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Editorial on the Research Topic 


Quantification of immunological memory


Quantification of immunological memory requires a diversity of approaches to accurately collect data on all the relevant cell types and molecules, identify the correlates of protection, and model the kinetics of the immune response. This collection of articles reports studies performed in humans, in mouse, and in silico models, that altogether emphasize the strength of integrating diverse methodologies for investigating the complexity of immunological memory.



1 Memory lymphocyte subtypes

Several contributors to this topic emphasized memory T and B cell heterogeneity. Humphries et al. offered a comprehensive overview of non-human primate and human studies on pulmonary-Resident Memory T (TRM) and B (BRM) lymphocytes in respiratory infections. These authors highlighted the need for improving vaccination strategies to induce TRM and BRM, and methods to quantify these cells; they also discussed some promising novelties in the techniques to assess respiratory airways immunity. Yordanova et al. investigated memory T cell heterogeneity in recall responses to H. polygyrus, a strictly enteric nematode, in a mouse model. The peculