few genes captured. Despite 

depleting tumor cells in our fraction, we still observed 1023 tumor cells. Collectively, the 

average number of reads per cell was 22,964 with a median library of 775 genes per cell. 

To cluster the cells, a modularity optimization technique was applied to iteratively group 

cells together. The FindCluster function in the Seurat package198,199 was used to 

implement this procedure on the data using the default  Louvain algorithm, with a 

resolution parameter of 0.3. We used a nonlinear dimensionality reduction tool, uniform 

manifold approximation and projection (UMAP) to visualize the merged data from all four 

tumor samples. The cells clustered by cell type, irrespective of tumor site. (Figure 2.1)  
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Figure 2.1 Single-cell RNA-seq analysis of eBL tumors using 10x platform. (A) UMAP 

embeddings of merged scRNA-seq profiles from 4 eBL patients showing 10 distinct 

clusters; Tumor cells (Cluster 2,3,58), T cells (Clusters 1,4,6,7), macrophages (Cluster 9) 

and RBCs (Cluster10). (B) UMAP displaying cells colored by individual patient. MBL032, 

MBL034, MBL054 and MBL070 are the unique patient IDs.  

 

In addition, we interrogated two fresh tumor isolates without any enrichment modification 

to identify unique subsets that might have been lost due to the freeze-thawing process. 

These cells were collected using the seq-well platform in Kenya. In order to address 

potential sampling bias, we integrated samples processed with 10X and Seq-well, to 

assess if there was variation due to the respective platforms. (Figure 2.2) We observed 

no variation between 10x and seq-well runs based on clustering. Upon further clustering 

within the merged analysis, we observed 8 distinct clusters. We annotated T cells, 

macrophages and tumor cells based on their preferential expression of marker genes. 
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(Appendix A, supplementary Table S1). Despite depleting B cells from some of the eBL 

samples, we retained 55% of tumor cells (3712 cells/ 6775 total cells) (Clusters 2,3,5,6,8), 

with 40% of the cells identified as T cell (Clusters 1 and 4, CD3), 3.3% as macrophages 

(Cluster 7, CD68, CD163) and 2.2% as remnants of RBC-like cells (Cluster 8, HBB), as 

shown in Figure 2.1. The number of total cells captured from each sample is indicated in 

Table 2.1.  

 

Figure 2.2 UMAP Merged analysis combining all 6 eBL tumor isolates showing 

distribution of cell types based on marker annotation. UMAP of scRNA-seq data 

from merged FNA biopsies from both 10x and seq-well. Clusters are denoted by colors 

and labelled with inferred states based on canonical markers to match gene expression 

of clusters. Tumor cells (Cluster 2,3,5,6), T cells (Clusters 1,4), macrophages (Cluster 

7) and RBCs (Cluster 8). 
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Table 2.1 Cell distribution across different cell clusters and patient samples.  

*CD19-depleted samples  

Sample BL763 BL767 MBL032* MBL034* MBL054* MBL070* 

Tumor cells 664 
(68%) 

2025 
(95%) 

179 
(72%) 

190 
(11%) 

491 
(63%) 

163 
(18%) 

TILs 166 
(17%) 

85 
(4%) 

34 
(14%) 

1511 
(87%) 

235 
(30%) 

668 
(75%) 

Macrophages 80 
(8%) 

20 
(1%) 

21 
(8%) 

29 
(1.6%) 

10 
(1.2%) 

64 
(7%) 

RBCs 70 
(7%) 

7 
(0.3%) 

14 
(6%) 

2 
(0.1%) 

46 
(6%) 

1 
(0.1%) 

 

2.2.2 Analysis of eBL tumor cells reveals tumor heterogeneity  

Our first analysis focused on unbiased analyses interrogating the B cell tumor population 

that were enriched in our non-CD19 fraction despite being depleted. This could help 

identify biologically relevant signatures in eBL tumors. As expected in tumor cells, cell-

cycle signatures were significantly overexpressed in tumor cells compared to other cell 

types within the tumors. Based on the top 20 genes conserved in each cluster, we 

annotated subclusters using gene profiler. Clusters 2 and 5 were highly enriched for 

genes involved in mitosis, chromosome segregation and nuclear division suggesting high 

cycling tumor cells. Genes involved in protein synthesis and Endoplasmic reticulum (ER) 

targeting related genes were enriched in Cluster 3 suggesting increased cell metabolism. 

Cluster 6 was uniquely enriched for MHC class II presentation and antigen presentation 
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related genes. Cluster 8 was enriched for hemoglobin genes suggesting red blood cells 

(Figure 2.3). All the top 20 genes in each cluster, are listed in table (Appendix A, 

supplementary Table S2) 

 

Figure 2.3 Cell cycling and other signatures in eBL tumor clusters  

UMAP of scRNA-seq data from tumor cell cluster of FNA biopsies. Clusters are denoted 

by colors and labelled with inferred cell states. Cycling genes – Clusters 2,5; Protein 

synthesis – Clusters 3; MHC class II presentation – Cluster 6.  

  

2.2.3 Characterization of Tumor-infiltrating lymphocytes in eBL patients  

 

As summarized in the introduction, sustained antigenic stimulation of CD8+ T cells can 

lead to an exhausted state characterized by multiple inhibitory receptors, reduced effector 

function, distinct transcription factors and are termed terminally exhausted T cells. Recent 

studies have provided evidence of heterogeneity in TILs, describing exhaustion as a 



65 

 
 

   

continuum from precursor subsets that can self-renew and differentiate into exhausted T 

cells.200  Studying TILs is essential for predictive responses to immune checkpoint 

inhibitors in other cancers.166  Thus, we delved deeper into distinguishing the lymphocyte 

subpopulations from cluster 1 and 4 within the 2699 cells identified in Figure 2.2 based 

on CD3 expression (Figure 2.4).  

 

A 
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Figure 2.4 Identification of T cell subpopulations using scRNAseq in eBL tumors.  

(A) UMAP graph showing 2699 TILs separated into 7 phenotypic clusters identified by 

clustering. (B) UMAP plots showing distribution of T cell sub-clusters within each eBL 

patient tumor sample.  
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Figure 2.5 Violin plots showing T cell lineage markers CD3, CD4 and CD8 

expression, as well as T cell receptor genes (TRG1, TRGC2 and TRAC) across T 

cell clusters 1-7.  

 

Using the top 20 conserved genes within the CD3+ cluster, we were able to classify 7 

distinct subclusters (Supplementary Table S3, Appendix A). Subclusters 1-7, with the 

exception of cluster 6, show high expression of CD3, confirming T cell lineage. We also 

measured CD4 and CD8 coreceptor expression and observed little CD4 representation 

in our 6 eBL tumors. CD4 T cells don’t form a distinct cluster and are seen in clusters 

1,2,3 (Figure 2.5). This could be due to the small representation of CD4 T cells, that they 

don’t form their own subcluster. Apart from lineage markers, we also looked at T cell 

receptor (TCR) genes to determine presence of γδ T cells (mostly CD3+ CD4-CD8-) apart 

from αβ T cells (TRAC). TRGC1, TRGC2 are two constant genes encoded by the TCRγ 

locus and are used in scRNAseq data to identify γδ T cells.201  An important consideration 

trying to determine the identity of γδ T cells is to rule out CD8+ T cells or Natural killer 

cells (NK).  CD8+ T cells express high TRGC2 and NK cells express low TRGC2.201  

Clusters 1-5 express both TRAC and TRGDC2, as well as CD8, suggesting they are 

CD8+ T cells. Cluster 4 and 5 are only expressed in MBL 034, BL-767 suggesting patient-
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specific T cell populations. Cluster 4 expresses functional effector molecules such as 

KLRG1, PRF1, GZMB, GZMH and no activation molecules or inhibitory receptors are co-

expressed suggesting CD8 memory population. Cluster 5 represents a similar profile to 

cluster 4 but also expresses CD160 which is expressed on circulating NK cells and γδ T 

cells. However, we observed no expression of NK cell marker, NCAM1 (CD56) in clusters 

1-5. Cluster 6 shows poor expression of TRGC2 or TRAC implying that it is not a T cell 

cluster. Further exploration of Cluster 6 for genes enriched in other immune cell 

populations, we found that it was highly enriched for genes such as FCGR3A, FCGR2A, 

CD14, S100A8, CSF3R, GZMK, suggesting monocytes/ neutrophils (Figure 2.6). It is 

surprising that this granulocyte sub cluster grouped with clusters of T cell lineage but it’s 

important to note that this is a small fraction of the TIL clusters in patients MBL 034, BL 

763. Cluster 7, only expressed in MBL034, shows low level expression of TRAC, TRGC2 

and CD8 and could be a mixed cluster of different cell types including CD8, NK cells, NKT 

cells and γδ T cells. To determine cluster identity for cluster 7, we compared the gene 

profiles expressed in other tumor-infiltrating cell populations such as NK, NKT cells. 

Cluster 7 is highly enriched in KRLB1 (CD161), low levels of NCR3 (Nkp30), PRF1 

(perforin 1) suggesting NK cell phenotype but doesn’t express NCAM1 (CD56) or 

FCGR3A (CD16A). Cluster 7 expressed low levels of CD3, CD8 suggesting some 

frequency of cells that are CD8+ T cells. Some of these cells are activated with strong 

expression of genes TNFRSF9 (4-1BB), TNFRSF18 (GITR), ENTPD1 (CD39).  
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Figure 2.6 Dot plots exploring lineage markers for cluster 6 and cluster 7. Curated 

list of genes exploring identity of NK, monocytes, neutrophils and γδ T cells. The size of 

each dot represents the percentage of cells expressing the gene within that cluster. 

Intensity of color of each dot represents the average gene expression level from low (grey) 

to high (dark blue).  
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CD8+ TILs are important mediators of immune surveillance in tumors. The functional 

status, subtype and spatial distribution of CD8+ TILs play pro or anti-tumor roles in tumor 

immunity.117,202 However, in refractory tumors anti-tumor immunity may be impeded by 

tumor-mediated T cell exhaustion. Exhaustion is promoted by inhibitory receptors such 

as PD-1, TIGIT, TIM3, CTLA4 and LAG3 and is regulated in response to activation and 

throughout differentiation states.100  Blocking inhibitory receptors has been highly 

successful in other cancers such as melanoma, non-small-cell lung cancer (NSCLC), B- 

NHL.153,162,203  Inhibitory ligand expression such as PD-L1, as well as tumor neoantigen 

load are also essential for the success of immunotherapy. However, it’s important to keep 

in mind that identification of Tex cell progenitors in tumors is still not completely resolved. 

We set out to uncover the inhibitory receptor and ligand expression as well as phenotypes 

of the variation within the CD8+ T cell subset. Based on scRNA-seq studies in the 

literature studying TILs112, we were able to annotate the T cell clusters into – Naive vs 

cytotoxic subsets. Naive-like state was defined based on expression of IL7R, CCR7, 

TCF7 and SELL. Cytotoxic subsets were defined based on expression of granzymes, 

GZMB, GZMH, as well as perforin-1 (PRF1), KLRG1, granulysin (GNLY) (Figure 2.7).  
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Figure 2.7 Dot plot showing average gene expression of naive vs cytotoxic states 

across the 7 clusters shown in Figure 2.4. The size of each dot represents the 

percentage of cells expressing the gene within that cluster. Intensity of color of each dot 

represents the average gene expression level from low (grey) to high (dark blue).  

 

We found Cluster 2 to be Naive-like compared to the other clusters with strong enrichment 

of “Naive-like” cell signatures such as TCF7, CCR7, IL7R (Figure 2.7) Cytotoxic 

molecules such as GZMK (Granzyme K), PRF1 were highly expressed in clusters 3, 4 

and 5 suggestive of cytotoxic responses. Granzymes are serine proteases that can 

induce apoptotic cell death by cytotoxic CD8 T cells and GZMK is highly expressed in 

tumoral CD8 T cell responses.112  Then we sought to evaluate the expression level and 

concordance of a panel of inhibitory receptors that have been associated with T cell 

exhaustion across our clusters.  
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Figure 2.8 T cell inhibitory receptors and exhaustion-associated gene expression 

profiles in eBL tumors. A) Violin plot showing clusters 1 through 7 from the T cell 

clusters were measured for genes enriched in inhibitory receptors (i.e., TIGIT, PD1, TIM3, 

LAG3, CTLA4), transcription factors (TOX, TCF7, EOMES, BATF, PRDM1) and cytotoxic 

molecules (GZMB, KLRG1), proliferation (KI-67). B) Dot plot shows quantification of 

inhibitory receptors (PD1, HAVCR2, CTLA4, LAG3, TIGIT) across clusters, as well as T 

cell activation (TNFRSF9, TNFRSF18, CD39). The size of each dot represents the 

percentage of cells expressing the gene within that cluster. Intensity of color of each dot 

represents the average gene expression level from low (grey) to high (dark blue).  

 

 

Cluster 1,3 displayed cells with co-expression of PD1, TIGIT, LAG3, TIM3 but very little 

CTLA4 (Figure 2.8). TOX was also highly expressed in clusters 1,3 compared to other 

clusters. TCF7 was also expressed suggesting the TOX+ TCF+ cluster may be an early  

progenitor of exhausted T cells that have been observed in chronic infections.204  

However, co-inhibitory receptor expressing cells, were also highly correlated with gene 

expression of cytotoxicity markers such as Granzyme K, Perforin-1 and IFN-𝛄 as well as 

activation markers 4-1BB, GITR, CD39. This was not unexpected as recent studies 

suggest the exhaustion is a spectrum from precursor exhausted T cells, to progenitor, 

intermediate and terminal effector exhausted T cells.100  We did not observe Ki-67+ 

expression suggesting poor proliferation of these T cell subsets, as would be expected in 

exhausted cells. Recent reports provide insights into BATF which regulates T cell subset 

specification and  can mediate the transition of CD8+ T cells towards an effector 
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phenotype.205,206  We observed increased BATF in clusters 1-3, suggesting aid towards 

effector phenotype (Figure 2.8). Another transcription factor of interest is PRDM1 (Blimp-

1) because it can bind to promoters of PD-1 and TIGIT and positively upregulate their      

expression.207  PRDM1 was also upregulated in clusters 1-3, suggesting transcriptional 

control involved with PRDM1. Collectively, these analyses suggest that clusters 1 and 3 

are pre dysfunctional, as they have the most expression of inhibitory receptors, express 

TOX+ TCF+ population, are poorly proliferative and are also expressing IFN𝛄 and 

granzyme B.  
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Figure 2.9 Immune inhibitory receptors in TILs and corresponding ligand 

expression in eBL tumors or macrophages. Inhibitory receptors in red, interacting 

partners in black.  
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We observed TIGIT, LAG3, PD1, TIM-3 and CTLA-4 expression in total T cell clusters, 

decreasing in frequency in that order. Next, we compared ligands known to bind to these 

inhibitory receptors. Poor PDL1 and PDL2 expression were seen in macrophages and 

eBL tumor cells (Figure 2.9). TIGIT, CD226 and CD96 are part of the complex network of 

TIGIT family receptors.208  Poliovirus receptor (PVR) is observed in many tumors and 

binds to TIGIT with highest affinity whereas CD96 and CD226 have intermediate and low 

affinity respectively.208  We did not observe strong PVR gene expression in any of our 

eBL tumors. However, high levels of soluble PVR have been demonstrated in other 

cancers209 which cannot be measured by transcripts. Studies report competition between 

TIGIT and other receptors such as CD226 and CD96.159 TIGIT and CD96 are highly 

expressed in TILs but CD226 is lowly expressed suggesting competitive inhibition (Figure 

2.9). Nectin-2 binds to CD226 or TIGIT and leads to anti-tumor or pro-tumor immune 

responses, respectively. Nectin-1 binds to CD96. We observed no Nectin-1 or Nectin-2 

gene expression on tumor cells or myeloid cells in the TME (data not shown due to lack 

of expression). Nectin protein also exists in soluble form and was measured later via IHC.  

CTLA-4 (inhibitory receptor) interacts with CD80 and CD86 with higher affinity and avidity 

than CD28 (stimulatory receptor).210  Consistent with the literature, we detect CD86 

expression on eBL tumor cells but poor expression of CTLA4 on TILs. TIM-3 ligands that 

have been identified recently are, carcinoembryonic antigen-related cell adhesion 

molecule-1 (CEACAM-1), galectin-9 (Gal-9), phosphatidylserine (PTDSS1) and high-

mobility group protein-1 (HMGB1).165 We observed low Gal-9 and CEACAM1 expression 

on tumor cells but detected high expression of PTDSS1. PTDSS1 is expressed on the 
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surface of apoptotic cells and is understandably common in tumor cells due to various 

factors such as oxidative stress. Recently, TIM3-PTDSS1 interaction has been shown to 

be important in the clearance of apoptotic cells and cross-presentation to CD8+ T cells.211  

HMGB1, can interact with several receptors, apart from TIM-3 alone or in complex with 

DNA or LPS. Therefore, it’s unclear if its expression is relevant solely to TIM-3. MHC 

class II is the canonical ligand for LAG3. It remains controversial if the interaction with 

MHC-II is solely responsible for the LAG3 function. MHC-II transactivator (CIITA) has 

been identified as a critical regulator of LAG3 by helping formation of stable peptide-MHC-

II (pMHC-II) complexes.212  eBL tumor cells express CIITA suggesting formation of stable 

pMHC-II complex. LAG-3 can preferentially inhibit activation of CD4+ T cells that 

recognize stable pMHCII. In the case of CD8+ T cells, LAG-3 can weakly inhibit the 

activation of CD8+ T cells in a manner dependent on the amount of stable non-cognate 

pMHC-II on antigen presenting cells.212  Other new ligands such as LGALS3, FGL1, 

SNCA were recently discovered.168  Galectin-3 (LGALS3) was observed on macrophages 

but not eBL tumor cells. LGALS3 can bind to LAG3 and inhibit the cytotoxic function of 

CD8 T cells.213  Future work will examine mechanisms of action within these interacting 

receptors and ligands.  



78 

 
 

   

 

Figure 2.10 Co-expression of inhibitory receptors in eBL tumors. Heatmap showing 

co-expressors of inhibitor receptors across cluster 3. Color scale indicates proportion of 

cells that are positive for inhibitory receptors alone or in combination. Range 0 to 1, with 

0 being no expression and 1 being all cells expressing inhibitory receptors. TOX, 

transcription factor was included as a strong signal for identifying terminally exhausted T 

cells.  

 

Furthermore, we assessed co-expression of inhibitory markers across cluster 3, as it 

represents the cluster with the most inhibitory receptor expression. We observed high 

TIGIT expression in 50% of cells in cluster 3 (proportion = 0.5) (Figure 2.10). TIGIT and 

TIM3/ LAG3 co-expressed in 20% of cells. PD1 was only co-expressed in 10% of cells. 

CTLA4 being was lowly/ not co-expressed with any of the other receptors.      TOX was 
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co-expressed with TIGIT, TIM3 and LAG3. Overall, our studies suggest that cluster 3 is 

in transition in the spectrum of exhaustion states. Supporting evidence comes from the 

low expression of TOX, co-inhibitory receptors such as TIGIT, TIM3, LAG3, as well 

costimulatory receptors (TNFRSF9, GITR, CD39) and transcription factors BATF, 

EOMES and PRDM1 along with poor Ki-67 expression. 

2.3 Immunohistochemical (IHC) analysis of eBL tumor sections to 

characterize tumor infiltrating lymphocytes  

 
To further characterize the T cell subsets in the eBL tumor microenvironment, we 

performed Immunohistochemistry (IHC) focused on phenotypes identified in our RNAseq 

analysis. Even though we observed poor PD1 gene expression, we had other supporting 

evidence suggesting higher PD1 protein expression in tumors and in peripheral blood of 

eBL patients. So, we focused on PD1 and TIGIT as our main co-inhibitory receptors of 

interest. We selected Formalin-Fixed, Paraffin-Embedded (FFPE) stained tumor sections 

from Kenyan eBL patients (N=15) as well as children enrolled in our study with solid 

tumors that were diagnosed as other, non-eBL tumors (N=5). The non-eBL tumor sections 

were diagnosed as Hodgkin lymphoma (HL). The clinical information of the study group 

has been summarized in Table 4.5. We used three dual color antibody IHC panels to 

detect 1) CD4 and CD8; 2) CD20 and BZLF1; 3) PD1 and TIGIT and two single antibody 

IHC staining of PVR (CD155) and Nectin-2. We chose single staining for PVR and Nectin-

2 because they were diffuse and harder to delineate as dual stains.  
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The entire tumor section was imaged on the Tissue Finder Image analysis software which 

randomly selected 9 fields. We focused on 3 fields with good TIL density and a 

representative distribution to quantify per tumor sample. Individual fields were analyzed 

so that they can be trained on positive staining to create classifiers that can be used for 

training algorithms, as well as using the cell segmentation function for analyzing the whole 

sample.  

2.3.1 IHC staining showing increased CD8 tumor infiltrate compared to 

CD4 T cells 
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Figure 2.11 CD4 and CD8 staining on tumor sections from eBL tumors and HL 

tumors.   A) Fast Red Pink staining - CD8, Brown staining - CD4 with nuclei-stained 

purple by hematoxylin. Magnification 20x. B) Quantification of CD4 and CD8 staining in 

eBL tumors (BL) and HL tumors. Pie Charts represent distribution of CD4 and CD8 T cell 

subsets in randomized sections. Neg cells represent absence of CD4 or CD8 marker 

expression. Cell counts per mm2 of section in BL - BL diagnosed patients; HL- Hodgkin 

lymphoma patients. Ratio of CD8/ CD4 shows BL tumors having higher ratio of CD8 to 

CD4.  

 

First, we co-stained slides for CD4 and CD8 to measure the frequency of these 2 T cell 

types within the tumor microenvironment. Representative images show an eBL tumor and 

HL tumor (Figure 2.11 A). We performed randomized counting of TILs within 9 tumor 
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sections and showed a pie chart looking at the distribution across tumors. As expected, 

HL tumors have more T cell infiltration compared to eBL tumors (Figure 2.11B). We then 

focused on manual counting of TILs within areas of tumor with T cell infiltration. Both the 

stains CD4 and CD8 were successfully analyzed with detectable staining and we 

observed 0.2% - 10.2% CD8+ T cells (Median - 5.6) per field and 0.3% - 5% of CD4+ T 

cells per field in eBL tumors by brightfield immunohistochemistry. Within the eBL tumors, 

we focused on hotspots with tumor infiltration, CD8 TILs were increased in number 

compared to CD4 TILs, (p<0.0005) also shown by the CD8/CD4 ratio. Overall, we 

observed higher numbers of CD4 in HL tumor sections compared to eBL tumor sections. 

Among the 15 enrolled BL cases, 3 cases had high CD8 infiltration and little to no CD4 

infiltration and one case with high CD4 and CD8 infiltration, all shown in the representative 

figures.  

2.3.2 IHC staining showing fewer lytic reactivation with BZLF1 expression 

in eBL tumor sections 

All the tumor sections obtained were diagnosed eBL but one of the questions remaining 

was does EBV lytic reactivation increase TIL infiltrates in the tumors? In order to assess 

this, we measured CD20, a marker for B cell lymphomas, as well as BZLF1, early EBV 

lytic antigen. Almost all the eBL tumors were CD20+ (93% or more) and only one sample 

was different with 60% being CD20 positive. BZLF1 expression was almost undetectable 

on CD20+ B cells with an average 0.05% positivity in 7/11 cases (Figure 2.12C). HL 

tumors had fewer CD20 levels (43%) and low/no BZLF1 staining. Nephroblastoma tumor 

section from the tumors collected were used as a negative control for CD20.  
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Figure 2.12 Immunohistochemical staining of CD20 and BZLF1 on tumor section 

from eBL tumor and HL tumors.   Representative images of IHC stains A) CD20 & 

BZLF1 - eBL tumor & HL tumor. Fast Red Pink staining - CD20, Brown staining - BZLF1 

with nuclei-stained purple by hematoxylin. Negative control – nephroblastoma. 

Magnification 40x. B) Quantification of tumor sections for CD20 and BZLF1 expression. 

Cell counts per mm2 of section in BL - BL diagnosed patients; HL- Hodgkin lymphoma 

patients.  

 

2.3.3 PD1 and TIGIT expression in eBL tumor sections  

Based on our RNAseq and IHC results, we have established that TILs are predominantly 

composed of CD8+ T cells. Our next step was to validate expression of selected 

exhaustion markers using IHC to measure protein expression. In this analysis, we 

concentrated on specific locations in the tumor sections where we observed CD8 T cell 

infiltrates. We focused on identifying PD1 and TIGIT because of its importance in the 

literature, our scRNA-seq data, as well as protein expression observed in peripheral 

blood. Among the 14 enrolled eBL cases, as summarized in table 4.5, only one sample 

had no PD1 and TIGIT co-staining and all others had detectable expression of either PD1 

and/or TIGIT. We established categories according to PD1 and TIGIT expression and 

compared the frequency of tumors corresponding to each category (Table 2.2).  
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Table 2.2 Different categories of PD1/TIGIT expression among eBL tumors  
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Figure 2.13 Immunohistochemical staining of PD1 and TIGIT on tumor sections  

from eBL tumor and HL tumors A) Representative images of IHC stains showing 

different categories of PD1& TIGIT population in eBL tumors. PD1 staining (brown) and 

TIGIT staining (Pink). B) Quantification of PD1 only (blue), TIGIT only (red) and PD1+ 

TIGIT+ (green) co-expressing cells in eBL tumor sections. Cell count per mm2 in field of 

observation, as well percentage of cells in field are shown. Statistical analysis (Mann 

Whitney) was performed across the groups, significantly different data is represented by 

*(p < 0.05) and ns (not significant) 
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We observed higher expression of TIGIT+ cells compared to PD1+ cells in both BL tumors 

and HL tumors with comparable PD1+TIGIT+ co-expressing cells in eBL tumors 

compared to HL tumors (Figure 2.13). It’s interesting to note that despite HL tumors 

having more CD8 T cell count compared to BL tumors,  

2.3.4 IHC analysis reveals higher expression of TIGIT ligand, nectin-2 in 

eBL tumors compared to PVR 

To assess whether TIGIT ligands, PVR or nectin-2 were being expressed, we 

characterized protein expression in our eBL tumor sections. Nectin-2 expression is 

associated with better response to TIGIT blockade in multiple myeloma.214  Nectin-2 was 

abundantly present in eBL tumor tissues as seen by the positive staining of nectin-2 

localized in the cytoplasm (Figure 2.14A). However, no nectin-2 expression was observed 

from our scRNAseq data. This can be explained by Nectin-2 being present in soluble form 

and being detected via IHC. PVR protein expression was low across all eBL tumors. TIGIT 

and Nectin-2 expression from the same tumors were compared to measure correlation of 

TIGIT expression with nectin-2. Both PVR (R2=0.04, p=0.5) and nectin-2 (R2=0.04, p=0.5) 

were not correlated with TIGIT expression, suggesting alternate mechanisms involved in 

TIGIT-dependent signaling in eBL tumors (Figure 2.14C). One possibility is high TIGIT 

expression indirectly affects the tumor microenvironment by interacting with other immune 

cells such as suppressing antigen presentation in DC’s. We were unable to capture any 

DCs in our scRNAseq samples but future studies can focus on enriching antigen 

presenting cells in tumor biopsies.  
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Figure 2.14 PVR and nectin-2 expression in eBL tumor sections (A) Representative 

images of Nectin-2 staining along with TIGIT staining. (B) Nectin-2 and PVR expression 

across the different categories of PD1 TIGIT co-expression in tumors. (C) XY plot 
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comparing nectin-2/PVR with TIGIT expression. R2 value and p values were calculated 

using spearman correlation coefficient analysis.  

 

 

2.4 Case control study comparing eBL patient T cell profiles with 
healthy controls with divergent malaria exposure  

 

After characterizing TILs in the tumor microenvironment, I sought to determine first 

whether exhausted T cells could be measured in circulating blood which is less invasive 

to obtain than a tumor biopsy; and second, to test the hypothesis that malaria-exposed 

children developed an exhausted T cell profile prior to eBL tumorigenesis which could be 

a risk factor (i.e., biomarker). Circulating T cells have been investigated in other cancers 

for being predictive biomarkers.147,215,216  We defined a 17-color flow cytometry panel of 

phenotypic markers to broadly assess the profile of immune checkpoint inhibitors, 

cytokine and memory markers. We studied the five most common inhibitory receptors at 

the time of the study, including PD1, TIGIT, TIM3, LAG3 and CTLA4.  

To determine if malaria exposure influenced CD8 T cell phenotype in eBL-diagnosed 

children, we compared them to two healthy control groups, with (Kisumu) and without 

malaria exposure (Nandi) and compared them with BL-diagnosed children (BL).  All the 

three groups experience primary EBV infection very early in life (before 2 years of age) 

and BL diagnosed children reside in areas of high malaria endemicity, similar to the 

Kisumu children. First, we measured the viral load to replicate previous studies and viral 

load characterization of our 3 study groups:  BL- diagnosed kids: mean = 3.4 log EBV 

copies/µg of DNA, Kisumu : mean = 3.4 log EBV copies/µg of DNA and Nandi : mean = 
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1 log EBV copies//µg of DNA (Figure 2.15).  Even though we cannot detect circulating 

EBV, all Kisumu and Nandi kids are EBV seropositive due to prior exposure 41.  

 

Figure 2.15 EBV viral load by qPCR across the 3 study groups (BL, Kisumu and 

Nandi). A) Frequency of study participants who tested EBV positive by PCR. B)  

Quantification of EBV copies per ug of DNA by qPCR. N=20 per group; statistical test 

was performed using unpaired t-test by Mann Whitney; ****p<0.0001.  

 

Next, we determined the frequency of PD1 expressing CD4 and CD8 T cells and found 

that the BL children had higher frequency of CD8+ PD1+ T cells (Mean 9.38%± 6.8 

,p<0.05 & p <0.0005) compared to the healthy controls (Kisumu & Nandi) (Figure 2.16). 

BL children had significantly higher PD1+CD4+ T cells (Mean 3.14% ± 1.8%, p< 0.005) 

compared to healthy Kisumu children (high malaria exposure) by the same levels as the 

Nandi children (low/no malaria exposures).  
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Figure 2.16 The frequency of PD1 expressing CD4 and CD8 T cells in circulation 

comparing BL children to healthy controls. MFI represents Mean Fluorescence 

intensity. BL= BL children; Kisumu=high malaria; Nandi = low malaria/no exposure.  Each 

dot represents a patient sample. *p<0.05, **p<0.005, ***p<0.001. p=ns (not significant). 

 

On the other hand, the frequency of CD4+ TIGIT+ and CD8+ TIGIT+ T cells were mostly 

comparable. BL children (Mean 9.97%± 7%) had comparable frequencies of TIGIT+CD4 

T cells to healthy controls Kisumu and Nandi respectively.  (Mean 10.97% ±  3.8%; Mean 

10.42% ±  5.8%) but had higher TIGIT+ CD8 T cells (Mean 31% ± 15%) compared to 

non-malaria-exposed Nandi children (mean 20.9%± 11%, p<0.05) (Figure 2.17). 

 

 

 

 



93 

 
 

   

 

Figure 2.17 The frequency of TIGIT expressing CD4 and CD8 T cells comparing BL 

children to healthy controls. MFI represents Mean Fluorescence intensity. BL= BL-

diagnosed children; Kisumu=high malaria; Nandi = low malaria/no exposure.  Each dot 

represents a patient sample. *p<0.05, **p<0.005, ***p<0.001; p=ns (not significant). 

 

I also measured TIM3, LAG3 and CTLA4 expressions across the 3 study groups. (Figure 

2.20) The frequency of TIM3+ CD8+ T cells was significantly higher in BL compared to 

controls (0.8% vs 0.4%, 0.2% respectively).  CD8+ LAG3+ T cells were less than 0.2% 

but relatively higher in BL compared to Kisumu and Nandi (p<0.05). CD8+ CTL A4+ T 

cells were not significantly different compared to healthy controls.  Combined, we had a 

low level of expression of these three inhibitory receptors amounting to less than 0.8% of 

the T cell population. Frequency of CD4+ TIM3+, CD4+ LAG3+ and CD4+ CTLA4+ cells 

were not different compared to healthy controls.  
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Figure 2.18 TIM3, LAG3 and CTLA4 expression in resting CD4 and CD8 T cells 

comparing BL, Kisumu and Nandi children. BL= BL children; Kisumu=high malaria; 

Nandi = low malaria/no exposure. Each dot represents a patient sample. *p<0.05, 

**p<0.005, ***p<0.001; p=ns  (not significant). 

 

We next examined the ability of CD4+ and CD8+ T cells to produce cytokine responses 

and to test if the T cells co-expressing inhibitory receptors are defective in cytokine 

production. Lymphocyte activation can produce cytokines and the amounts produced 

correspond to stimulating reagents and kinetics of stimulation. Commonly used 
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stimulating reagents include Lipopolysaccharide (LPS), PMA/ionomycin, anti-CD3 and/or 

CD28. We chose PMA/ionomycin (PMA/Ion) for the short activation time, 4-6 hours to 

observe cytokine expression, especially INF𝛄. As an alternative cytotoxic mediator, CD8 

T cells can also express Granzyme B (GranB) following stimulation. Hence, comparing 

IFN𝛄 (IFNG) vs Granzyme B (GranB) expression was done to determine basal activation 

levels and the effect of non-specific activation by PMA/Ion.  
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Figure 2.19 (A) IFN𝛄 and (B)Granzyme B levels for BL, Kisumu and Nandi children 

with stimulation by PMA/ionomycin for CD4+ T cells and CD8+ T cells. BL= BL 

children; Kisumu=high malaria; Nandi = low malaria/no exposure.  Each dot represents a 

patient sample. *p<0.05, **p<0.005, ***p<0.001; p=ns  (not significant). Statistical analysis 

performed by paired nonparametric test - Wilcoxon matched-pairs signed rank test.  

 

Upon stimulation with PMA/Ionomycin (PMA/I), we observed activation resulting in 

marked increase in IFN𝛄 compared to resting state across all 3 groups. We next examined 

IFN𝛄 levels across activated CD4+ (mean 3.5%±3.4%) and CD8+ T cells (mean 11% ± 

8.6%) in BL children were not significantly different from healthy controls.  However, I 

observed high basal granzyme B production by CD8+ T cells (mean 30% ±13.5%) that 

was largely unchanged after PMA/I stimulation (mean 24.44% ±13.1%) in BL children. 

This confirmed that there was no defect in IFN𝛄 or granzyme B production in circulating 

T cells in BL children (Figure 2.19) 

 

In order to determine the frequency of T cells co expressing inhibitory receptors that were 

significantly different in the BL group, we analyzed PD1 in combination with TIGIT, TIM3 

, LAG3 and CTLA4. Among them, PD1 and TIGIT Co-expressors were significantly 

enriched in the BL cases (4.9% in CD4 and 7.5% in CD8) compared to healthy controls. 

Upon activation, we observed the same trend but with a higher magnitude (15% in CD4 

and 13% in CD8) as PD1 transiently increases with stimulation (Figure 2.20). This 

suggests that PD1 and TIGIT expression could be surrogate markers of highly activated 

T cells that are displaying some signs of exhaustion.  
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Figure 2.20 PD1 and TIGIT coexpressors in CD4 and CD8 T cells in resting state 

and with PMA/ionomycin stimulation. BL= BL children; Kisumu = high malaria; Nandi 

= low malaria/no exposure.  Each dot represents a patient sample. *p<0.05, **p<0.005, 

***p<0.001.  

 

Next, we were interested in evaluating the cytokine levels of PD1+ TIGIT+ T cells to 

determine if they were deficient in IFN𝛄 responses. We compared IFN𝛄 levels in the PD1+ 

TIGIT+ population with PMA/I and observed that BL children have higher levels of IFN𝛄 

(25.3%) that are PD1+ TIGIT+ compared to healthy controls (3.1% of Kisumu, 4.5% of 

Nandi respectively) suggesting that there is activation with cytokine production in PD1+ 

TIGIT+ population. In contrast, we observed that BL children with low levels of IFN𝛄 

producers are 37% of PD1- TIGIT- compared to 50% of Kisumu, 60% Nandi in controls 
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(Figure 2.21). This data highlights that PD1+ TIGIT+ cells can be activated and provide 

an effector response upon non-specific stimulation.  

                                  

 Figure 2.21 PD1 TIGIT subsets within CD8 IFN𝛄 producing cells show about 20% 

positivity in PD1+TIGIT+ population. BL= BL-diagnosed children; Kisumu=high 

malaria; Nandi = low malaria/no exposure. Each dot represents a patient sample. 

*p<0.05, **p<0.005, ***p<0.001;  
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Finally, we evaluated the heterogeneity in T cell memory populations within our PD1+ 

TIGIT+ population. We employed  markers CD45RA and CCR7 to define effector memory 

(CD45RA-CCR7-), central memory (CD45RA-CCR7+) and terminally differentiated RA 

(CD45RA+ CCR7-)re-expressing effector memory and naive-like subsets 

(CD45RA+CCR7+), as categorized by Sallusto et al.217  Comparing memory populations 

in total CD8 T cells show that CD8 Naive-like cells correspond to 60% of CD8 T cells, 

followed by 20% of CD8 T cells in TEMRA and ~5-10% in TEM and 2% in TCM. However, 

most of the PD1+ TIGIT+ population arise from TEM and TEMRA population 

demonstrating that PD1+ TIGIT+ populations arise from memory population and must 

play a role in eBL immunity.  
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Figure 2.22: CD8 T cell memory populations in resting CD8 T cells and memory 

populations within PD1+ TIGIT+ T cells  (A) CD8 memory populations in peripheral 

blood across the study groups. (B) CD8 PD1+ TIGIT+ populations show high frequency 

of TEMRA and TEM populations across the 3 . BL= BL-diagnosed children; Kisumu=high 

malaria; Nandi = low malaria/no exposure.  Each dot represents a study participant.  
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2.5 Antigen-specific CD8 T cell responses in peripheral blood 
express high PD1+TIGIT+ populations that also promote IFN𝛄 
responses in eBL patients 

 

To further investigate our finding that the BL children have a unique PD1+ TIGIT+ T cell 

population that has potential to be activated/exhausted, we aimed to look at antigen-

specific T cells in BL kids compared to healthy controls with malaria exposure (Kisumu) 

and healthy controls from low malaria exposure (Nandi). We measured EBV viral load in 

whole blood by qPCR and observed 80% of BL cases to be EBV positive with a mean 

viral load of 4 log copies/ug of DNA (Figure 2.23). Two of the eBL tumors did not show 

any EBV positivity. The healthy controls may not have enough circulating virus but 

children from these regions are 100% EBV seropositive, as previously shown.41 

 

Figure 2.23 EBV viral load by qPCR for EBV stimulation study across the 3 study 

groups (BL, Kisumu and Nandi).  A) Frequency of patients who tested EBV positive 

by PCR. B)  quantification of EBV copies per ug of DNA by qPCR. N=15 per group; 
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statistical test was performed using unpaired t-test by Mann Whitney; ***p<0.001. 

**p<0.005.  

 

Typically, antigen-specific T cells can be phenotyped using fluorochrome-conjugated 

MHC I tetramer technology. Most of these tetramers have been employed to study anti-

viral antigen specific T cells including EBV. However, most of these studies are done in 

adults. Previous data from our lab characterized CD8 T cells specific for EBV-derived lytic 

(BMLF1/BRLF1) as well as latent (LMP1, LMP2 and EBNA3C) epitopes using tetramers 

in Kisumu (EBV exposed, malaria exposed) and Nandi study groups (EBV exposed) 

against HLA-A*201-restricted donors.84  However, the average frequency for EBV lytic 

and latent antigen-specific responses were low- 0.02% of CD8+ T cells in these children. 

Contrasting this with studies in adults in IM patients with CD8 T cell expansion which 

report a higher frequency of 1-40 and 1-5% of total CD8+ T cells against individual lytic 

and latent epitopes.218  One other study looked at MHC-tetramer analysis with an N of 2 

in asymptomatic EBV infected Gambian children at an early time point of infection and 6 

months later.  Six months after EBV exposure, they observed a frequency of 1.8% of CD8 

T cells to RAK-epitope and 0.43% to GLC epitope219 suggesting activation, as they co-

expressed HLA DR and CD38. Combined these studies suggest there is a small 

expansion of CD8 T cells in primary EBV asymptomatic infection in children in Africa and 

they are effective at clearing the virus.  

To determine what proportion of EBV antigen-specific T cells exhibit the phenotype PD1+ 

TIGIT+ population, we utilized overlapping peptides to stimulate antigens against BZLF1 

(lytic antigen) and EBNA1 (latent antigen), as outlined in methods (chapter 4).  We tested 
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antigen-specific T cells by using activation-induced markers CD69, 41BB or analyzing 

cytokine IFN𝛄, TNFα responses via intracellular cytokine staining. Responders were 

defined as individuals expressing higher levels of cytokines or activation induced markers 

(CD69+/41BB+) after stimulation with EBNA1/BZLF1 peptides compared to the 

unstimulated condition (DMSO) (Fold change>1). We observed greater than 50% 

responders across study groups. In the BL and Kisumu groups, we noticed higher BZLF1-

specific CD69+41BB+ cells compared to EBNA1-specific CD69+41BB+ cells (Figure 

2.24). In the Kisumu children, we distinguish higher frequency of IFN𝛄 responders with 

EBNA1 suggesting a stronger IFN𝛄 response. Similarly, Nandi displayed a higher 

frequency of IFN𝛄 responders with EBNA1 compared to BZLF1 stimulated. 

 

Figure 2.24 Frequency of IFN-𝛄 responders and CD69+ 41BB+responders in CD8 

T cell populations with EBNA1 and BZLF1 stimulations.  

 

CD8 T cell responses were detected by IFN𝛄 positivity in 66% of EBNA1-stimulated and  

87% of  BZLF1-stimulated populations in BL children.  We observed higher frequency of 

BZLF1-specific CD8 T cell responses (0.1% of CD8 T cells) in BL children (Figure 2.25). 
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BZLF1-specific responses in healthy controls were much lower (Kisumu-0.02%, Nandi - 

0.03%) compared to BL children. This is consistent with studies showing that about 46% 

of BL patients elicit a response to a pool of EBV lytic antigens, including BZLF1.220 BZLF1-

deficient EBV in humanized mice develops fewer lymphomas and early lytic replication is 

required for lymphomagenesis.221,222  Hence, BZLF1-specific CD8 T cell responses can 

help clear EBV infections. We also observed equivalent EBNA1-specific CD8 T cell 

responses (0.06%) in BL children compared to healthy controls (Kisumu-0.07%, Nandi - 

0.06%) (Figure 2.25). This is consistent with our published study demonstrating 

polyfunctionality of EBNA1-specific CD8 T cells in BL children and showing no loss of 

IFN𝛄 in CD8 compartment.223  Even though our seminal study reported a low frequency 

of IFN𝛄 responders to EBNA1 stimulation in PBMCs, as measured by ELISPOT220, we 

have demonstrated that the deficiency arises from NK cells in BL compared to healthy 

controls.89  Even though EBNA1-specific CD4 T cell responses have been studied more 

in depth due to EBNA1 protein having gly-ala repeats that interferes with proper antigen 

presentation via MHC class I, there are alternate methods of antigen presentation such 

as  cross-reactive epitopes that are exogenously presented to CD8 T cells.121 
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Figure 2.25 EBV IFN𝛄 CD8 T cell responses of BL children compared to healthy 

controls (A) Frequency of CD8 IFNG+ cells across the study groups with BZLF1, EBNA1 

stimulation. (B) CD8+ IFNG+ Fold Change over DMSO comparing BZLF1 and EBNA1 

stimulated CD8 T cells. (C)  Mean Fluorescence intensity (MFI) of IFNG in CD8+ IFNG+ 

subsets in the three groups. statistical test was performed using unpaired t-test by Mann 
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Whitney; *p<0.05, **p<0.005, ***p<0.001, p=ns, not significant. When p<0.1, it's indicated 

in the graph.  

 

We further explored T cell memory populations within the CD8+ IFN𝛄+ cells across the 

study groups. Most of the BZLF1-specific IFN𝛄 responses come from effector memory 

(TEM) (50%) and naive-like populations (28%) in the BL group.  In healthy controls, most 

of the IFN𝛄 responses come from the same population but with a higher distribution in 

Naive-like populations (45% in Kisumu, 38% in Nandi).  Naive-like populations making 

IFN𝛄 responses in pediatric children is not surprising, as we have previously shown this 

to be the case with EBNA-1 specific stimulation in CD4+ and CD8+ T cells.223  We observe 

the same trend in IFN𝛄 responses from EBNA-1 specific stimulation of CD8+ T cells 

showing most of the response from TEM and Naive-like populations (Figure 2.26).  
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Figure 2.26 Effector/Memory T cell subset distribution within CD8 IFN𝛄 responders 

across EBV stimulation show majority are from TEM population in BL. A) BZLF1 

stimulated CD8 IFN𝛄 responders across the 3 study groups. B) EBNA1 stimulated CD8  

IFN𝛄 responders across the 3 study groups. BL= BL children; Kisumu=high malaria; 

Nandi = low malaria/no exposure. 
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Figure 2.27 EBV-antigen specific CD8 T cell responses of BL children determined 

by CD69+ 41BB+ expression compared to healthy controls (A) Frequency of CD8 

IFNG+ cells across study groups with BZLF1, EBNA1 stimulation. (B) CD8+ CD69+ 

41BB+ Fold Change over DMSO comparing BZLF1 and EBNA1 stimulated CD8 T cells. 

statistical test was performed using unpaired t-test by Mann Whitney; *p<0.05, **p<0.005, 

***p<0.001, p=ns, not significant. 

 

Similar to IFN𝛄-specific CD8+ T cells, CD8+ CD69+ 41BB+ were also highly expressed 

in BL cases with BZLF1 stimulation (0.8% of CD8 T cells) compared to healthy controls 

(Kisumu-0.4%, Nandi-0.2%) (Figure 2.27). On the other hand, EBNA1-specific CD8 T 
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cells were only significantly expressed in healthy control, Nandi.  BL cases were not 

activated with EBNA1 and were not significantly expressed over DMSO. This provides 

evidence of antigen-specific responses in the BL group with BZLF1 stimulation. 

Comparing fold change expression of CD8+ CD69+ 41BB+ cells over DMSO across 

simulations, we observed no significant effect across the 3 study groups. This suggests 

dampened activation, as noted by fold change of CD8+ CD69+ 41BB+ expression with 

EBNA1 and BZLF1stimulation. Furthermore, we analyzed the PD1+TIGIT+ population 

within antigen-specific responses to determine if they are defective in effector functions 

such as IFN𝛄 production or activation. We detected 56% of IFN𝛄 responders to be 

PD1+TIGIT+ population in BZLF1-stimulated BL children compared to healthy controls 

(39% of Kisumu, 36% of Nandi respectively) (Figure 2.28). Similarly, with EBNA-1 

stimulated populations, we observed 45% of IFN𝛄 responders to be 

PD1+TIGIT+population in BL children compared to healthy controls (19% of Kisumu, 25% 

of Nandi respectively). This suggests that the PD1+ TIGIT+ cells have a more activated 

phenotype and can express cytokines such as IFN𝛄. Similarly, using activation induced 

markers (CD69+ 41BB+), we observed 54% of BZLF1 and 50% of EBNA1-specific 

responses to be PD1+ TIGIT+ compared to 35% of healthy controls. We also measured 

TNFα responses but they were unchanged with stimulation and hence were not included 

in the analysis. Collectively, these data suggest that higher proportion of antigen-specific 

responses comprise PD1+ TIGIT+ population in the BL group compared to healthy 

controls.  
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Figure 2.28 PD1+ TIGIT+ population within antigen specific CD8 T cells.  (A) BZLF1- 

specific CD8 T cell responses across 3 study groups. (B) EBNA1-specific CD8 T cell 

responses across 3 groups. *p<0.05; **p<0.05, p=ns, not significant.  

 

TOX is a transcription factor  closely associated with T cell exhaustion and has been 

promoted to be exhaustion-specific driver of loss of T cell function based on studies in 

mice.100  Expression of TOX increases upon T cell activation and differentiation into 

effector cells and TCF1 is downregulated in the same T cell subset. Hence the paradigm 

suggests antigen persistence promotes elevated TOX expression and could be used as 

a marker of exhaustion. More importantly, exhausted T cells with memory characteristics 

can also express TCF-1, whereas exhausted T cells lacking memory potential are devoid 

of TCF-1 expression based on adoptive transfer experiments with TCF1+/ TCF1- 
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populations.224  TOX+ populations are found in both TCF1+ (precursors of exhausted T 

cells) and TCF1- populations (effector T cells).115,225  We determined the proportion of 

TOX+ TCF1+ population within CD8+ CD95+ memory populations across the 3 groups. 

About 70% of the CD8 memory population were TOX-TCF1+, 20% TOX+ TCF1+ and 2-

5% of TOX+TCF1-(Figure 2.29A). This suggests overall with chronic EBV exposure, 20% 

of memory cells are TOX+ TCF1+ cells that are typical of precursor exhausted T cells in 

all 3 of our groups. Next, we determined TOX/TCF1 expression on antigen-specific 

responses (IFN𝛄) with EBNA1 and BZLF1 stimulation. With both EBNA1 and BZLF1 

stimulation, CD8+ IFN𝛄 T cells expressed high proportions of TOX+ TCF1+ (70-80%) 

across all 3 groups (Figure 2.29B).  This suggests EBV-specific CD8 T cells express 

TOX+TCF+ and it's not enriched in the circulating T cells of tumor-bearing patients, as it 

is observed across all 3 study groups.  Similarly, CD69+ 41-BB+ cells also expressed 

high amounts of TOX+ TCF+ (80-89%) subset within the memory pool. This is in line with 

evidence from Sekine et al115 measuring TOX expression in EBV specific responses in 

healthy EBV carriers.  Most tetramer-specific EBV responses were TOX+ TCF1+ 

suggesting virus-specific memory populations also express TOX.  
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Figure 2.29 Expression of TOX and TCF1 in EBV-specific CD8+T cells.  A) Percent 

expression of TOX/TCF populations in memory populations, gated on CD8+ CD95+ T 

cells within the 3 groups. Frequencies of IFN𝛄+ CD8+ T Cells with B) BZLF1 and                 

C) EBNA1 stimulation measuring TOX+/- and or TCF1+/- phenotype.  

2.5.1 Unsupervised clustering of flow cytometry data identifies diversity of 

PD1+ TIGIT+ populations  

 

Multiparameter flow cytometry is getting increasingly complicated with larger flow 

cytometry panels and co-expression of markers. Hence, it's challenging to perform data 
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analysis involving conventional manual gates and deconvoluting rare subsets 

distinguished by only a few parameters. Visually analyzing all combinations of a 20-

parameter dataset by manual gating alone is insufficient to explore all the possible dot 

plots. Development of bioinformatic tools like t-SNE, opt-SNE and uniform manifold 

approximation (UMAP) represent them on axes that are algorithmically generated to 

visualize complex datasets in 2 dimensions.226,227 Unsupervised clustering analysis 

algorithms  such as SPADE228, FLOWSOM229, phenograph230 are hugely popular for 

separating functionally distinct clusters. These tools help identify unique cell clusters that 

are otherwise not pursued by manual gating or hypothesis-driven analysis. Here, we 

employed multi-omics integration using OMIQ231 platform to analyze our large dataset 

with opt-SNE and FLOWSOM clustering.229  I enriched our dataset with manual gating to 

ask more focused questions on populations of interest. I delved deeper using unbiased 

clustering to identify subpopulations of PD1+ TIGIT+ CD8+ T cells that are highly enriched 

in BL children compared to healthy controls. We hypothesized that additional insights into 

these high-dimensional data can highlight EBV specific signatures in PD1+ TIGIT+ 

population. We down sampled at least 1200 events up to 5000 events of CD8+ PD1+ 

TIGIT+ T cells from each sample including resting, stimulated (EBNA1, BZLF1) PBMCs 

from all three study groups (BL, Kisumu and Nandi). We used FLOWSOM to cluster these 

PD1+ TIGIT+ populations into groups based on their normalized marker expression and 

visualized via opt-SNE (Figure 2.30A). FLOWSOM analysis identified 15 metaclusters 

based on expression of memory markers, cytokines, exhaustion-associated transcription 

factor and cytotoxic molecules.  Clustered heatmap based on abundance of these 

populations within the meta clusters is visualized in Figure 2.30B. Some meta clusters 
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were enriched in BL (MC1,MC2, MC8, MC13) and some enriched in BZLF1(MC8, MC13) 

and in EBNA1( MC12).  

 

 

Figure 2.30 Unsupervised meta clustering of PD1+ TIGIT+ T cells via FLOWSOM 

analysis (A) opt-SNE plots showing the metaclusters 1-15 (MC1-MC15) (FLOWSOM) 

differentiating PD1+ TIGIT+ cells. (B) Hierarchical clustering of abundance of 

metaclusters among the three groups (BL, Kisumu (KC) and Nandi (NM) across both 

EBNA1 and BZLF1 stimulation contrasted with unstimulated.   

 

The same meta clusters were visualized on opt-SNE plots to show marker expression 

intensities normalized within the study group (Figure 2.31). Z-score for each of the 

indicated markers is shown on the right. Even though they were all gated on PD1+ TIGIT+ 

populations, we see a range of PD1low and PD1high, as well as TIGITlow and TIGIThigh 

populations. Most of the PD1+ TIGIT+. We can identify meta clusters of activation based 
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on CD69 - MC13, as well as that most of the PD1+TIGIT+ population is memory 

(CD45RA-CCR7- CD95+). This gives us a general overview of marker expression across 

clusters. Furthermore, we identified significantly different clusters between the individual 

groups by using SAM, a statistical analysis method which is explained below.  
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Figure 2.31 Fluorochrome intensities superimposed on opt-SNE embedding for a 

subset of markers. (A) PD1, TIGIT, CD69, 41BB expression (B) Memory marker 

expression (C) TCF/TOX transcription factors, as well as cytotoxic mediators granzyme 

B, perforin-1 (D) Cytokine expression. Color scale: MFI expression of each individual 

marker in a normalized log scale.  
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Significance Analysis of Microarray (SAM) analysis 

SAM is a statistical tool originally used for large scale gene or protein expression analysis 

in microarrays.232  SAM identifies statistically significant genes or proteins by carrying out 

a series of gene/protein-specific t-tests (non-parametric) and computes a statistic dj, for 

each gene j, measuring relationship between gene expression and a response variable. 

Genes with scores higher than the threshold are considered statistically significant.  It has 

recently been adapted to study large protein datasets in mass cytometry and Flow 

cytometry.233  We performed multiclass SAM analysis by using the abundance of 

metaclusters, as the measure across the stimulations (EBNA1,BZLF1) in the 3 groups 

(BL, Kisumu and Nandi) with 100 permutations and a false discovery ratio (FDR) cutoff-

value of 0.1.  

 

BZLF1 

We observed meta clusters, MC -2,11,13 to be significantly different between groups BL, 

Kisumu and Nandi (SAM score - 0.99, 0.83, 0.80). MC2, MC13 are highly expressed in 

BL compared to healthy controls. MC11 is highly expressed in Nandi healthy control. 

Then, we embarked on analyzing these meta clusters for their unique signature based on 

marker expression. Based on markers in our phenotyping panel, we determined 

phenotypes to be,  

1. MC2- PD1+ TIGIT+ TOX+ TCF+ TEM  

2. MC13- PD1+ TIGIT+ TOX+ TCF+ CD69+ 41BB+ GranB + TEM  

3. MC11- PD1low TIGITlow TOXlow TCF+ GranB+ TEMRA. (Figure 2.32) 
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Figure 2.32 SAM analysis showing enriched meta clusters across the 3 groups, BL 

Kisumu and Nandi in BZLF1- stimulated clusters.  Box Plots showing significant meta 

clusters by SAM analysis. Median shown in boxplots.  Bar plots showing fluorescence 

intensity of marker expression in meta clusters in A) MC2, B) MC11, and C) MC13.  

EBNA1 

Similarly, we observed meta clusters, MC -2,11 to be significantly different between 

groups BL, Kisumu, and Nandi in EBNA1 stimulated condition (SAM score - 0.98, 0.68). 

We also observed increased abundance of MC3 (enriched in Nandi, SAM score 0.57).  
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Figure 2.33 SAM analysis showing enriched meta clusters across the 3 groups, 

BL, Kisumu, and Nandi in EBNA1- stimulated clusters.  Box Plots showing 

significant meta clusters by SAM analysis. Median shown in boxplots.  Bar plots 

showing fluorescence intensity of marker expression in meta clusters in A) MC2, B) 

MC11, and C) MC3. 

2.6 Limitations of study 

ScRNA-seq experiments are challenging to analyze due to high dimensional data, signal 

to noise ratio, detection limit, as well as identifying rare populations. Several factors lead 



122 

 
 

   

to technical noise in scRNA-seq such as cell loading, non-uniform cell lysis, reverse 

transcriptase efficiency, amplification, and sequencing batch effects. Dropout (genes that 

are transcribed but fail to be captured) rates vary across the different protocols. The 

dropout events occur due to low levels of mRNA in individual cells, poor capture and 

stochasticity of mRNA expression.234  One of the strategies is to use a set of spike-in 

control mRNA to distinguish technical noise levels from biological variability which we 

have used in our protocols. Annotating single-cell gene expression data is a challenge, 

as more and more datasets are produced. The main issue being the gene expression 

levels are not discrete but rather continuous. We capture one time point and without 

comparing it to another state (previous or past), it’s harder to interpret the data. The other 

issue being gene expression does not always correlate to function, as in protein 

expression. We have annotated our marker genes using manual annotation and by 

comparing published markers in the databases and this process was time consuming and 

had multiple iterations. In the future, we hope to use better tools for automatically 

annotating cells by comparing new data with existing databases.  

We only had paired TILs and PBMCs for one sample but moving forward collecting more 

paired samples will help us understand and contrast T cell populations between the 

peripheral compartment and tumor microenvironment. We also hope to collect more 

samples with different patient outcomes to delineate T cell populations in survivors vs 

non-survivors.  
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2.7 Conclusion & Discussion  

This is the first study to measure single-cell RNA seq profiles from eBL tumors to our 

knowledge. Our analysis has revealed inter-individual heterogeneity in B cell lymphoma 

cells, as well as associated tumor-infiltrating lymphocytes. In this study, employing single 

cell RNA sequencing and IHC analysis, we have reached an understanding of the tumor 

microenvironment both qualitatively and quantitatively in eBL tumors.  BL tumors were 

categorized as “cold tumors” based on lack of T cell infiltration. However, we have shown 

evidence that there is increased presence of TILs in eBL tumors. From our fresh biopsies, 

we get an estimation of the frequency of tumor-infiltrating lymphocytes. One sample was 

4% of total cells recovered from the biopsy whereas the other was 17% of total cells 

suggesting that not all eBL tumors are sparsely infiltrated with T cells. Of the tumor-

infiltrating populations, we observed mostly CD8 T cells, macrophages, monocytes, 

neutrophils, and RBCs. We observed heterogeneity within tumor cells, in terms of cell 

cycle genes, antigen presentation and granulocyte activation. We tested for a panel of 

checkpoint inhibitors in TILs via both scRNA-seq and IHC. We observed an enrichment 

of CD8 T cell cluster that highly co-expressed inhibitory receptors PD1, TIGIT, TIM3, 

LAG3 as well as granzyme K and Perforin via scRNAseq. This cluster expresses TOX 

but also retains some TCF expression suggesting that this population is not terminally 

exhausted but it’s in a pre-dysfunctional state. It expresses functional markers such as 

cytotoxic and activation markers. We measured protein expression in tumor sections 

which confirmed increased CD8 TIL infiltration compared to CD4 TILs. We detailed 

greater diversity in PD1 and TIGIT populations that we categorized based on the 

presence of high/low level expression of markers. In the future, we hope to segregate BL 



124 

 
 

   

tumor biopsies based on their PD1 and TIGIT expression and conduct an in-depth 

analysis of correlation between disease progression and inhibitory receptor expression. 

Our hypothesis was to test if tumors express ligands that can recognize these inhibitory 

receptors and dampen T cell signaling.  We measured TIGIT ligands PVR and nectin-2 

to correlate with TIGIT expression in our eBL tumors. Even though nectin-2 was 

abundantly expressed, we were unable to find concordance between TIGIT expression 

and nectin-2 ligand. This suggests an alternate mechanism for TIGIT signaling in eBL 

tumors such as immunosuppressive cytokine environment induced by TIGIT signaling in 

DCs. In the future, we recommend pairing gene expression and protein expression from 

the same sample to evaluate inhibitory receptors and ligands, as we were able to detect 

poor PD1 and nectin-2 gene expression but a more robust protein expression in eBL 

tumors.  

We further tested for inhibitory receptors on circulating T cells in BL patients and control 

groups. PD1 and TIGIT were highly expressed in both CD4 and CD8 T cells in resting 

state in peripheral blood compared to healthy controls. Antigen-specific CD8 T cell 

responses against BZLF1 were more robust compared to EBNA1 suggesting an 

expansion of lytic-antigen specific T cell responses in eBL patients. This was observed in 

both IFN𝛄 producers, as well as using activation induced marker CD69+41BB+. This is 

commonly observed in other acute EBV infections such as AIM, where we observe 

immunodominance among EBV lytic cycle proteins as targets for CD8 T cells. 81 BZLF1 

is also highly immunodominant in other EBV-associated cancers. However, eBL tumors 

don’t typically express BZLF1. This suggests lytic reactivation and CD8 expansion against 

early immediate BZLF1 antigen during/ before BL tumorigenesis. We evaluated BZLF1 
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expressing tumor cells within our tumor sections but found them to be very low (~0.02%). 

In summary, we have identified unique T cell populations in TILs and PBMCs in eBL 

tumors, as well as a role for BZLF1- specific CD8 T cells in circulation  
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PREFACE TO CHAPTER Ⅲ 

 

Chapter 3 contains original text from Priya Saikumar Lakshmi and wrote the manuscript that is 

currently under review in Life Science Alliance. Our lab members in Kenya helped establish the 

BL cell lines. Dr. Cliff Oduor analyzed ScRNA-seq presented in 2.2.  Pam St Louis helped with 

the mouse injections and helped sacrifice mice in experiments presented in this chapter. Dr. 

Michael Brehm and Dr. Ann Moormann designed experiments and critically helped review this 

work   
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CHAPTER Ⅲ 

ESTABLISHING NEW PATIENT-DERIVED BL CELL LINES & 
MOUSE MODEL TO STUDY eBL TREATMENTS   

3.1 Introduction  

Patient-derived tumor models are essential tools in studying drug targets and other 

preclinical studies. These models help predict the responses of individual patients to 

various treatments facilitating an understanding of heterogeneity in tumors.  Majority of B 

cell lymphoma patients respond to chemotherapy, yet most relapse due to development 

of therapeutic resistance.235  Furthering the understanding of the biology of relapsed B-

cell lymphoma will help develop alternate strategies of intervention. Long-established B 

cell lymphoma lines are widely studied but evaluating drug targets using these cell lines 

is limited by the lack of correlation between drug responsiveness in vitro vs patients. We 

set out to establish new cell lines from patient biopsies to study tumor variation in eBL 

tumors. Xenograft models using patient-derived cell lines (PDC)  have been used to study 

therapeutic targets in tumors.185,236  Recent studies highlight that Patient-derived 

xenograft (PDX) models can recapitulate treatment responses of the parental tumor and 

predict choice of therapeutic target and regimen.237  Preclinical model systems that 

capture genetic and functional heterogeneity are essential to study targeted treatments.  

Mouse models to study EBV-derived lymphomagenesis have moved towards humanized 

mice as EBV has narrow tropism for humans. Our goal was to study immune responses 
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to eBL tumors and to understand tumor variation with them. To further this goal, we 

developed new patient-derived cell lines that can be engrafted into immuno-deficient 

mouse models. We focused on NSG mice as models for PDC avatars (representing 

individual patient tumors) for studying patient-specific therapy in BL (NSG-BL). NSG mice 

have good engraftment efficiency and can be engrafted with a functional human immune 

system, where we can study primary human tumors alongside immune interactions in 

vivo. Based on the source of immune cells engrafted, we can generate human peripheral 

blood lymphocyte SCID mice, (Hu-PBL-SCID) which can engraft effector and memory 

populations. Using human hematopoietic cells (CD34+ cells) in SCID mice, we can 

generate primary immune responses by a naive immune system in Hu-SRC-SCID. We 

were not successful in engrafting Hu-PBL-SCID mice with the small dose of PBMCs 

collected from pediatric BL children. However, we did observe differences in tumor growth 

kinetics and survival with Hu-SRC-SCID mice. Moreover, we tested rituximab efficacy 

across three patient derived cell lines in the NSG-BL tumors. We compared gene 

expression profiles of rituximab-responsive versus resistant tumor lines to further 

understand resistance mechanisms.  

3.2 Establishment of new patient-derived BL cell lines 

To generate new patient-derived BL cell lines, we optimized previous protocols238 that 

have been established for established cell lines from biopsies.238 An overall schema 

describing the steps leading to the establishment of BL cell lines as well as the avatar 

mouse model  is shown in Figure 3.1. In this study, we present five new patient-derived 

tumor cell lines (BL717, BL719, BL720, BL725 and BL740) established from fine-needle 
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aspirates (FNAs) collected at the bedside from eBL patients in Kenya, Africa. Most of our 

cell lines grew as typical uniformly round B cells that formed aggregates in suspension, 

but one of the five lines, BL719 grew as a more dispersed single-cell suspension. As 

mentioned previously, EBV has strain variation of both type 1 and type 2 based on 

sequence divergence within the EBNA2 gene.239,240  In our newly derived lines, we have 

two EBV type 2 cell lines, as well as three EBV type 1 cell lines. We measure growth rates 

in cell lines in vitro, with the EBV type 1 lines doubling times ranging from 25-34 hours 

and EBV type 2 lines doubling every 47-50 hours (Table 3.1). The growth pattern and rate 

of replication of most of our new BL cell lines were similar to previously long-established 

standard BL cell lines, such as Raji, Daudi, which also have cells forming adherent clumps 

in suspension. In our experience establishing these cell lines, some tumors require more 

time to establish in vitro and the clustering phenotype should not be used as a mark of 

success in establishing the cell line (Figure 3.2). 

Table 3.1 Characteristics of newly established patient-derived BL cell lines, 

growth rate, MYC translocation and EBV viral copies.  
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Figure 3.1 Key experimental steps summarizing establishment of BL tumor cell 

lines and transplantation into NSG mice. Transcriptomic analyses were performed on 

original eBL patient tumor samples, new BL cell lines and NSG-BL mouse tumors. NSG-

BL tumors were harvested and stained with antibodies for flow cytometry and formalin-

fixed for immuno-histochemistry staining. 
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Figure 3.2 Representative bright field images showing tumor cell growth 

phenotype during in vitro cell culture.  

3.3 Molecular characterization of patient-derived BL cell lines 

To confirm that our new BL tumor cell lines recapitulated key features of eBL patient 

tumors, we characterized the BL cell lines based on the presence of IGH or IGL/ MYC 

translocations and EBV, as well as expression of key B cell lineage markers (CD20, 

CD10, CD19) seen in BL tumors. All five BL cell lines contained a MYC translocation 

involving the immunoglobulin loci, determined by fluorescence in situ hybridization (FISH) 

(Figure 3.3). Four had the classical t(8;14) translocation involving the immunoglobulin 

heavy chain gene (IGH) and one (BL720) had the  rarer t(8;22) translocation juxtaposing 

MYC /lambda light chain (IGL).  
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Figure 3.3 Fluorescence in situ hybridization (FISH) analysis for detecting 

chromosomal translocation in BL cell lines. IGH/MYC fusion probe and chromosome 

14 centromere probe show classical t(8;14) MYC translocation for four of our BL cell lines, 

except for BL720 which shows no evidence of the MYC/IGH t(8;14) fusion. Aqua signal 

(A) = centromere of chromosome 8, red signal (R) = MYC (8q24), green signal (G) = 

IGH(14q32.3), yellow signal (F) = MYC/IGH fusion. For BL720, further testing was done 

using the MYC break-apart probe set supporting IGL-myc fusion t(8;22), as shown on the 

right BL720 image shown together in the outlined box.  

All our BL cell lines had uniform diagnostic features such as CD20 and CD10 expression, 

although there were minor variations in the abundance of surface marker expression, as 

determined by flow cytometry. BL717 and BL725 cell lines had the greatest CD20 

expression (>95% of the cells) followed by BL720, BL740 (~90%) and BL719 (~88%). All 

the BL cell lines were CD10 positive, with variability in CD10 expression, ranging from 

34% to 97% , and thus surpassed the diagnostic threshold of >20%. 
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Figure 3.4 Surface protein expression markers characterizing eBL tumor cells via 

flow cytometry. A) Representative flow cytometry cytoplots showing surface expression 

of key diagnostic markers for BL (CD19, CD20, CD10). B) Heatmap on the left represents 

the mean (of 3 independent experiments) frequency of CD20, CD19 and CD10 

expression for newly established BL cell lines (BL717, BL719, BL720, BL725 and BL740) 

assessed by flow cytometry with CD20 (SD = 4.68), CD19 (SD= 10.58) and CD10 (SD= 

14.67). C) Histograms show mean fluorescence intensity (MFI) of CD20 expression 

across five BL cell lines, unstained control in grey.  
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To detect EBV, we performed RNA-in situ hybridization (RNA-ISH) for EBV-encoded 

small RNAs (EBERs), the most abundant viral RNA in EBV-infected cells. We observed 

positive staining for EBERs in the nuclei of all five BL lines (Figure 3.5). RNA negative 

probe was used as control. In addition, we also measured EBV load by highly sensitive 

digital droplet PCR (ddPCR) and found a tight range of 20-28 EBV copies per cell across 

the new lines (Table 3.1). We also determined the EBV type by using ddPCR with primers 

in type specific EBNA2 and EBNA3C, where deep-rooted variation exists.241  Three cell 

lines (BL717, BL720, BL740) contain type 1 EBV and the other two (BL719, BL725) 

contain type 2 (Table 1). No lines contained both types. 

 

Figure 3.5 EBER staining (shown in purple) by in situ hybridization (RNA-ISH) 

assay demonstrated EBV positive status for all our five patient-derived cell lines. 

Negative RNA probe shows no staining.  

We compared the long-established old BL cell lines with new BL cell lines, as well as 

patient tumors to determine variation. Principal component analysis (PCA) imparts distinct 

gene expression signatures for each group, notably with the newly established BL cell 

lines clustering closer to the eBL patient tumors compared to older BL cell lines. We 

narrowed down genes accounting for variation in PC1 (top loading values) that were 
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primarily involved in ion channel activity contributing to cell mitotic biochemical signaling, 

cell cycle progression, and proliferation. This implies that the long-established BL cell 

lines have likely acquired more robust growth activity and metabolic processes compared 

to freshly isolated patient tumors and newly derived BL cell lines. Genes associated with 

PC2 (top loading values) were involved in biological processes linked to immune system 

response and regulation, as well as the extracellular matrix (Appendix S1). This is 

consistent with differences due to the presence of leukocytes and stromal cells in the 

patient samples.   
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Figure 3.6 New BL cell lines maintain the gene expression profile of their parental 

eBL tumors but significantly differ from old BL cell lines 

(A) PCA of gene expression comparing patients' eBL tumors (red dots), new patient-

derived BL cell lines (green dots), and long-established “old” BL cell lines (blue dots, 

Namalwa, Raji, Daudi and Jijoye). (B) MA plot showing differential gene expression of 

selected BL marker genes between patient eBL tumors and corresponding new BL cell 

lines. The MA plot illustrates a log2FC (Fold change) in BL markers versus the average 
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normalized expression of these genes. The red and blue dotted lines represent logFC 

cut-offs of 1.5 and -1.5 respectively. Gene name (protein name), if different: MS4A1 

(CD20); MME (CD10); AICDA (AID); MKI67 (Ki-67). (C) Volcano plot of GSEA comparing 

old and new BL cell lines. The FDR vs the normalized enrichment score (NES) for each 

evaluated gene set is shown. Red dot represents the gene set that was significantly 

enriched in old BL cell lines while the blue dots represent gene sets significantly enriched 

in the new BL cell lines. GSEA demonstrated (D) ATF2_UP.V1_UP gene set was 

enriched in old BL cell lines, in contrast to (E) STK33_UP gene set which was significantly 

enriched in the new BL cell lines. 

We evaluated expression profiles of key genes in our new BL cell lines compared to 

corresponding tumor biopsies. Consistent with the protein expression by flow cytometry, 

our new cell lines all expressed key BL marker genes including MYC, MS4A1(CD20), 

MME(CD10), MKI67(KI-67), and BCL6 which distinguishes them from other B cell 

lymphomas. Differential gene expression (DGE) analysis showed no significant difference 

in the expression of these markers in the BL cell lines compared to the patient tumors. 

We performed DGE between the old and new BL lines and identified 860 DE genes. Gene 

set enrichment analysis (GSEA) identified the ATF2, STK33, E2F3, HOXA9 and MEK 

pathways to be significantly enriched (FDR q-value <0.2, Figure 3.6). The old BL lines 

were enriched for an oncogenic gene set associated with ATF2 activation 

(ATF2_UP.V1_UP; NES = 1.6; Figure 3D). ATF2 plays a role in regulating cell 

proliferation, survival, and DNA damage response.242  The new BL cell lines, in contrast, 

were enriched in the STK33 oncogenic gene set (STK33_UP; NES=2.5;). 

Serine/threonine kinase 33 (STK33) plays a role in regulating tumor proliferation.243  As 
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further confirmation of our findings, we used publicly available data from diffuse large B-

cell lymphoma (DLBCL) tumors, the most closely related B cell tumor, and eBL tumor 

biopsies from Ugandan patients as controls. This PCA analysis revealed that our Kenyan 

eBL patient tumors clustered with Ugandan eBL patient tumors and not DLBCL 

(Supplementary figure S1, Appendix A). 

Our tumors had varied sites of presentation (jaw/abdomen), EBV type (type1/type2) and 

patient outcomes (survivor/non-survivor) post-chemotherapy (CHOP only) (Table 3.1) 

suggesting our ability to establish new BL cell lines was not skewed by these 

characteristics. Collectively, our findings demonstrate that newly established eBL cell 

lines retain eBL patient diagnostic criteria and importantly highlight inter-patient 

differences. 

3.4 Development of BL cell line derived xenograft mouse models  

To develop BL cell line derived xenograft (CDX) mouse models, we engrafted the five 

tumor cell lines into immunocompromised NSG mice. Most of the NSG mice (92%, 22/25 

mice) efficiently grew tumors. Interestingly, we found significant growth variation across 

BL lines. BL720 developed the fastest growing tumors (within 10 days), whereas BL719 

generated tumors early but were smaller in size (170 mm3, 0.18g). The other three cell 

lines slowly formed tumors (within day 30) and grew to sizes in between BL719 and 

BL720, which were the largest. All NSG-BL avatars were followed up to 45 days with 

tumors harvested at this time point or pre-defined humane endpoint criteria, in terms of 

tumor burden (4000mm3), necrosis of tumor, or loss in body weight (>20%)(Figure 3.7). 

The BL720 avatars were the only ones sacrificed early due to heavy tumor burden (4000 
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mm3, 3g). BL719 avatars showed poor survival but with moderate tumor burden (2/6 mice) 

suggesting other pathologic mechanisms beyond tumor burden. Survival was not due to 

an increased leukemic phase as they had minimal circulating tumor cells (0.5-1%) in the 

peripheral blood on par with the standard BL lines. There was also no evidence for 

metastasis to the spleen or other organs for BL719, though we did observe metastasis 

for BL717 and BL720 avatars to the axillary lymph nodes. Relative proliferation rate of 

each BL-NSG tumor did not necessarily correlate with the corresponding BL cell line 

growth in vitro.  
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Figure 3.7 Tumor growth kinetics and survival for eBL tumor cell lines in NSG mice. 

Five patient-derived BL tumor lines injected into NSG mice varied in (A) tumor growth 

(N=5 mice per group); (B) survival kinetics (N=4 to 8 mice per group); Dotted lines 

represent tumor line (i.e. BL720) where mice were sacrificed due to reaching humane 

endpoints and the other NSG BL tumors were followed up to at least 30 days.  (C) tumor 

weights measured at experimental endpoints (N=5 to 6 mice). *BL719 tumor weights are 

from day 21 and other mouse tumors could not be recovered. 

3.5 Evaluating EBV latency in NSG-BL Avatar mouse model  

We compared EBV gene expression profiles across eBL patient-tumors and to their 

corresponding low-passage BL cell lines and NSG-BL avatars. EBV type 2 and EBV type 

1 specimens were mapped to appropriate EBV reference genomes (Table 3.1). The EBV 

transcripts represented a relatively small proportion of reads compared to the human 

transcripts (range 0.4 to 0.0001%). Overall, we observed low expression of EBV latency-

associated genes EBNAs1, 2 and 3 but LMP1 and BHRF1 were more prominent and 

uniformly expressed across BL cell lines and NSG-BL tumors. Furthermore, we analyzed 
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EBV protein expression in our NSG-BL tumors by immunohistochemistry (IHC). We 

detected EBNA-1 expression in all our NSG-BL tumors but varying in intensity; with a low 

percentage of cells within tumors (BL720, BL725, BL740) distinguished by immediate-

early protein BZLF1 expression which is sufficient to convert EBV from latent to lytic cycle. 

Old cell line, Daudi was run as a control alongside newly established cell lines. However, 

it’s important to note that Daudi BL cell line can undergo a switch from EBV latency I to 

III. 244 In addition, we measured LMP1 (latency protein expressed in latency II and III) and 

EBNA-2 (deleted in Wp-restricted latency but expressed in latency III). We found LMP1 

only expressed in BL740, suggesting a latency IIa pattern.244  Inclusion of EBNA-2 

expression for BL717, BL720 and BL725 would define them as latency IIb.244  Here, we 

show that our eBL cell lines are not all latency I phenotype as observed in the majority of 

the eBL tumors. We have observed some cells undergoing spontaneous lytic reactivation 

in BL720, BL725 in vitro and are following up with more experiments to understand what 

triggers this reactivation.  
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Figure 3.8 EBV gene expression in NSG BL tumors and protein expression by IHC 

staining shows tumor variation.  (A) Heatmap comparing EBV lytic and latent gene 

expression across eBL patient tumors, BL cell lines and NSG-BL mouse tumors. (B) IHC 

staining was performed for selected EBV proteins EBNA1, BZLF1, LMP1 and EBNA2 for 

the NSG-BL tumors. Magnification 40x.  
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3.6 Evaluating rituximab responsiveness in new BL cell lines 

Rituximab has multitude ways of controlling tumor burden including PCD, ADCC and 

CDC.245  The relative contributions of the different modes of action are still debated and 

are variable depending on the tumor involved. We studied rituximab-induced cell death 

by three independent assays: 1) detection of translocation of phosphatidylserine and 

plasma membrane integrity by double staining with Annexin V and 7AAD; 2) measuring 

mitochondrial membrane potential; and 3) measuring activation of caspase enzymes 

using fluorescent inhibitors.  

Annexin V staining shows externalization of phospholipid phosphatidylserine from the 

inner to outer leaflet of the plasma membrane. This occurs early in apoptosis. As 

membrane integrity is lost, it can be seen in the later stages of apoptosis, as well as 

necrotic processes when combined with 7AAD staining. Rituximab dosage was confirmed 

to be 10ug/ml in vitro by optimization, as well as shown in literature. We chose 24 hours 

of culture, as observed in other BL cell lines and to limit cell proliferation in the assay. 

After 24 hours of culture, we observed significant differences in AnnV+ 7AAD+ (late 

apoptotic stages) only in BL740 (mean 33% vs 18% media alone, p-value = 0.05) with 

direct action of rituximab. In early stages of apoptosis, as observed by AnnV+ 7AAD- , 

we observed no significant difference (mean 17% vs 10% media alone). BL 717 showed 

a small change with rituximab (mean 14% vs 8% media alone).  

To address the role of complement, we added complete human serum in the culture and 

evaluated rituximab in the presence of complement. BL717, BL720, BL725 had 

no/minimal effect while BL740 experienced more cell death, 39% compared with media 
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alone (18%) (p=0.1). BL719 showed a trend of increased cell death but at very low levels 

(11% of cells AnnV+7AAD+ vs 4% media alone. p=0.08).   
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Figure 3.9 Early and late apoptosis with rituximab treatment of eBL cell lines. 

Representative cytoplots showing Annexin V and 7AAD staining. The upper right 

quadrants contain the non-viable, late apoptotic/necrotic cells, AnnV+7AAD+, The lower 

right quadrants show the early apoptotic cells, AnnV+ 7AAD-. (A) Late 
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apoptosis/necrosis, (B) Early apoptosis. N of of 3 independent experiments with mean +/- 

SD.  

 

Staurosporine (1μm) was used as control for apoptosis in the Annexin V experiments. 

Staurasporine is a broad-spectrum kinase inhibitor used to induce apoptosis in a wide 

variety of tumor cells. We observed increased apoptosis with BL 720 and BL740 but the 

other BL cell lines show minimal apoptosis with Staurosporine suggesting other 

mechanisms are involved in tumor variation.  

 

Figure 3.10 Staurosporine induced apoptosis across newly derived BL cell lines.  

Early apoptosis represents AnnV+ 7AAD-. Late apoptosis/necrosis represented by 

AnnV+ 7AAD+. N of 3 independent experiments with mean +/- SD.  

 

To further evaluate rituximab-induced cell death in our BL cell lines, we measured intrinsic 

apoptosis determined by loss of mitochondrial membrane potential (MMP)246. Cells with 

high MMP promote formation of red fluorescent JC-1 aggregates, thus loss in membrane 

potential is measured as a decrease in red fluorescence resulting from JC-1 monomers. 

Of our five BL cell lines only BL740 showed significant MMP loss compared to control for 
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both rituximab (FC = 1.6, p-value=0.05) and rituximab with complement (FC =1.8, p-

value=0.07). Taken together these in vitro assays suggest that BL740 is responsive to 

rituximab-mediated cell death and CDC, without the need for cellular cytotoxicity (ADCC 

or ADCP).  

 

 

Figure 3.11 JC-1 staining indicates loss of membrane potential in BL 740.  

Cell lines are treated with rituximab (Rit), rituximab+complement (Rit+complement) or 

media alone (Media). Representative staining of JC-2 staining showing loss of red 

fluorescence with rituximab. Staurosporine (1μm) was used as control for apoptosis. N of 

3 independent experiments with mean +/- SD.  
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Apoptosis is highly regulated and one of the mechanisms involves caspase-dependent 

proteolytic cleavage of proteins leading to cell death. Activation of caspases is an 

irreversible and rate limiting step during apoptosis and can lead to more proteolytic 

cleavage resulting in caspases cascade. There are many caspases that perform different 

roles, such as caspase-3 being an executioner caspase. We used Z-VAD-FMK, an 

inhibitor specific for caspases that is directly conjugated to FITC, as a detection system 

to determine if active caspases are released in the presence of rituximab. Active caspase 

binds to the Z_VAD_FMK FITC and can be analyzed as a costain with AnnV. We 

observed variations across the BL cell lines with BL720 and BL 740 showing caspase 

activity, as well as Daudi used as control. We observed variation within our experimental 

replicates and believe as the cell lines grow in culture, they select for clones that are 

sometimes more apoptotic than others.  

 

 

Figure 3.12 Active caspase staining along with Annexin V demonstrates caspase 

activity in BL cell lines. N of 3 independent experiments with mean +/- SD.  
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In summary, we have established that BL740 is responsive to rituximab-mediated cell 

death and CDC, without the need for cellular cytotoxicity (ADCC or ADCP). BL740 

induced cell death shows Annexin V positivity, loss of mitochondrial potential and 

increased caspase activity with rituximab. We observe an increase in cell death with 

rituximab and complement suggesting other mechanisms of rituximab action can also 

play a role in BL cell lines.  

3.7 Rituximab sensitivity in NSG-BL avatar mouse models  

We evaluated rituximab treatment across NSG-BL avatar models, in vivo. We injected 

BL717, BL720, BL740 and Daudi cell lines subcutaneously into NSG mice and treated 

them with rituximab (50ug/g of mice body weight) to measure direct apoptosis in vivo, as 

shown in the schema in Figure 3.1. We increased our tumor cell concentration to 10 

million cells to account for the slow growing tumors, except for BL720 which remained at 

5 million cells per injection. Compared to the PBS group, NSG-BL tumors exhibited 

differences in direct rituximab sensitivity, consistent with our in vitro studies. We observed 

reduction in tumor growth early in BL717, BL720 but this reduction was only persistent in 

BL740. At the end of treatment (~27 days), we removed the tumors for further analysis 

and tumor weights were assessed revealing a significant difference between treated and 

untreated BL740 mice compared to the other NSG-BL avatars. BL740 tumors stopped 

growing in RIT treated mice and were significantly different from PBS mice on days 24 

(**p<0.005) and day 27(***p<0.001). Daudi, on the other hand, showed no difference in 

tumor growth with rituximab. This is consistent with mouse models demonstrating the 

mechanism of killing mediated by ADCC in Daudi tumors.248  
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Figure 3.13 Tumor growth and Kinetics of rituximab treatment in NSG-BL tumors.  

(A) Schematic showing experimental workflow showing rituximab injections post-tumor 

development and harvesting tumors for analysis. (B) Tumor growth kinetics and (C) tumor 

weight for BL717, BL720, BL740 lines injected in NSG mice treated with PBS (N=6), black 

lines or Rituximab (RIT) (N=6), red lines, alongside the Daudi cell line as a control. Arrows 
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indicate time of each injection. Tumor weights collected at the end of treatment also 

revealed significant differences in tumor weight (*p<0.05). Statistical analysis performed 

by unpaired t-test. **p<0.005; ***p<0.001. 

We performed the terminal deoxynucleotidyl transferase (TdT)-mediated dUTP nick-end 

labelling (TUNEL) technique to detect DNA breaks that occur during the last phase of 

apoptosis and observed TUNEL staining positive cells in with rituximab-treated BL740 

mice, compared to PBS-treated BL740 mice. There was no effect for the other NSG-BL 

avatars. NSG-Daudi avatars did not show any difference in tumor growth after rituximab. 

 

Figure 3.14 DNA fragmentation measured by TUNEL staining in NSG-BL tumors 

using Flow cytometry. Representative staining images of tumor cells harvested from 

NSG BL tumors (left). Quantification of %TUNEL+ cells (right). Black dots represent PBS 

and red dots represent rituximab treated tumors.  

In addition, we stained our three NSG-BL avatar tumors, as well as NSG-Daudi tumors 

for cleaved caspase-3 by IHC and observed increased caspase-3 cleavage in rituximab-

treated NSG-BL740 tumors, as well as NSG-BL720 tumors but not NSG-BL717. NSG-

Daudi mice showed sparse caspase-3 staining. It is important to note that we see 
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caspase-3 staining even in NSG-BL720 PBS tumors suggesting increased basal 

apoptotic rate compared to other tumors. Since we only measured caspase-3 activity at 

the end of the treatment, we were unable to determine if there was increased caspase 

activity earlier during the course of treatment.  

 

 

Figure 3.15 IHC staining  was performed on NSG-BL tumors treated with PBS and 

rituximab against cleaved caspase-3 antibody. Magnification 20x. 

As rituximab (hIgG) can also activate FcγR-bearing mouse cells for ADCP248, we 

measured neutrophils infiltration in tumors. We detected a greater frequency of mouse 

CD45+ cells in rituximab-treated BL740 tumors compared to untreated mice. The greater 

ratio of mouse CD45+ cells (mCD45+ ) cells/tumor cells in BL740 tumors could be due to 

the smaller size of the tumors compared to other NSG-BL tumors when the tumors were 

harvested. Further analysis of the mCD45+ cell population showed no increase in Ly6G+ 

neutrophils or F4/80+ macrophages associated with rituximab treatment in NSG-BL740 
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avatars. This implies that ADCP or neutrophil-induced ADCC specifically did not play a 

role in rituximab-sensitivity for BL740.  

 

Figure 3.16 Frequency of infiltrating mouse macrophages and neutrophils in NSG 

BL tumors. Frequency of mouse CD45+ cells in the tumors (left), frequency of Ly6G+ 

mouse neutrophils (middle) and frequency of F4/80+ mouse macrophages in tumors 

(right).  

Rituximab treatment did not affect proliferation rate of tumor cells, as measured by Ki-67 

staining. All tumors showed high Ki67% (~80% of hCD45+ cells). In summary, BL740 

displayed sensitivity to rituximab both in vitro cell lines and in vivo NSG-BL tumors in 

contrast to our other NSG-BL avatars. 
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Figure 3.17 Ki-67 staining on NSG-BL tumors shows no difference with rituximab 

treatment. Representative histograms showing Ki-67 staining of NSG-BL tumor cells 

(left), quantification of Ki-67+ cells within hCD45+ fraction of tumor cells (right).  

3.8 Molecular determinants of rituximab responses in NSG-BL 

avatar mouse models 

3.8.1 CD20 downregulation  

One of the primary mechanisms of B cell tumor resistance against rituximab is low CD20 

expression144, and many clinical studies have reported downregulation of CD20 as 

limiting its therapeutic efficacy. 250–252  In our mouse model, we measured CD20 protein 

and gene expression in our NSG-BL tumors by flow cytometry and RNA-seq, respectively. 

All NSG-BL tumors treated with rituximab show reduced CD20 expression compared to 

untreated mice. However, for some tumors, such as BL717 and BL740 this was 

particularly dramatic whereas BL720 and Daudi showed only minor CD20 
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downregulation. Differences observed in CD20 gene and protein expression could be 

driven by transcriptional regulation (i.e., BL720 and BL740).144  

 

Figure 3.18 Rituximab treatment results in CD20 modulation of the NSG BL tumors 

compared to untreated mice.  This occurs at both the level of (A) surface protein (flow 

cytometry) and (B) transcripts (RNA-seq). N=3-5 mice per group; Bars represent mean 

+/- SEM. CD20 surface antigen expression is measured by mean fluorescence intensity 

(MFI) via flow cytometry, as shown in bottom row. (*p<0.05;**p<0.005,***p<0.001;).  

 

Another possibility was that the CD20 receptor was masked by binding to rituximab. We 

eliminated this explanation using an anti-idiotype antibody that binds to a unique antigen 

binding site on rituximab, that is different from where rituximab binds to CD20. NSG BL 

mouse tumor cells were stained with idiotypic anti-rituximab to see if rituximab is still 
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bound to the CD20 receptor, masking the receptor from antibody binding. Our results 

show that the antibody is not bound to the rituximab-treated tumor cells.  We tested our 

idiotype antibody on Rituximab-treated tumor cell lines in vitro to confirm the antibody can 

bind to rituximab-treated tumor cells.  

 

 

Figure 3.19 Anti-rituximab antibody staining of rituximab treated BL cell lines and 

NSG-BL tumors.  (A) Histograms showing expression of anti-rituximab antibodies among 

the (A) NSG mouse tumors, BL717, BL740 and Daudi at the time of harvesting (Days 20-

27) (B) BL cell lines 24 hours post treatment of rituximab. 

 

3.8.2 Rituximab-induced gene expression profiles in sensitive tumor 

Of the three NSG-BL tumors treated with rituximab, only NSG-BL740 avatars experienced 

significantly smaller tumors. To further interrogate rituximab-responsiveness pathways, 

we compared the expression profiles from rituximab and PBS-treated NSG-BL740 

tumors. We identified 210 genes to be differentially expressed (logFC>1.5, and 
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FDR<0.01) among the human transcriptomes. Of the DEGs, 45 genes were upregulated 

and 165 genes were downregulated in the BL740 rituximab-treated tumors compared to 

the untreated tumors. Among the DEGs, we observe an elevated expression of genes 

such as PERP (logFC=3.3, FDR=2.77E-12), CAV1 (logFC=2.09, FDR=2.92E-09), 

ACVR1 (logFC=2.8, FDR=1.50E-13), BCL2L11(logFC=1, FDR=1.39E-05) and CASP3 

(logFC=0.6, FDR=1.5E-04)  involved in apoptosis and regulating cell proliferation and 

downregulation of BCL-2 (logFC=-0.8, FDR=4.11E-06).  

To identify novel pathways induced by rituximab, given many more genes were DE, we 

performed GSEA on the 210 DEGs, thus identifying eight gene sets with significantly 

enriched representation. Among the top enriched gene sets we observed were the 

Unfolded Protein Response (UPR) pathway, mTORC1 signaling pathway and apoptosis 

signaling in the rituximab-treated NSG-BL740 avatar (Appendix A, Supplementary Table, 

S4). The enrichment of pro-survival associated genes within the UPR and mTORC1 

signaling suggest stress responses to mitigate apoptosis induced by rituximab.  

3.8.3 IFN-α pathway implicated in BL tumor responsiveness to rituximab  

To gain more insights into the molecular mechanisms underlying differences between the 

rituximab-responsive NSG-BL740 and non-responsive (NSG-BL717, NSG-BL720) 

avatars, we performed DEG analysis and identified 878 genes DE between NSG-BL717 

compared to NSG-BL740 and 803 genes DE between NSG-BL720 compared to NSG-

BL740. Of these DEG, we observed upregulation of B cell survival genes such as 

TNFRSF13C, IRF7 and STAT3 for NSG-BL717 and NSG-BL720 compared to NSG-

BL740 tumors. GSEA analysis performed on the normalized expression values of the 
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DEGs identified the enrichment of 23 genes (such as IFI44, IFI44L, EPSTI1, IL4R) 

associated with the interferon-alpha (IFN-α) pathway in both NSG-BL717 and NSG-

BL720 tumors compared to NSG-BL740 (Supplementary Table, S5). Apoptosis and the 

mTORC1 signal responses were inherently enriched in NSG-BL740 tumors compared to 

NSG-BL717 and NSG-BL720. By IHC, we confirmed key mediators in the type I IFN 

pathway, interferon-regulatory factor 7 (IRF7) and interferon-stimulated gene-15 (ISG-15) 

expressed in NSG-BL717, NSG-BL720 and NSG-Daudi tumors but not NSG-BL740 

(Figure 3.18). The role of the IFN-α pathway in eBL pathogenesis and rituximab 

resistance warrants further investigation. 

 

Figure 3.20 IHC staining measuring IFN-α responsive proteins, IRF7 and ISG15, 

interferon-stimulated gene 15 across NSG-BL tumors. Magnification 40x.  
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3.9 Developing a cord blood-derived CD34+HSC NSG-BL mouse 

model to study T cell immune responses 

To model immune responses in the NSG-BL mice, we developed mouse avatars by 

intravenous injection of CD34+ hematopoietic stem cells (HSC) and following the 

engraftment of a humanized immune system, we injected patient-derived BL cell lines 

intraperitoneally. Cord blood-derived CD34+ HSC engrafted into NSG mice repopulates 

into human immune subpopulations with functional T cells. At least 25% of human mature 

white blood cells (hCD45+) are detected within 4 weeks of implantation and show no sign 

of GVHD (graft versus host disease).253  After evaluation of human chimerism at 12 

weeks, we injected our BL cell lines (5*10^6 cells) and observed lymphoma progression. 

NSG mice do not express HLA molecules on thymic epithelial cells and lack the ability to 

recognize antigens in a HLA-restricted manner.254  It’s important to keep this in mind the 

HSC-derived T cells are educated in the mouse thymus and are not human HLA-

restricted. We did not have partial matches with corresponding HSC donors, as the HLA 

types of our BL cell lines were not HLA-typed. We expected to observe an anti-tumor 

effect but also were likely to observe an effect of xenograft-allograft rejection.  

We tested the ability of our cell lines to grow in the presence of the human immune 

system, we observed no tumor formation with BL717 and BL740 cell line-derived tumors 

and smaller tumors with BL719. However, with BL 720, the tumors continued to grow yet 

we observed poor survival. BL719 even with smaller tumors still had poor survival.  BL 

725 grew smaller tumors but had better survival than BL719. BL720 tumors were able to 

grow in both engrafted and non-engrafted NSG mice in 2 independent experiments 



160 

 
 

   

(N=5)(Figure 3.21A). However, the reconstituted immune system is mismatched to the 

cell line-derived tumors. This highlights the immunogenicity of BL720 being able to 

overcome the T cell mediated control.  

 

4 7 11 14 18 21 24 27 31 34 39 42
0

500

1000

BL717

Days since tumor inoculation

T
u

m
o

r 
vo

lu
m

e 
(m

m
3)

BLNSG

BLNSGHSC

6 13 18 21 24 27
0

500

1000

BL719

Days since tumor inoculation

T
u

m
o

r 
vo

lu
m

e 
(m

m
3)

BLNSG

BLNSGHSC

*

6 13 18 21 24 27 29 31 35 39 42 45 48 52
0

1000

2000

3000

4000

BL720

Days since tumor inoculation

T
u

m
o

r 
vo

lu
m

e 
(m

m
3)

BLNSG

BLNSGHSC

*

T
u

m
o

r 
vo

lu
m

e 
(m

m
3)

T
u

m
o

r 
vo

lu
m

e 
(m

m
3)

 



161 

 
 

   

 

Figure 3.21 NSG-HSC mice permit the growth of eBL tumors in BL 720 lines.  

Five patient-derived BL tumor lines injected into NSG-HSC mice varied in (A) tumor 

growth compared to non-engrafted with HSC, NSG mice (N=5-8 mice per group); Blue 

lines represent NSG BL tumors, Red lines represent NSG HSC BL tumors. (B) survival 

kinetics (N=5 to 8 mice per group); All mice were sacrificed at 36 days. Mean and error 

shown.  

 

We observed tumor growth in NSG HSC BL720. Hence, we then interrogated if the NSG-

HSC BL720 tumor was permissive to human immune cell infiltration. We measured 

frequency of hCD45+ cells by flow cytometry and by histology. We observed 40% 

hCD45+ cells of total live cells in peripheral blood, similar to mice without tumor cell lines. 

We observed no difference in the levels of human CD3+ cells yet we observed decreased 

number of CD4 T cells and a small increase in CD8 T cells (p value not significant)(Figure 

3.22 A). Similarly, we compared human immune cell chimerism between the spleens of 

tumor-bearing NSG HSC BL720 and NSG HSC.   
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Compared to the non-tumor engrafted NSG HSC, we observed similar infiltration of T 

cells in the engrafted spleen of NSG HSC BL720.  Similar to blood, CD4 T cell count was 

decreased in spleens and the increased infiltration of CD8 T cells in the spleens 

(p<0.05)(Figure 3.22B).  
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Figure 3.22 Immune cell infiltration in NSG-HSC vs NSG BL 720 mice in peripheral 

blood and spleen. (A) Immune cell infiltration in Blood B) Immune cell infiltration in 

spleen. Spleen are harvested and processed into single cell suspensions, as described 

in materials and methods and analyzed by flow cytometry. NSG-HSC(N=5); NSG-HSC 

(N=3);  Statistical tests were performed by Mann-Whitney test, unpaired non-parametric 

test. *P<0.05.  
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This is in accordance with previous reports observing a population shift towards CD8 

phenotype in EBV infections in humanized mice.78,176  Finally, we examined the tumor 

infiltrating cells using cell specific markers via Flow cytometry. As expected, most of the 

cells were human CD45+ mouse CD45- (>80%). Next, we evaluated the frequency of 

human T cells (CD3+) infiltrating the tumors and observed a dichotomy where some 

tumors had very low infiltration (#71,#91) compared to others with higher infiltration 

(#90)(Figure 3.23).  We observed increased proportions of CD8 TILs compared to CD4 

TILs (p value =0.06) in NSG HSC BL720 tumors. We also measured Tregs, 10% of CD4+ 

T cells (CD25+ CD127-), as well as CD4+ activated T cells, 25% of CD4+ T cells (CD25- 

CD127+). However, we did not use FOXP3+ marker to assess Tregs.  
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Figure 3.23 Frequency of CD8 TILs compared to CD4 TILs in NSG HSC BL720 

tumors. Mouse numbers -#71, #91 – low T cell infiltration; #90 – high T cell infiltration). 

CD4+ refers to CD3+ CD4+; CD8+ refers to CD3+ CD8+; Treg – CD3+ CD4+ 

CD25+CD127-; activated CD4 refers to CD3+ CD4+ CD127+ CD25-.  
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Additionally, we evaluated the phenotype of conventional CD4+ and CD8+ T cells from 

the tumors of NSG HSC BL720 mice by staining for markers highly enriched in eBL TILs. 

We observed significant increases in the PD1+ TIGIT+ T cells in both the CD4 (46%) and 

CD8 (66%) compartment within the tumors. Most of the CD4 and CD8 T cells were the 

effector memory phenotype with CD45RA- CCR7-  phenotype (Figure 3.24). This strongly 

suggests an increase in CD8 T cell infiltration in eBL tumors that are highly activated. We 

have strong PD1 TIGIT expression in T cells in eBL tumors, but more work is necessary 

to understand if tumors are better controlled with PD1 TIGIT blockade. 
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Figure 3.24 Tumor-infiltrating CD8 T cells express high frequencies of inhibitory 

receptors PD1 and TIGIT. Each dot represents an individual mouse (N=5). (A) CD8 TILs 

(B) CD4 TILs. Bar graph represents frequency of CD4 or CD8 T cell phenotypes based 

on PD1 and TIGIT expression. Pie charts show the average distribution of memory 

phenotype of TILs.  

3.10 Limitations of study 

There are several limitations to our NSG-BL model for studying rituximab efficacy. NSG 

mice are characterized by a complete loss of NK cells and functional T, B cells. They also 
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lack hemolytic complement gene (Hc) due to a 2-bp deletion causing a lack of c5 

complement and failure to have functional membrane attack complex.255  Hence, any 

effect of rituximab in this model is an effect of direct-mediated apoptosis by programmed 

cell death or due to antibody-dependent phagocytosis by mouse Fc𝜸R cells. In the future, 

we hope to explore the mechanisms of ADCC and CDC.  

One of the limitations of the study of NSG HSC BL tumors was that HLA mismatch 

between the HSC donor and implanted tumor cell lines. HLA matching is considered 

essential to study T cell specific responses, yet full HLA matching is difficult to achieve. 

In a recent study involving PD-1 targeted cancer immunotherapy, partially HLA-matched 

PDX tumors were not significantly different between humanized and non-humanized NSG 

mice.185  In another study, 60-80% of PDX implanted in humanized mice developed into 

tumors with no selection for HLA-matching.256  In summary, we realize that the immune 

responses in NSG-HSC BL mice cannot accurately represent the human immune 

responses. It does provide us with an advantage of studying interactions between T cells 

and tumors and modifying them.  

3.11 Conclusion & Discussion  

In the current study, we successfully established five new patient-derived BL cell lines 

that show strong fidelity to the patient tumors based on gene expression profiles. 

Challenges involved in establishing tumor cell line in resource-constrained settings 

included electrical power disruption to the incubator and cell culture contamination. Our 

success rate has improved over time and with additional laboratory staff training we have 

achieved an efficiency of BL cell line culture establishment close to 90%. Our protocol 
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involved culturing tumor cells in cyclosporine to prevent outgrowth of T cells from the fine 

needle aspirates in BL patients. We were proficient in getting a highly CD20+ tumor cell 

line expansion at the end of establishment of our BL cell lines (~3 weeks). We measured 

variation within different tumor lines in terms of their growth kinetics. Fastest growing cell 

lines were BL 717, BL 720 but this is not due to change in MYC expression and could be 

attributed to EBV derived proteins. Our cell lines include both EBV type1 and type 2 

tumors and EBV type 2 tumors grew slower than EBV type 1 in general. 

Moreover, we have also successfully established CDX mouse models using these newly 

derived BL cell lines and demonstrate the feasibility of establishing patient-derived NSG-

BL avatar mouse models. We observed high tumor growth with NSG-BL 720 tumors, 

more so than other tumor cell line derived tumors. This is in accordance with their in vitro 

growth. In terms of survival, NSG-BL719 tumors showed poor survival exhibiting rapid 

softening of tumors and tumor necrosis suggesting pathology like tumor lysis syndrome. 

Lack of circulating tumor cells or metastasis suggest that it’s not due to tumor cells 

spreading to other organs. All NSG-BL tumors displayed EBNA1 expression, as expected 

but three of five had heterogeneous expression of BZLF1 suggesting lytic reactivation. 

LMP1 was expressed only in NSG-BL740 tumors, indicative of latency IIa. We suspect 

the lack of host immune pressure in our model system is permissive of more viral gene 

expression, seen by an abundance of BHRF1 in all lines and avatars. It is interesting to 

note that old cell line derived tumors (Daudi) don’t express this change in EBV latencies. 

One could argue that patient-derived BL tumor lines are a better model to observe the 

early effect of lack of immune pressure on EBV-derived proteins. Previous studies 

focused on patient-derived eBL tumor cell lines have shown different patterns of latency, 
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including Wp-restricted latency, apart from latency I.256 However, we did not observe 

deletion of EBNA-2 (observed in Wp-restricted latency) in our cell lines. Traditional 

classification of latencies based on a few EBV derived proteins as markers of 

latency.  EBV miRNA can also be markers of latency and will need to be investigated in 

the future244. Future directions will focus on understanding BHRF1, as well as BZLF1 

expression and promoters driving lytic reactivation in our cell lines. 

Rituximab has become the standard of care for BL treatment in developed countries but 

has been recently introduced in only a few hospitals in Africa. Rituximab induces 

apoptosis in old established cell lines such as Daudi, Raji.134 In vitro studies focus on 

crosslinking rituximab to increase apoptotic signaling in BL cell lines but the mouse model 

doesn’t correlate to in vitro studies. So, we proceeded with rituximab serial dosage to 

mimic human treatments.  Of the 5 CDX models, BL740 displayed direct cell death and 

complement-mediated cytotoxicity in vitro and direct cell death in vivo. Based on gene 

expression profiles of NSG BL740 tumors, increased expression of pro-survival programs 

such as the UPR and mTOR signal pathways implicates a cellular stress response, as 

well as an enrichment of apoptotic signaling. BIM (BCL2L11) and PUMA (BBC3) have 

been identified as key pro-apoptotic genes repressed in latency I BL tumors257, however 

we found increased BIM expression in BL740 that was upregulated after rituximab 

treatment. Thus, future studies focused on apoptotic protein signaling will be pertinent to 

evaluate apoptotic mediators. One of the caveats is that we collected BL740 tumors at 

the end of treatment but studying them early might give insight into apoptotic signaling. 

Our NSG-Daudi avatars were not affected by rituximab, however other studies have 

shown that Daudi engages CDC or ADCC when treated with rituximab.258,259 
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In addition, we observed enrichment of a type I IFN-α response in rituximab-unresponsive 

BL717 and BL720 tumors compared to the rituximab-responsive BL740 tumors. Type I 

interferons are cytokines involved in regulating antiviral responses and have been 

associated with enhancing B cell survival. In rheumatoid arthritis patients, patients with 

high IFN signature respond less well to rituximab. 260 IFN-regulatory family of transcription 

factors activate transcription of genes encoding IFNα/β. IRF3 and IRF7 are the most 

commonly involved in downstream signaling. We measured IRF7 which was lowly 

expressed in BL740 compared to BL717, BL720. Similarly, we  also measured ISG-15 

which was relatively low. The antiviral effect of EBV-derived LMP1 is associated with the 

ability of LMP1 to induce ISGs261. Even though we see increased LMP1 gene expression 

in BL740, downstream we see poor ISG-15 expression. Hence one could argue that 

antiviral IFN-α signaling is detrimental to drug responses in new BL cell lines. However, 

this exploratory finding requires detailed study to determine if Type I IFN-α are exerting a 

pro- or anti-tumor effect in BL tumors. 262  
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CHAPTER IV 

MATERIALS & METHODS  

Human study participants  

Study populations and ethical approvals 

A total of 10 patients who were eligible with a BL diagnosis donated fine needle aspirates 

from tumor tissues and were used for isolating TILs and tumor samples. Four samples 

were not used in the data analysis due to poor recovery of cells. All samples were 

collected prior to receiving CHOP therapy. The clinical characteristics of samples used in 

the analysis are summarized in table 4.1. Children diagnosed with cancer were enrolled 

at Jaramogi Oginga Odinga Teaching and Referral Hospital (JOOTRH) in Kisumu, Kenya. 

Two independent pathologists confirmed diagnosis by cyto-pathology and May-Grunwald 

Giemsa staining. The study was approved by the local ethics committee (Scientific and 

Ethics Review Unit at the Kenya Medical Research Institute, Nairobi, Kenya. Ethical 

approval was obtained from the University of Massachusetts Medical School, Worcester 

MA, USA and all specimens were obtained after written consent from adult study 

participants or parents if they were minor in age.   

Tumor cell preparation for RNAseq experiments  

Fresh FNA samples were transported in MACS Tissue storage solution (Miltenyi, #130-

1-00-008) and were cut into small pieces and digested with enzymes in c-RPMI using 

Tumor dissociation kit from miltenyi (#130-095-929) on a gentle MACS dissociator. 
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(Miltenyi, #130-093-235) for 30 minutes at 37°C. Cell suspensions were filtered via MACS 

smart strainer (70µm) and red blood cell (RBC) lysis solution was used if there were RBC 

contaminations.  

For 10x samples, we preprocessed them to remove tumor cells by negatively selecting 

for CD19+ cells using Dynabeads™ CD19 Pan B kit (Cat No: 11143D, Miltenyi). Then the 

CD19- fraction were frozen down in freezing media. They were thawed on the day of the 

experiment and to improve viability, we used the Dead Cell Removal Kit (Cat No:130-

090-101, Miltenyi) to increase the viability of TIL samples.  

For seq-well samples, fresh tumor isolates were used. 

Table 4.1 Patient demographic data, tumor site, treatment history and patient 

outcome.  

ID Tumor 
staging 

Age 
(Yea
rs) 

Sex Biopsy 
(site) 

Treatment Status 

M-BL-70032  3 2 Female jaw Received 1 course 
of treatment. 

Deceased 

M-BL-70034 1 6 Male jaw finished treatment  Alive 

M-BL-70054  4 4 Female Abdomen On active 
treatment 

Alive 

M-BL-70070 1 12 Male  Jaw Relapsed during 
5th 
cycle/Deceased 

Deceased 

BL 763 
(fresh) 

unknown  5  Male Jaw  On treatment  Alive 

BL 767 
(fresh) 

unknown  9  Male Jaw  On treatment  Alive 
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Ex vivo stimulation of PBMCs for T cell assays 

Peripheral blood mononuclear cells (PBMCs) 

Single cell suspensions from peripheral blood were obtained using Lympho prep density 

gradient centrifugation, as described previously. PBMCs were frozen down in 5E6 vials 

in 90% Fetal bovine serum (FBS) and 10% DMSO. PBMCs were thawed and washed in 

complete media (RPMI 1640, GIBCO with 10% heat-inactivated human serum (Gemini 

Bio), 100U/mL Penicillin/100mg/mL Streptomycin 1X GIBCO, HEPES, Bio Whittaker 

10mM) at 37ºC. Live cells were counted using Propidium Iodide (PI) and MACSquant 

Flow cytometer before overnight incubation (37ºC, 5% CO2). 

1) PMA-ionomycin study 

A total of 20 patients per group were selected for the study - BL: BL diagnosed children; 

Kisumu: Healthy children with malaria exposure; Nandi: healthy children with no malaria 

exposure; Children in all three groups were age-matched, ranging from ages 4-7 years, 

as well as sex matched. Sample information in Table 4.2. PBMC were stimulated with 

PMA and ionomycin to detect effector cytokine production in BL patients, as well as 

healthy controls. 6hrs post stimulation, golgistop and golgiplug were added to detect 

intracellular cytokine levels of IFN-γ, TNFɑ by Flow cytometry.  

 

 

 

 



174 

 
 

   

 

Table 4.2 Population characteristics including age, sex and patient outcome in 

PMA/ionomycin cohort.  

Group  Age 
(median) 

%  
Male 

% 
Female  

% 
survivor  

% non 
survivor 

BL 6 70.00 30.00 50.00 50.00 

Kisumu  5 65.00 35.00     

Nandi  5 75.00 25.00     

 

2) Overlapping peptide pools - BZLF1, EBNA1  

           A total of 15 patients per group were selected for the study - BL :BL diagnosed children;    

Kisumu: Healthy children with malaria exposure; Nandi: healthy children with no malaria 

exposure; Children in all three groups were age-matched, ranging from ages 4-9 years. 

Sample information summarized on table 4.3. To test the effects of EBV-specific T cells, 

we cultured PBMCs for 24hours in the presence of EBV antigen pools of PepMix™ EBV 

(BZLF1; PM-EBV-BZLF1, JPT, Germany) and EBNA1 (PepTivator EBV EBNA-1, 

human,130-093-613) in 96-well U bottom plates at 1x106E6 cells per well, as described 

previously (223). Individual 15 amino acid peptides with an 11 amino acid overlap that 

covered the entire coding region of BZLF1, EBNA1 were used. A stimulation with an 

equimolar amount of DMSO, as the peptide pool was used as a negative control and 

staphylococcus enterotoxin B (SEB) was used as a positive control. Stock concentrations 

of pepmixes were 100-fold higher than used in experiments leading to a final DMSO 

concentration of < 0.1%.  
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Table 4.3 Population characteristics including age, sex and patient outcome in 

overlapping peptide stimulation cohort.   

 

Group  Age 
(median) 

% Male % 
Female  

% 
survivor  

% non 
survivor 

BL 7 66.67 33.33 66.67 33.33 

Kisumu  9 66.67 33.33     

Nandi  8 46.67 53.33     

 

Library preparation and RNA sequencing 

Total RNA was extracted from the patient FNA samples, the resulting BL cell lines and 

NSG-BL mouse tumors using the Monarch Total RNA extraction kit (New England 

Biolabs). Starting with 1 to 5μg total RNA, we enriched mRNA molecules using oligo-dT 

magnetic beads to capture polyA-tailed mRNA molecules. We then proceeded to prepare 

strand-specific RNAseq libraries following the NEBNext® Ultra™ II Directional RNA 

Library Prep Kit for Illumina (NEB). Final library concentration and fragment size were 

confirmed with a qubit 4 fluorometer (Thermofisher) and fragment analyzer (Agilent) 

respectively. These libraries were sequenced with paired end reads (2 × 75 bp) on the 

NextSeq 550 system (Illumina, Inc.). Raw sequencing data files from this study are 

deposited in the NCBI's database of Genotypes and Phenotypes (dbGaP) with accession 

number phs001282.v3. 
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Gene Expression Analysis 

Differential gene expression was performed using standard methods. Briefly, sequenced 

reads were first checked for quality using FastQC and sorted based on the unique sample 

indexes identified by Novobarcode (Novocraft Technologies). Residual Illumina 3'-end 

adaptor sequences introduced during the cDNA synthesis were trimmed using 

Cutadapt263. After residual adapter removal, the reads were mapped to a concatenated 

human-mouse genome to filter out mouse transcriptome contamination. Reads that did 

not map to the mouse sequence of the concatenated genome were kept for downstream 

analysis of human gene expression arising from the BL tumors. Mapping to the human-

mouse concatenated genome was done to all samples to minimize batch effect. The 

mouse filtered paired reads were then aligned to a human transcriptome index built by 

RNA-Seq by expectation-maximization (RSEM)264 using Gemcode annotation version 19 

for protein coding transcripts and hg19 genomic sequence. RSEM calculated strand-

specific expected read counts for each gene and gene expression count matrices for each 

sample were generated for downstream statistical analyses that were performed with R 

software (https://www.R-project.org/) (version 3.5.3). For each tumor type we calculated 

correlation coefficients between primary BL tumor samples, cell lines and DLBCL tumors 

using the 5000 most variable genes, as these genes are the most likely to be biologically 

informative. Comparing the BL-like gene expression profile across our BL tumors, newly 

derived BL cell lines and the NSG-BL mouse models, additionally we included expression 

data from previously published BL tumors collected from Uganda as well (accession no.: 

PRJNA374464). We also downloaded previously published data from DLBCL patients (a 

germinal center (GC) derived B cell lymphoma that exhibits similar gene expression 
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profile to BL) (dbGAP accession no.: phs000532), to discern any similarities to other GC 

B cell lymphomas, apart from BL. 

Differential gene expression analysis between patient BL tumor samples, resulting BL cell 

lines and NSG-BL tumors was performed using R package edgeR265 which implements 

a Trimmed mean of M-values (TMM) normalization and a negative binomial approach266. 

We removed from the analysis all genes for which all counts per million (CPM) values 

were lower than 5 cpm and also filtered out red blood cell (RBC) associated genes such 

as HBA1, HBA2, HBB, and HBD. To control for multiple testing, we applied the Benjamini-

Hochberg procedure (BH) with a threshold for statistical significance set at an adjusted p-

value < 0.01 and false discovery rate (FDR) < 0.01. Batch effects and unwanted sources 

of variations related to different sequencing platforms using sva.267,268 

Gene set enrichment analysis. 

Ranked Gene Set Enrichment Analysis (GSEA) was performed with software version 

4.1.0. The GSEA algorithm calculates an enrichment score reflecting the degree of 

overrepresentation at the top or bottom of the ranked list of the genes included in a 

gene set in a ranked list of all genes present in the RNA-seq expression data. A positive 

enrichment score (ES) would indicate a gene set enrichment at the top of the ranked 

list; a negative ES indicates gene set enrichment at the bottom of the ranked list. Gene 

sets were considered significantly enriched in a group if FDR q-value <0.2. 
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T cell immunophenotyping by Flow cytometry  

Cells derived from PBMCs were stained according to the manufacturer’s protocol (BD 

Biosciences, San Jose, CA). We performed 96-well plate staining for all our experiments. 

Briefly, single cell suspensions were first stained with human serum (5%, Gemini Bio) in 

50μL for 15 min at room temperature, followed by addition of 50μL staining buffer ( 2% 

Fetal Bovine serum (FBS) in 1 X PBS) with surface antibody cocktail for 30 min at 4C. 

Following surface staining cells were stained for intracellular/ intranuclear markers per 

manufacturer’s protocol (BD cytofix/cytoperm or BD transcription factor buffer set, BD 

Biosciences). Briefly, cells were fixed and permeabilized in 100 ul of 

fixation/permeabilization buffer, followed by addition of 50ul of intracellular antibody 

cocktail for 45 min at 4C. After washes, cells were resuspended in 300ul staining buffer 

and analyzed using Cytek Aurora (4-laser), Fremont, CA. 

PBMCs were analyzed for surface and intracellular markers using the following 

antibodies, as listed in Panels 1 and 2 in Table 4.3. Cell viability was assessed using 

Zombie Near IR (Biolegend). Fixation and permeabilization for the intracellular and 

transcription factor staining was performed using  transcription factor buffer set (BD 

Biosciences, Cat no: 562725)  Single color stains for compensation were performed using 

Ultracomp Beads (Invitrogen). Fluorescence minus one (FMO) controls were used for 

establishing gates for PD1, TIGIT, TIM3, LAG3, CTLA4, IFN𝛄, TNFα, CD69 and 4-1BB. 

The flow cytometry results were analyzed using FlowJo™ v10.8 Software (BD Life 

Sciences). 
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 Table 4.4 Flow cytometry antibody panel : PBMCs  

Panel  Antigen  Fluorochrome  Clone  Manufacturer 

PANEL #1  Live Dead aqua AmCyan     

CD4 PerCp cy5.5 RPA-T4  Biolegend 

CD8 Pac-Blue RPA-T8  BD biosciences 

CD45RA BV 605 HI100 Biolegend 

CCR7 APC-cy7 G043H7  Biolegend 

CD3 Alexa Fluor 
532 

UCHT1 ebiosciences 

CD95 PEcy5 DX2 Biolegend 

PD1 BV785 eH12.2H7 Biolegend 

CD10/CD20 
(Dump) 

FITC HI10a/2H7 Biolegend 

Tim3 BV650 F38-2E2 Biolegend 

Lag3 PE 11C3C65 Biolegend 

CTLA4 PE dazzle  BNI3 Biolegend 

TIGIT Pecy7 A15153G Biolegend 

GranzB APC GB12 Invitrogen 
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CCL4 AF700 D21-1351 BD biosciences 

IFNg FITC 4S.BS Biolegend 

PANEL #2 Antigen  Fluorochrome  Clone  Manufacturer 

CD4 PerCp-Cy5.5 RPA-T4  Biolegend 

CD8 Pacific Blue RPA-T8  BD biosciences 

CD3 Spark Blue 
550 

SK7 Biolegend 

CD95 PE-Cy5 DX2 Biolegend 

PD1 BV785 EH12.H7 Biolegend 

41BB BV650 4B4-1 Biolegend 

TIGIT PE-Cy7 A15153G Biolegend 

CD45RA BV605 HI100 Biolegend 

CD69 FITC FN50 Biolegend 

CCR7 BV480 G043H7  Biolegend 

GranB APC GB12 Invitrogen 

PRF1 Alexa Fluor 
700 

B-D48 Biolegend 

IFNG Pe-Dazzle 4S.B3 Biolegend 
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TNFa BV421 MAb11 Biolegend 

TCF Alexa Fluor 
647 

C63D9  Cell signaling 

TOX PE REA473 Miltenyi 

Immunohistochemistry (IHC) analysis  

Chapter 2 : IHC sample characteristics 

Group 
Total 
sample 

Age 
(median) 

Sex 
(Male) 

Tumor 
staging 
(I) 

Tumor 
staging 
(III) 

Tumor 
staging 
(IV) 

Survival 
outcome 
(deceased)  

BL 14 8 86% 29% 64% 7% 29% 
HL 5 8 40%    20% 

 

Table 4.5 Patient characteristics depicting age, sex, and outcomes in 

Immunohistochemistry cohort  

Immunohistochemistry was performed on serial 2 µm-thick tissue sections cut from 

formalin-fixed, paraffin-embedded tissue blocks. Staining was performed according to 

standardized protocols using the commercially available Dako REAL detection system 

(Dako, Santa Clara, USA) and the Vectastain Elite Kit (Vector Laboratories, Burlingame, 

USA). Briefly, all slides were deparaffinized in xylene and underwent a series of 

incubations in decreasing ethanol concentrations for rehydration. Antigen retrieval was 

performed using different treatments specific for each antibody, including steaming (PD-

L1, Nectin-2) and microwaving (PVR, PD1 and TIGIT) in different buffer solutions, EDTA 

buffer pH 9.0 (PD-L1, Nectin-2), citrate buffer pH 6.0 (PD-1, PVR) or TRIS-based buffer 
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pH 9.0 (TIGIT) for 20 min. Incubation with the primary antibody was carried out for 30 min 

at room temperature (PD-L1, Nectin-2, PVR, PD-1) or overnight for at least 16h at 4°C 

(TIGIT). Further, sections were counterstained with hematoxylin. 

Table 4.6 Immunohistochemistry list of antibodies - Chapter 2  

Antibody Clone Company Retrieval Dilution 
AB 

Incubation 
AB 

CD4 SP35 Cell Marque H2(20) 1;75 30' 

CD8 SP16 Cell Marque H2(10) 1;500 30' 

PD 1 NAT105 Cell Marque H2(20) 1;100 30' 

TIGIT E5Y1W Cell Signaling H2(20) 1;200 30' 

EBV-Zebra 
(BZLF1) 

BZ1 Santa Cruz H2(15) 95° 1;100 60` 

CD20 L26 Cell Marque H2(5) 1;200 30` 

PVR D8A5G Cell Signaling H2(10) 1;100 60` 

Nectin 2 D8D3F Cell Signaling H2(30) 1;100 60` 

 

Chapter 3 : IHC sample characteristics 

Briefly, mouse tumors were fixed for 24 hours in 10% (v/v) neutral buffered formalin 

(Fisher scientific), paraffin embedded and sectioned into 4μm sections. They were 

deparaffinized in xylene and rehydrated serially in 100%, 95% and 75% ethanol and water 
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respectively. Pre-treated in a 10mM citrate buffer, pH 6.0 for 20 min in a water bath (98℃) 

followed by cooling. Endogenous peroxidase was blocked in 0.3% hydrogen peroxide. 

Following this, the sections were incubated with a 1:100 diluted primary antibody for 1 

hour at room temperature, washed and the slide was incubated with an appropriate 

species-specific secondary antibody for 1 hour at room temperature, followed by 

visualization using DAB (Liquid DAB+ Substrate Chromogen System) according to the 

manufacturer's recommendation (Code K3468, Agilent technologies) and counterstained 

with hematoxylin stain. To detect EBV protein expression in the mouse tumors, we 

stained for the following antibodies mentioned in Table 4.7. Images were captured using 

NIS-Elements software (BR 2.3, Nikon).  

Table 4.7 Immunohistochemistry list of EBV antibodies - Chapter 2  

Antibody Clone Company Retrieval Dilution 
AB 

Incubation 
AB 

EBNA1 1H4 Monoclonal Antibody 
Core Facility & 
  Research Group, 
Neuherberg, Germany 

H2(20) 1;100 30' 

BZLF1 BZ1 Santa Cruz 
biotechnology  

H2(15) 
95° 

1;100 30' 

Antibody Clone Company Retrieval Dilution 
AB 

Incubation 
AB 

LMP1 [cs1-4] Abcam  H2(20) 1;100 30' 

EBNA2 PE2 Abcam  H2(20) 1;200 30' 
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ISG-15 F-9 Santa Cruz 
biotechnology  

H2(20) 1;100 60` 

IRF7 G-8 Santa Cruz 
biotechnology  

H2(5) 1;200 60` 

Casp-3 5A1E Cell Signaling  H2(5) 1;500 30` 

Cell Culture and cell lines used in the study  

We established five patient-derived cell lines and compared them with already 

established cell lines such as Namalwa, daudi, jijoye and Ramos. All established cell lines 

were obtained from American Tissue Culture Collection (ATCC). Our newly established 

cell lines characteristics are explained in Table 4.8.  

 

Table 4.8 Characteristics of cell lines used in the thesis  

Cell 

line 

Age Sex Site of 

Tumor 

Patient 

outcome 

Doubling 

time (hr) 

MYC 

translocat

ion 

EBV 

Type 

EBV  

(copies/cell

) 

BL717 8 Female Abdomen Survivor 25.7 t(8;14) Type 

1 

26 

BL719 4 Male Jaw Survivor 50.2 t(8;14) Type 

2 

21 
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BL720 9 Male Jaw Non- 
survivor 

34.3 t(8;22) Type 

1 

28 

BL725 5 Male Abdomen Survivor 47.1 t(8;14) Type 

2 

20 

BL740 7 Female Jaw Survivor 33.4 t(8;14) Type 
1 

25 

 

New BL Cell line growth conditions in culture 

Fine needle aspirates (FNA) from patients presenting with solid tumors were collected at 

the bedside directly into 1X PBS pH 7.4 with 10% HI-FBS (heat inactivated Fetal bovine 

serum, Gibco). The FNA samples were gently passed through a 70µm cell strainer, to 

dissociate any tumor clumps into a single cell suspension. The tumor cells were then 

washed once in RPMI media (Gibco) containing Cyclosporin A (RPMI media 

supplemented with 15% FBS, 1X Pen/Strep, and 5µg/mL Cyclosporin A (CSA) at 300 xg 

for 5 minutes. The tumor cells were resuspended in 1 ml RPMI containing CSA. This cell 

suspension was then divided into 4 wells of a 48-well non-tissue culture treated plate 

(Nunc 48-Well Plate, Round, Cat No: 150787, ThermoFisher Scientific, USA) and 250µl 

of RPMI+CSA media was added to each well for a total volume of 500µl per well. Cells 

were incubated in 5% CO2 at 37oC for at least 5 days without being disturbed. After 5 

days, cell cultures were visually inspected using an inverted microscope at 100× 

magnification (Nikon TMS) and supplemented with fresh media by gently pipetting to 
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disperse any cell clumps. Half the contents of each well (250µl) was transferred to an 

adjacent well in the plate to expand the cultures. An additional 250µl of tumor cell growth 

media (85% RPMI media supplemented with 10% Heat Inactivated Human Serum AB 

(0.1µm sterile-filtered, GemCell), 1% L-Glutamine (200mM,100X) Gibco), 1% Pen/Strep 

(100X) (Gibco), 1% Non-essential amino acids (NEAA) (100X), 1% Sodium Pyruvate 

(100X) and 1% HEPES 1M (gibco) was added to each well. The tumor cells were allowed 

to grow undisturbed at 37oC, 5% CO2 for another 7 days. Our patient-derived BL cell lines 

grew free in suspension as clumps of cells or as single cells that did not adhere to the 

culture plate (Figure 1). After the 7 days, tumor cells were passaged and aliquots were 

cryopreserved every 3 days on reaching their optimal density of ~10x10^6 cells/ml. All 

the cell lines were free of contamination by mycoplasma and these newly established BL 

cell lines will be made available to the scientific community as a shared resource. 

Commercially available ‘long-established’ BL cell lines. Standard BL cell lines, 

established decades ago, Namalwa, Jijoye and Daudi were obtained from ATCC 

(American Type Culture Collection). The cells were maintained in complete RPMI-1640 

medium (Gibco, USA) supplemented with 10% heat-inactivated fetal bovine serum (FBS; 

Gibco) and antibiotics (100 U/mL penicillin and 100 μg/mL streptomycin) at 37°C in a 

humidified 5% CO2 incubator following established protocols. Cells were passaged every 

2-3 days by resuspension in fresh medium with a concentration of 0.1-0.2*10^6 cells/ml.  

Cell proliferation assays  

Cells were initially plated at a low concentration of 0.2 *10^6 cells/ml and thoroughly 

resuspended every 24 hours and a 50ul sample aliquot was removed for counting by 



187 

 
 

   

trypan blue for counting. Cell counting was done using an automated cell counter to get 

accurate cell counts. Cell growth was calculated using Doubling time = Duration × ln (2) / 

ln(Final concentration / Initial concentration). Three replicates were used per cell line for 

accuracy.  

Fluorescence in situ hybridization (FISH) staining. 

 FISH analyses were performed at The Clinical Duke Cytogenetics Laboratory at Duke 

University Health Systems Clinical Laboratories carried out on cell lines. The Vysis LSI 

IGH/MYC/CEP 8 Tri-Color Dual Fusion FISH Probe Kit (Abbott laboratories, USA, 04N10-

020) was used to detect the t(8;14)(q24;q32) reciprocal translocation involving the IGH 

and MYC gene regions, and also a centromere enumeration probe (CEP 8, D8Z2) as a 

reference for the copy number of chromosome 8. For BL720, we also performed 

interphase FISH analysis using a break apart probe to test for any MYC-

rearrangement.269  The 8q24 MYC rearrangement was detected using the Vysis LSI-MYC 

dual-color break apart probe (05J91-001, Abbott Laboratories, USA) for BL720 alone, 

since it failed to show translocation in t(8;14). This probe set detects rearrangement of 

the MYC locus at 8q24.2 without identification of the translocation partner. 

EBV Quantification and Typing. For each patient-derived BL cell line established, we 

isolated DNA from the first passage preserved in RNAlater using the Monarch Genomic 

DNA Purification Kit (NEB). We used digital droplet PCR (ddPCR) to determine EBV load 

by amplifying EBV BALF5 and human β-actin gene, using primers and probes as 

previously described.270  The duplex ddPCR reactions were prepared in a total volume of 

20μl which contained 10μl of ddPCR Supermix for probes (No UTP) (Bio-Rad 
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Laboratories), and 2 sets of each primer and probe combination (0.9μM of primers and 

0.25μM of probes). The Bio-Rad Automated Droplet Generator (AutoDG; Bio-Rad 

Laboratories) was used to ensure consistent droplet generation. After the ddPCR 

reaction, the number of positive and negative droplets were counted by the QX200TM 

Droplet reader (Bio-Rad) and EBV viral loads quantified as EBV copies/ng human DNA. 

EBV type was determined by ddPCR using primers and probes targeting the EBNA2 and 

EBNA3C gene. We targeted two EBV type-specific genes to confirm the EBV type and to 

eliminate incorrect identification in case we had a cell line with an intertypic virus as 

previously reported.271  The EBV typing protocol was a duplex reaction for the EBNA2, 

with a set of primers and probes targeting EBV type 1 and another set of primers and 

probes targeting EBV type 2 - EBNA2. The EBNA3C typing reaction on the other hand 

had a set primer designed to amplify a region in the EBNA3C gene for both EBV type 1 

and 2, while using 2 distinct probes targeting EBV type 1- EBNA3C and EBV type 2- 

EBNA3C gene. The reaction volume and reaction temperature conditions were similar to 

that used in the viral load ddPCR protocol. 

EBER in situ hybridization. EBER in situ hybridization of cytospin-fixed cells was 

performed using Novocastra Predilute EBER probe kit (Leica Biosystems) following the 

manufacturer's protocol. In brief, cells were stained with the fluorescein EBER probe 

(ISH5687-A) followed by BCIP/NBT detection kit (NCL-ISH-D). The specimen shows 

positive staining indicated by dark blue/black stain. Each run had a positive and a RNA 

negative control probe (ISH5950-A). We defined a case as EBER positive when the 

majority (>50%) of the tumor cells had moderate to strong signals.  
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In vitro cell culture assays with BL cell lines  

Complement-mediated lysis 

 BL cell lines were incubated with rituximab (10µg/ml) for 24 hours based on previous 

studies (68). Rituximab was added in vitro to tumor cell lines (0.5 x 10^6) suspended in 

complete media supplemented by 10% human serum, inactivated by incubation at 56℃ 

for 30 minutes. Parallel cultures we suspended in complete media with complement (no 

heat inactivation).  

Annexin V-7AAD staining to measure cell death  

Externalization of phosphatidylserine, an early marker of apoptosis, was monitored by 

using Annexin V-PE and 7AAD staining was used to measure cell death (PE Annexin V 

apoptosis detection kit I, BD Biosciences, 559763). BL cell lines treated with rituximab, in 

vitro, and BL tumor cells harvested from NSG-BL tumors treated with rituximab and PBS, 

were first stained with human antibodies to CD20, CD19, and CD45, followed by 

AnnexinV-7AAD staining. Briefly, the cells were first washed with ice cold PBS and 

resuspended in 1X annexin V binding buffer at 1x106 cells/ml. 100μL of this cell 

suspension (1x105 cells) were then incubated with 2.5μL of Annexin V-PE and 7AAD 

each, in the dark for 20 minutes. After incubation, cells were added to 400μL of 1X 

annexin V binding buffer and analyzed by flow cytometry. Isotype IgG antibody was tested 

as a negative control even though there was no difference between the media-only 

condition and IgG isotype. 

JC1 staining to measure mitochondrial potential  
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Loss of mitochondrial membrane potential (MMP) as a marker of apoptosis was assessed 

with JC1 dye (Mitoprobe JC-1 Assay kit, M34152), a cationic carbocyanine dye that 

accumulates in mitochondria of cells in proportion to MMP. After treatment of the BL cell 

lines with rituximab in vitro, the cells were harvested, washed, and resuspended in         

200 μL of warm medium and stained with JC-1 dye as per manufacturer’s 

recommendations. Briefly, cells were resuspended at a density of 1x106 cells/mL in warm 

complete RPMI medium and stained with JC1 dye at a final concentration of 2μM for 30 

minutes at 37℃and analyzed by flow cytometry. Staurosporine (1𝛍M) was used as a 

positive control.  

Engrafting Patient-derived cell lines into immunodeficient mice: BL 

avatar 

Eight- to ten-week-old NOD-scid IL2rgnull (NSG) mice (The Jackson Laboratory, Bar 

Harbor, ME, USA) were injected with BL cell lines (5-10x106 cells) subcutaneously into 

the right flank. We observed palpable tumors within 2 to 4 weeks, depending on the 

growth rate of the BL cell line. Tumor volume was measured by calipers three times a 

week and calculated using the modified ellipsoid formula ½(Length*width2). Criteria for 

endpoints were tumor burden > 20% of body weight loss (BW), mean tumor volume > 

4000mm3, ulceration/necrosis of tumor. Tumor phenotype and EBV content was 

evaluated by in situ hybridization, immuno-histochemistry and flow cytometry. All animals 

were housed in a specific pathogen–free facility in microisolator cages and given 

autoclaved food and acidified autoclaved water at the UMMS. All animal procedures were 

done in accordance with the guidelines of the Institutional Animal Care and Use 



191 

 
 

   

Committee of UMMS and conformed to the recommendations in the Guide for the Care 

and Use of Laboratory Animals (National Institutes of Health, Bethesda, MD, USA). 

Engraftment of mice with human hematopoietic stem cells  

Umbilical cord blood was obtained in accordance with research guidelines of the 

University of Massachusetts Medical school (UMASS). The UCB is collected and donated 

by the medical staff, part of the Umbilical cord Blood Donation program at UMASS. 

Newborn mice (~72 hour-old) were irradiated with 100 centiGray(cGy) and irradiated mice 

were injected with CD3 T cell depleted human UCB containing 3*10^4 CD34+ HSC via 

intracardiac injection.272 12 weeks post injection, flow cytometry analysis of the peripheral 

blood of the NSG mice are performed to quantify the engraftment of the human immune 

system. Only mice with >10% peripheral CD45+ cells and >5% of human CD3 T cells are 

used for further studies.  

TUNEL assay 

Fragmentation of intracellular DNA is a late marker of apoptosis and was measured in 

by TUNEL assay, using the APO-DIRECT Kit (BD Biosciences, 556381). Briefly, tumor 

cells treated with rituximab and PBS, were fixed with 1% paraformaldehyde, washed, 

and stored in ice-cold 70% ethanol for at least 24 h before staining with 50μL of DNA 

labelling solution, prepared as per the manufacturer’s instructions. After incubation for 

about 1 hour with the DNA labelling solution, the cells were washed and analyzed by 

flow cytometry. 
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Rituximab in vivo experiments 

Age-matched mice with both male and female NSG mice were divided into 2 groups (5-6 

mice/group) and injected with BL cell lines, as explained above. NSG mice without tumor 

cell implantation were used as controls. As tumors became palpable, mice were 

randomized by body weight and injected intraperitoneally (IP) with either rituximab 

(Rituxan - Genentech, USA - 50μg/g) in 200μl of PBS or control mice with 200μl PBS 

only, every 3 days up to 4 injections mimicking human treatment regimen of 4 doses 

weekly (375 mg/m2). Mice were monitored for adverse clinical signs and euthanized by 

CO2 asphyxiation followed by cervical dislocation when the tumors exceeded 20% body 

weight, inactive or moribund. Tumor tissues were collected and placed in RNA later ( 

AM7024, Thermo Scientific, MA) for RNA-seq experiments or harvested and processed 

so they could be analyzed by IHC and flow cytometry.  Single cell suspensions of tumor 

tissues were obtained by mincing tumor tissue using gentleMACS™ Dissociator (Miltenyi) 

along with DNase (Sigma, AMP-D1, 100ug/ml) and Hyaluronidase (Sigma, Cat H6254). 

Tumor harvesting and Flow cytometry analysis  

Mice were sacrificed with anesthesia and tumors were removed, weighed and 

immediately split into 3 pieces, if enough tumors were available. 1) One piece was placed 

in RNAlater and stored at -80C. 2) Tumors were fixed in formalin for processing 

immunohistochemistry. 3) tumors were minced into single cell suspensions for Flow 

cytometry. For analysis of human tumor cells, we used the following antibodies. 
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Table 4.9 Flow cytometry staining panel: NSG BL tumors  

Antigen Fluorochrome  Clone  Manufacturer 

humanCD45 APC 2D1 BD 

mCD45 BV605 30-F11 BD 

CD10  Pecy7  HI10a Biolegend 

CD19 PB HIB19 Biolegend 

CD20 BV510 2H7 Biolegend 

CD95 Pe-cy5 DX2 Biolegend 

HLA-DR AF 700  L243 Biolegend 

Ki-67 BV421  Ki-67 Biolegend 

LY-6G BV785 1A8 Biolegend 

F4/80 PE QA17A29 Biolegend 

 

Statistical Analysis. Statistical analyses were performed using Graph Pad Prism 9 and 

in R version 4.0.3. Statistical analysis was performed by non-parametric t tests using 

Mann-Whitney test or for paired analyzes, Student’s t-test (if normally distributed) or 

nonparametric Wilcoxon signed rank test. Differences were considered significant if p-

value was less than 0.05. *p-value <0.05; **p-value <0.005; ***p-value <0.0005.  
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OMIQ analysis. All unsupervised clustering analysis for FLOWSOM were performed 

using OMIQ platform.231  

Biorender software. All schemas were made using Bio Render templates and icons. 
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CHAPTER Ⅴ 

DISCUSSION 
 
 

5.1 Mapping tumor-infiltrating lymphocytes in eBL tumors  

 
Immune checkpoints have revolutionized immune therapies, as they can modulate the 

duration and amplitude of immune responses in cancer immunity. Antibodies against 

immune checkpoints have shown superior efficacy in many cancers.170 The development 

and establishment of novel scRNA-seq technologies has transformed our understanding 

of cell types within tumors. Tumors can activate different immune checkpoint pathways 

that lead to immunosuppressive functions. Using established models for T cell exhaustion 

and differentiation in human cancers allows for examination of subpopulations within TILs. 

A better understanding of the immune cells in the tumor microenvironment will lead to 

development of better targeted therapies.  

 

5.1.1 Understanding TIL subpopulations in eBL tumors  

Exhaustion clusters have been identified in several disease contexts such as HIV and 

tumor microenvironments.  Phenotypically, they differ in some key markers but also 

display key similarities. For example, PD1, CD38, TOX and EOMES are highly expressed 

in exhausted cells in chronic HIV infection. While in cancers, Tex are strongly associated 

with CTLA4, LAG3 and CD39. Collectively, these data suggest specific differences in 
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exhaustion programs and further research will help pinpoint markers for translational 

relevance. T cells in eBL tumors are relatively understudied and resolving the T cells 

states in tumors using scRNAseq will help pave the way for combination 

immunotherapies. Using scRNAseq, we identified subpopulations in tumor cells, including 

cycling tumor cells, cells enriched in antigen presentation signature as well as granulocyte 

activation signatures. We also observed enrichment of CD8 TILs, which had a unique 

subpopulation enriched in inhibitory receptors, costimulatory receptors, as well as 

cytotoxic properties suggesting the TILs are on their path to exhaustion. Heterogeneous 

populations of Tex exist where progenitor-progeny relationships have been hard to 

delineate presenting challenges in characterizing Tex. Following progression of CD8 T 

cells towards an exhausted state by generating a time series with samples collected from 

patients at different timepoints of BL tumorigenesis would be beneficial. Future studies 

can also focus on TCR clonotypes within eBL tumors to focus on dominant clonotypes 

within Tex cells, as seen in melanoma tumors.273  Identification of Tex subsets without 

knowledge of tumor-reactive TILs has been challenging to study in tumors. Studying 

antigen-specific TILs, especially against neoantigens in the case of tumors, needs further 

research to identify neoantigens.  

 

Combination treatments reveal synergy between the inhibitory receptor pathways and 

generating anti- tumor immunity, especially in TIGIT blockade studies.157,274  Our study 

supports a role for PD1 TIGIT blockade therapies in eBL tumors. We observed relatively 

high expression of PD1 and TIGIT in peripheral blood and tumor-infiltrating lymphocytes 

via flow cytometry and immuno-histochemistry. However, we observed low transcripts of 
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PD1 despite showing high expression of PD1 via protein expression. Proteins that last 

long and show high abundance with low RNA expression could have high protein half-

life.275  Glycosylation helps PD-1 protein stability and cell surface localization.276 Future 

work will explore this phenomenon by sampling TILs at multiple timepoints. Our sample 

size was small due to the difficulty in obtaining samples with high viability but our 

approach for fresh biopsies using seq-well will help increase sample dataset to the 

analysis in the future. Consequently, our sample size did not include enough numbers 

from different stages of disease progression or outcome. In the future, studies will focus 

on identifying tumor-reactive cells that are effective in controlling tumors. Tumor-reactive 

TILs have been shown to be skewed towards a highly exhausted CD8 T cell state, as 

measured by PD1+ CD39+ in melanoma tumors.273  

 

TIGIT ligand Nectin-2 was also ubiquitously expressed in most eBL tumors suggesting a 

possible mechanism of action. However, we were unable to correlate TIGIT expression 

with Nectin-2. Future work will focus on determining co-blockade of PD/TIGIT to restore 

functionality of eBL TILs in mouse models. In CD8+ TILs that co-express PD1 and TIGIT, 

this method of blocking PD1 and TIGIT using antibodies restored function in 

hepatocellular carcinoma.162  Genetic ablation of TIGIT in knockout mouse models does 

not affect TIM3 expression but knocking out PD1 increases TIM3 expression in CD8 T 

cells.277  TIGIT alone or in combination has been shown to increase the number of TIM3+ 

CD4+ T cells suggesting compensatory mechanisms that need to be studied more in 

detail.277 .  We also recommend future studies focusing on galectin-9 (tumors) and 

galectin-3 (macrophages) signaling in the tumor microenvironment. 
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5.2 Human immune cells monitoring for predictive biomarkers in 

eBL tumors  

Immune monitoring of peripheral blood is a non-invasive way of understanding predictive 

biomarkers for cancer immunotherapy. In hematological blood cancers, such as BL, the 

sampling of blood provides a picture of the systemic state of infection. Many studies have 

used multiparameter flow cytometry or mass cytometry (CyTOF) to extensively study cell 

lineages, activation markers, cytokines in peripheral blood of patient tumors. CyTOF-

based immune profiling in peripheral blood collected from anti-PD1 treated melanoma 

patients showed responsive patients exhibiting a distinct MIP-1β and CD69 expressing 

NK cell subset.278  Immune profiling in metastatic melanoma patients observed PD1 

CTLA4 high populations that were predictive of responses to anti-PD1 therapy.279  We 

analyzed peripheral blood to measure predictive biomarkers for understanding inhibitory 

receptors in eBL tumors. In our study, we analyzed pre-treatment PBMCs from eBL 

patients to compare T cell activation status, EBV specificity and inhibitory receptor 

expression. We observed more robust responses against BZLF1 antigen compared to 

EBNA1, as observed in healthy controls from the same geographic area. Using 

unsupervised clustering, we detected a unique population of PD1+ TIGIT+ TOX+ TCF+ 

CD69+ 41BB+ GranB + TEM subpopulation only enriched with BZLF1 stimulation in BL-

diagnosed children.  
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5.3 Developing physiologically relevant mouse models to test eBL 

tumor drug treatments  

 
Despite advances in the molecular and functional characterization of eBL tumors, patients 

are still treated with the chemotherapy regimen for many years. Preclinical models that 

capture the genetic heterogeneity, as well as tumor infiltrates would be vital to develop 

new therapies. In our study (chapter 3), we established new patient-derived cell lines and 

engrafted them into immunodeficient NSG mice to develop an avatar model for studying 

drug treatments. These data indicate that creating preclinical models from eBL patients 

is feasible and we can study tumor variations within these models.  

5.3.1 EBV latency profiles in eBL cell lines  

EBV infection of resting B cells in vitro leads to generation of immortalized LCLs and 

much of the current understanding of EBV latent proteins is derived from LCLs. Here, we 

have developed patient-derived eBL lines and engrafted our tumor lines in NSG mice and 

we see different latency profiles that are not exactly latency I. Our hypothesis is that there 

is spontaneous lytic reactivation in some cells, which leads to this variation. We observed 

increased BHRF1 (viral homologue of BCL-2) transcripts in cell lines, as well as mouse 

tumors. We also observed LMP transcripts in cell lines and mouse tumors compared to 

patient tumors. However, the caveat is that our EBV transcripts represented a relatively 

small proportion of reads compared to human transcripts (0.4- 0.00001%). This could be 

improved upon by using scRNAseq techniques, as well as enriching for viral transcripts.  
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5.3.2 Rituximab & future mouse models  

Rituximab, a chimeric anti-CD20 monoclonal antibody is one of the most effective 

therapeutics, as a standalone or combination drug for CD20-positive lymphomas. The 

relative contributions of the different modes of action are still debated and are variable 

depending on the tumor involved. Rituximab leads to an increased effect of CDC-

mediated killing of Follicular lymphoma (FL) but has moderate toxicity in DLBCLs.280  

From the list of classical Burkitt lymphoma cell lines, Daudi has been shown to be 

rituximab-sensitive mediated in the order of importance by ADCC142, CDC275 and 

programmed cell death134. Although rituximab is widely used in high-income countries, it 

has only recently been included in therapies for adults in a few countries in Africa.280 

Despite extensive research for years, mechanisms of rituximab action are incompletely 

understood. Several new generations of CD20 monoclonal antibodies are under 

development and in clinical testing and are stronger in one mode of action over others. 

Existing human tumor xenograft mouse models have limitations in testing antibody-

mediated cytotoxicity. Severe combined immunodeficient mice (SCID) mouse models are 

widely used for testing rituximab but it is challenging to define the specific mechanism of 

action, which include complement -dependent cytotoxicity, NK-cell mediated cytotoxicity 

and direct apoptosis in this model. In the SCID mouse model, depleting complement or 

NK cells show that rituximab activity is dependent primarily on complement139 but mouse 

complement is not identical to human complement due to species specificity of 

complement proteins as well as lower activity.187  We chose the NSG mouse model for 

our study, as eventually our tumor models will be studied in NSG mice engrafted with 
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human immune cells, such as NK cells and T cells and in human complement sufficient 

NSG-Hc mice.188  

5.3.2.1 CD20 regulation in rituximab treated NSG-BL tumors  

One of the known caveats of rituximab is that some patients relapse due to the 

development of resistance.252  Lower CD20 expression levels have been shown to 

correlate with poor survival in DLBCL patients treated with rituximab.251  However, there 

is alternate evidence suggesting that CD20 expression does not predict treatment 

effectiveness in B-cell lymphomas.250  In our study, we observed downregulation of CD20 

expression in NSG-BL tumors, after repeated doses of rituximab. This means of rituximab 

resistance has been observed in Daudi, Ramos as well as other CD20+ B cell 

lymphomas.281  Other mechanisms of CD20 down-regulation include CD20-antibody 

complex shaving by trogocytosis; and antigenic modulation leading to internalization and 

degradation of CD20-antibody complex which could also play a role in BL.144 Alternatively, 

refractory tumors could be due to the elimination of only the tumor cells expressing CD20 

with the CD20-negative cells surviving. Strategies to sustain or increase CD20 surface 

expression include chromatin modulating histone deacetylase (HDAC) inhibitors such as 

chidamide, FOXO1 inhibitors and aurora kinase inhibitors.144 Future studies will test a 

panel of targeted therapies combined with rituximab in our NSG-BL avatars. 

5.3.2.2 Rituximab sensitivity in NSG-BL tumors   

Rituximab-induced apoptosis in human B cell lymphomas act via the mitochondrial 

pathway of caspase activation and down regulation of anti-apoptotic factors.281  In our 

NSG-BL tumor BL740 where we detected rituximab mediated tumor control, we observed 
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increased caspase activity but other mechanisms may also be playing a role in tumor 

control. We observed gene enrichment of pro-survival programs such as unfolded protein 

response (UPR) and mTOR signaling pathways implicating a stress response. More 

research is needed to understand the pathways regulating tumor control. We observed 

enrichment of a Type 1 IFN response in rituximab unresponsive BL717, BL720 NSG BL 

tumors and not in the responsive tumor BL740. This suggests that type I interferon 

response could be playing a role in rituximab resistance in BL tumors. This is contrary to 

what is published in literature, as fusion of IFN-α to anti-CD20 leads to increased tumor 

activity against B cell lymphomas.282  This has also been shown in clinical trials with 

combination of rituximab and chemotherapy, in combination with IFN-α.283  Further work 

will focus on understanding mechanism driving rituximab -mediated sensitivity in eBL 

tumors.  
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5.4 Tumor heterogeneity in BL cell lines 

Our newly established BL cell lines and old BL lines both exhibit a BL-like phenotype, 

however, cellular processes involved in oncogene driven pathways, such as cell 

migration, proliferation and survival showed variation among the cell lines. We found 

ATF2 activation induced genes relatively over expressed in long-established BL cell lines, 

such as Namalwa, and Ramos  putatively due to MYC induced-stress leading to 

apoptosis.284  It could be argued that ATF2 enrichment in culture-adapted cell lines is due 

to lack of protein turnover in downstream processes, thus resisting apoptosis. We also 

observed that genes associated with STK33 upregulation were relatively enriched in new 

BL cell lines. STK33 phosphorylates pro-apoptotic BAD and suppresses apoptosis via 

mitochondrial pathways.243  STK33 may also bind directly to MYC and increase its 

transcription.285  Exploring oncogenic pathways in contemporary BL cell lines is an area 

of active investigation, and we propose classifying BL tumor subtypes based on their 

potential to respond to clinically actionable targets.  

5.5 New modalities of treatment for B cell lymphomas  

Patients with poor prognostic features at diagnosis, poor response to treatment or 

relapsing patients need better solutions for treatment. To address treatment resistance to 

single-agent novel therapies in B cell lymphomas, combination treatment provides an 

alternate way of targeting multiple vulnerabilities. With the dominant expression of CD20 

(>80%)  in all BL tumors, the monoclonal antibody rituximab  was added to the 

chemotherapy cycle to improve outcomes in high-risk BL kids in the U.S.143  This is 

currently being tested in sub-saharan Africa. Other promising agents include specific 
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inhibitors of MYC. Small molecule inhibitors of bromodomain and extra terminal domain 

proteins, JQ1 and I-BET 151 are being considered.15  Next generation monoclonal 

antibodies have advantages over rituximab, based on enhanced ADCC. New humanized 

anti-CD20 antibody therapies such as obinutuzumab showed strong preclinical data but 

a large phase III  study failed to show differences between R-CHOP and O-CHOP 

(obinutuzumab).286  Bispecific CD19/CD3 constructs targeting both T cells and tumor cells 

are being investigated in DLBCL in adults but no data exists in children with B-NHL. 

Another method of antibody therapy is designing antibody -drug conjugates that provide 

a targeted delivery such as Rit-MME (Rituximab - monomethyl Auristatin E) which 

increased caspase-3 dependent apoptosis in Ramos (BL) xenograft tumors.287  Immune 

therapies using adoptive T cell transfer technology that employ the patient’s own immune 

system to target tumors has emerged as a new arm of therapy. The CD19-directed 

Chimeric antigen receptor (CAR) along with costimulatory 4-1BB has recently received 

FDA approval for DLBCL in adults.288  A number of other CAR products are in preclinical 

and clinical studies for B-NHL.289  Kinase inhibitors targeting the BCR signaling pathway 

have shown promise in B-NHL. Ibrutinib, a BTK inhibitor that interferes with downstream 

BCR signaling to NF-кB in a specific subtype of DLBCL, ABC.290  BL cell lines that were 

resistant to chemotherapy and rituximab, increased activation of PI3K/AKT and inhibitors 

to AKT or PI3K resulted in decreased tumor growth.35  Recent studies have suggested 

virus-targeting therapies such as small molecule inhibitors of EBV proteins291,292, BH3 

mimetics293,294 , EBV signaling pathway inhibitors 295, lytic activation-inducing drugs such 

as bortezomib34, chloroquine 296, thapsigargin297 and EBV-specific T-cell based 

immunotherapy298 could also be beneficial in targeting EBV-associated lymphomas.299  In 
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summary, there is no dearth of drugs to target  B cell lymphomas and better mouse 

models will help evaluate drug efficacy of these treatments.  

 

5.6 Final thoughts and conclusions  

Our study provides a roadmap for exploring TIL subpopulations in eBL tumors and reveals 

that Tex clusters that co-express inhibitory receptors, costimulatory receptors, and 

cytotoxic markers are more likely to be approaching dysfunction but not yet terminally 

exhausted. We implemented the Seq-well method of scRNA sequencing that enables 

capture of transcripts from fresh biopsies from Kenyan cancer patients and recommend 

it over 10x platform which is limited by high cost and assay parameters. By using IHC and 

flow cytometry, we measured protein levels of inhibitory receptors PD1 and TIGIT and 

found them to be universally (~80%) expressed in eBL tumors. We did not find PD-L1/PD-

L2, PD1 ligands or PVR, TIGIT ligands to be overexpressed in eBL tumors. However, 

nectin-2 is expressed on tumors but does not correlate with TIGIT expression on TILs. 

Future work will explore the PD1/TIGIT mechanism of action on eBL tumors.  

Furthermore, we measured EBV-specific memory T cells (lytic vs latent antigen) in 

PBMCs of children diagnosed with BL and found them to be more robust against BZLF1 

compared to EBNA1. This suggests an expansion of early lytic antigen specific T cells in 

BL children compared to healthy controls. We established five patient derived cell lines 

that displayed different EBV types, growth kinetics and rituximab responsiveness. We 

engrafted these cell lines into NSG mouse models for testing rituximab drug treatment. 

Our results provide evidence for variation in growth pathways in long established BL cell 

lines and our new tumor cell lines. Future studies will focus on new modalities of drug 



206 

 
 

   

treatment to be tested in our mouse model, as well as humanized mice studies targeting 

immune cell responses to PD1/TIGIT blockade.   
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APPENDIX:  

Supplementary Table S1: List of the genes per subsets identified through marker identification in 

UMAP from 2.1. 

Gene Name  Cluster ID 

CD2 TILs 

CD3D TILs 

CD3E TILs 

CD3G TILs 

CD19 Tumor cell 

CD20 Tumor cell 

CD79A/B Tumor cell 

CD14 Macrophages 

CD68 Macrophages 

CD163 Macrophages 

CSF1R Macrophages 

HBA1 RBCs 

HBB RBCs 

HBA2 RBCs 

SLC25A39 RBCs 
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Supplementary Table S2: List of the top 5 discriminative genes per TILs identified through unbiased 

clustering in UMAP from 2.4 

Gene 
ID 

I
D 

LogF
C 
(MBL
032) 

Log 
FC 
(MBL
034) 

Log 
FC 
(MBL
054) 

Log 
FC 
(MBL
070) 

Log 
FC 
(BL7
63) 

Log 
FC 
(BL7
67) 

MBL0
32_p
_val 

MBL03
4_p_val 

MBL05
4_p_val 

MBL07
0_p_val 

BL763
_p_val 

BL767
_p_val 

LTB 1 -2.05 -2.09 -0.98 -2.10 -1.90 -2.09 
4.85E

-03 
6.39E-

13 
1.27E-

02 
1.69E-

21 
1.31E-

02 
3.05E-

02 

CST7 1 1.03 -0.49 0.75 1.03 0.70 -0.49 
1.07E

-01 
1.57E-

12 
1.54E-

02 
6.87E-

21 
2.97E-

01 
5.51E-

01 

GZMH 1 0.90 1.55 1.44 1.71 2.59 1.55 
1.58E

-01 
6.32E-

16 
2.10E-

03 
9.58E-

10 
1.88E-

08 
2.72E-

05 
TBC1
D4 1 -1.07 -1.71 -0.59 -1.46 -1.48 -1.71 

1.16E
-01 

4.55E-
14 

1.24E-
01 

8.68E-
16 

5.46E-
02 

3.83E-
02 

GZMB 1 3.67 1.56 1.56 1.67 1.88 1.56 
1.85E

-04 
5.45E-

04 
3.98E-

02 
1.02E-

09 
1.97E-

04 
1.28E-

03 

GNLY 2 -6.47 -1.69 -0.94 -2.88 -2.64 -2.11 
2.93E

-04 
4.86E-

09 
2.10E-

02 
2.12E-

12 
4.33E-

04 
2.09E-

01 

GZMB 2 -3.55 -2.20 -1.43 -2.72 -1.47 -1.28 
5.23E

-04 
4.91E-

22 
2.87E-

02 
2.14E-

21 
5.36E-

03 
7.84E-

02 

NKG7 2 -1.75 -3.47 -2.50 -2.82 -1.22 -0.48 
1.44E

-03 
6.75E-

79 
1.39E-

10 
1.38E-

51 
1.16E-

02 
1.77E-

01 

LTB 2 2.18 1.69 1.57 2.31 2.64 1.55 
1.83E

-03 
5.97E-

44 
1.09E-

07 
2.01E-

25 
6.67E-

08 
1.30E-

01 

CD63 2 -2.51 -1.04 -0.61 -0.76 -1.15 -1.22 
2.53E

-03 
1.14E-

10 
9.27E-

02 
1.08E-

03 
4.46E-

02 
5.82E-

02 
TNFR
SF9 3   1.56 -0.69 0.66 1.34 2.92   

1.75E-
40 

5.43E-
01 

1.34E-
06 

3.30E-
02 

4.33E-
06 

UBE2
F 3   1.09 0.45 0.29 0.43 1.47   

5.61E-
27 

1.20E-
01 

1.01E-
07 

1.62E-
01 

1.21E-
03 

CD27 3   1.04 -0.51 0.35 2.47 1.21   
1.78E-

31 
3.56E-

01 
1.85E-

05 
2.86E-

06 
1.05E-

02 

ITM2A 3   0.98 0.92 0.53 1.73 0.26   
3.42E-

24 
1.01E-

03 
1.31E-

06 
1.00E-

03 
3.14E-

02 

CD82 3   0.87 0.37 0.49 -0.53 1.66   
7.20E-

19 
1.65E-

01 
2.96E-

09 
7.71E-

01 
8.99E-

04 

GZMH 4   1.19          
1.12E-
17         

CCL5 4   0.61          
1.92E-
14         

NKG7 4   0.80          
7.85E-
14         

GZMB 4   1.13          
2.22E-
11         

CD8B 4   1.12          
2.54E-
11         

MBP 5   0.86       0.75   
4.94E-

01       
1.17E-

07 

CD8B 5   0.83       -1.14   
5.37E-

01       
1.18E-

07 

NKG7 5   0.49       -1.61   
4.30E-

01       
8.75E-

07 

JUNB 5   0.52       1.15   
4.53E-

01       
3.28E-

06 

CD8A 5   0.68       -2.97   
2.04E-

01       
3.77E-

06 
MALA
T1 6   0.81     1.32     

6.14E-
17     

3.69E-
09   

JUN 6   1.23     -1.3     
5.07E-

07     
0.0452

606   

ACTB 6   -0.82     0.44     
6.95E-

07     
0.0972

473   
ARPC
1B 6   -1.73     -0.86     

3.40E-
06     

0.1593
774   
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CD2 6   -1.03     -2.25     
4.19E-

06     
0.0034

69   
MALA
T1 7   0.81           

6.14E-
17         

JUN 7   1.23           
5.07E-

07         

ACTB 7   -0.82           
6.95E-

07         
ARPC
1B 7   -1.73           

3.40E-
06         

CD2 7   -1.03           
4.19E-

06         

 

 

Log FC represent fold change; p-value represents power of significance.  
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Supplementary table S3: List of top 10 conserved genes within tumor cluster  

Gene 
ID 

I
D  

Log
FC 
(MB
L03
2) 

Log 
FC 
(MB
L03
4) 

Log 
FC 
(MB
L05
4) 

Log 
FC 
(MBL
070) 

Log 
FC 
(BL
763) 

Log 
FC 
(BL7
67) 

MBL70
032_p_
val 

MBL700
34_p_va
l 

MBL700
54_p_va
l 

MBL700
70_p_va
l 

BL763
_p_va
l 

BL767
_p_va
l 

KIAA01
01 2 1.24 2.07 2.07 2.07 2.12 0.91 

2.60E-
07 

5.50E-
75 

5.50E-
75 

5.22E-
48 

3.87E-
51 

6.03E-
15 

HIST1H
4C 2 1.66 1.86 1.86 2.67 1.75 2.37 

6.55E-
13 

3.71E-
64 

3.71E-
64 

7.07E-
27 

6.85E-
31 

1.07E-
107 

STMN1 2 1.15 1.60 1.60 2.14 2.02 1.28 
1.36E-

06 
1.33E-

55 
1.33E-

55 
5.18E-

31 
1.55E-

56 
4.57E-

43 

DUT 2 1.80 1.54 1.54 1.31 1.29 1.04 
1.81E-

11 
1.02E-

50 
1.02E-

50 
6.18E-

21 
4.30E-

19 
2.66E-

11 
TUBA1
B 2 1.14 1.52 1.52 1.64 1.48 1.22 

8.66E-
09 

7.11E-
52 

7.11E-
52 

1.19E-
16 

1.21E-
27 

3.92E-
46 

TYMS 2 1.51 1.48 1.48 0.82 1.40 0.88 
4.20E-

08 
5.04E-

52 
5.04E-

52 
6.67E-

16 
1.39E-

27 
1.05E-

14 

TUBB 2 0.63 1.35 1.35 1.89 1.64 0.76 
6.18E-

05 
9.95E-

45 
9.95E-

45 
1.25E-

25 
3.52E-

34 
6.93E-

16 

PCNA 2 1.11 1.34 1.34 1.30 1.44 1.30 
3.95E-

06 
4.63E-

39 
4.63E-

39 
1.55E-

22 
5.29E-

26 
3.71E-

20 

H2AFZ 2 0.99 1.31 1.31 1.47 0.94 0.61 
3.11E-

07 
1.79E-

46 
1.79E-

46 
6.25E-

17 
5.52E-

14 
2.90E-

05 
RANBP
1 2 1.63 1.26 1.26 1.24 0.95 0.71 

5.14E-
11 

5.57E-
40 

5.57E-
40 

3.92E-
15 

1.97E-
11 

2.87E-
06 

RPL5 3 1.12 1.25 0.40 1.51 0.71 0.55 
5.62E-

16 
2.05E-

22 
8.17E-

10 
3.80E-

33 
5.33E-

24 
2.43E-

37 
EEF1B
2 3 1.13 1.66 0.54 1.47 0.59 0.26 

1.83E-
12 

1.43E-
27 

1.18E-
09 

7.63E-
27 

7.15E-
12 

4.48E-
07 

RPS6 3 0.92 1.22 0.48 1.42 0.72 0.57 
1.47E-

15 
1.96E-

27 
1.29E-

20 
4.75E-

38 
5.99E-

36 
1.47E-

66 

RPS3A 3 0.73 0.91 0.51 1.28 0.49 0.38 
4.37E-

09 
7.23E-

19 
1.73E-

20 
1.36E-

34 
7.45E-

05 
1.41E-

10 

RPS7 3 0.75 0.95 0.40 1.27 0.45 0.35 
4.91E-

12 
5.07E-

20 
5.68E-

12 
1.74E-

31 
5.44E-

06 
2.82E-

08 

RPL22 3 0.48 1.04 0.39 1.24 0.68 0.62 
3.02E-

04 
2.28E-

15 
6.02E-

10 
1.21E-

27 
1.41E-

10 
2.25E-

19 

RPL4 3 1.12 1.06 0.43 1.20 0.67 0.72 
3.15E-

14 
2.81E-

17 
2.78E-

06 
2.18E-

23 
1.81E-

24 
2.26E-

60 

RPL15 3 0.74 0.90 0.36 1.16 0.58 0.56 
2.10E-

12 
1.51E-

20 
5.88E-

10 
2.77E-

32 
9.71E-

18 
3.59E-

29 

RPS13 3 0.94 1.06 0.38 1.15 0.51 0.29 
4.93E-

16 
1.75E-

21 
3.30E-

12 
1.21E-

31 
1.24E-

13 
1.03E-

11 

RPS4X 3 0.98 0.83 0.35 1.10 0.54 0.61 
1.81E-

16 
6.44E-

19 
7.80E-

08 
1.50E-

29 
5.92E-

18 
9.09E-

46 

STMN1 5 0.74 3.05 0.89 2.65 1.25 0.00 
2.27E-

02 
6.29E-

49 
1.24E-

14 
1.14E-

29 
3.67E-

16 
8.98E-

17 

HMGB2 5 2.41 3.41 1.70 2.62 1.82 0.00 
2.70E-

10 
2.67E-

30 
6.88E-

33 
2.83E-

21 
2.67E-

30 
5.43E-

49 

CKS1B 5 1.88 1.95 1.49 2.49 0.87 0.00 
1.36E-

07 
2.97E-

36 
2.07E-

27 
1.60E-

45 
1.33E-

10 
1.23E-

12 

TOP2A 5 1.66 2.43 1.75 2.35 3.29 0.00 
7.27E-

03 
2.22E-

84 
1.50E-

36 
1.68E-

60 
7.54E-

59 
6.72E-

84 

TUBB 5 1.40 2.24 1.03 2.34 1.48 0.00 
7.73E-

06 
2.94E-

23 
2.36E-

17 
9.84E-

24 
2.40E-

17 
6.01E-

36 

MKI67 5 1.34 2.45 1.02 2.26 2.14 0.00 
2.56E-

08 
2.51E-

75 
4.60E-

20 
1.22E-

33 
1.25E-

37 
1.93E-

20 
NUSAP
1 5 1.54 2.04 1.28 2.25 1.61 0.00 

1.07E-
04 

9.80E-
44 

2.96E-
21 

1.98E-
34 

2.30E-
26 

2.41E-
28 

TUBA1
B 5 1.43 2.60 1.09 2.24 1.88 0.00 

3.99E-
06 

7.21E-
26 

2.15E-
18 

1.62E-
14 

7.21E-
24 

5.40E-
34 

UBE2C 5 3.12 2.69 2.50 1.96 1.85 0.00 
1.40E-

16 
4.08E-

79 
1.11E-

48 
2.94E-

58 
1.42E-

41 
1.65E-

82 
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PTTG1 5 2.45 2.60 2.14 1.95 1.59 0.00 
2.66E-

15 
1.69E-

40 
1.09E-

44 
1.37E-

27 
9.25E-

20 
3.56E-

28 

IGKC 6     2.02   4.65       
1.07E-

140   
4.87E-

96   

ZNF331 6     1.41   2.90 0.55     
4.82E-

104   
7.97E-

45 
4.13E-

04 
COBLL
1 6     0.78   1.73       

1.45E-
113   

8.80E-
35   

CD83 6     2.06   3.10 1.18     
9.44E-

94   
3.19E-

18 
1.21E-

19 
GPR18
3 6     0.92   2.00 0.72     

1.48E-
94   

3.60E-
13 

3.01E-
24 

CD74 6     1.58   1.25 1.42     
1.61E-

122   
5.04E-

13 
1.01E-

78 

CCR7 6     1.04   2.16 1.04     
4.07E-

96   
7.88E-

12 
4.07E-

96 
HLA-
DRA 6     1.41   1.08 2.02     

1.17E-
97   

1.09E-
10 

2.62E-
93 

BCL2 6     0.61   1.52       
1.75E-

98   
7.22E-

07   
TSPAN
13 6     0.51   0.88       

9.64E-
96   

2.10E-
03   
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Supplementary Table S4: Gene set enrichment results DEGs between rituximab treated and 
untreated BL740NSG mouse model 
 

Up-Rituximab treated BL NSG mouse tumors     

NAME SIZE ES NES FDR q-val 
FWER p-
val 

HALLMARK_UNFOLDED_PROTEIN_RESPONSE 22 0.679 3.491 0.000 0.000 

HALLMARK_MTORC1_SIGNALING 52 0.367 2.543 0.002 0.002 

HALLMARK_UV_RESPONSE_UP 27 0.395 2.183 0.005 0.008 

HALLMARK_ANDROGEN_RESPONSE 24 0.402 2.072 0.008 0.017 

HALLMARK_ESTROGEN_RESPONSE_LATE 25 0.338 1.833 0.032 0.079 

HALLMARK_CHOLESTEROL_HOMEOSTASIS 15 0.347 1.499 0.185 0.434 

HALLMARK_APOPTOSIS 35 0.241 1.467 0.186 0.483 

HALLMARK_HEME_METABOLISM 26 0.272 1.451 0.178 0.523 

Down-Rituximab treated BL NSG mouse tumors           

NAME SIZE ES NES FDR q-val 
FWER p-

val 

HALLMARK_MITOTIC_SPINDLE 33 -0.308 -1.515 0.805 0.745 

HALLMARK_INTERFERON_ALPHA_RESPONSE 27 -0.312 -1.383 0.756 0.940 

HALLMARK_INTERFERON_GAMMA_RESPONSE 56 -0.219 -1.253 0.873 0.995 

HALLMARK_ALLOGRAFT_REJECTION 49 -0.219 -1.206 0.788 0.997 

HALLMARK_TNFA_SIGNALING_VIA_NFKB 54 -0.194 -1.090 0.922 0.999 

 

ES = Enrichment score  
NES = Normalized enrichment score  
FDR q-val = False Discovery Rate  
FWER p-val= Family-Wise Error Rate 
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Supplementary Table S5: Gene set enrichment results DEGs in rituximab treated NSG BL717 

compared to NSG BL740 mouse tumors 

Up-Rituximab treated BL717NSG mouse tumors  

NAME SIZE ES NES 
FDR q-
val 

FWER p-
val 

HALLMARK_INTERFERON_ALPHA_RESPONSE 23 0.340 1.548 0.193 0.342 

 

Genes enriched in 
Interferon-alpha 
response 

MX1 

USP18 

OAS1 

DDX60L 

UBA7 

IFIT3 

PARP9 

GBP4 

SAMD9L 

HELZ2 

IFI44 

IFI44L 

EPSTI1 

IL4R 

PLSCR1 

RTP4 

CASP1 

TXNIP 

CMPK2 

IRF7 

HERC6 

LAMP3 

ISG15 
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Supplementary figure S1. PCA plot comparing BL tumors (Kenya) shows strong association with 

other BL tumors from Uganda. The principal component analysis (PCA) was based on the gene 

expression patterns in the eBL patient tumors (from Kenya and Uganda) and Diffuse large B-cell lymphoma 

(DLBCL) patient tumors. The first two principal components are plotted. This exploratory analysis of the 

expression profiles shows that the BL tumor samples (green) clustering closer to Uganda BL tumors and 

don’t exhibit the gene expression profile of other GC B-cell lymphomas such as DLBCL (pink). 

 

 


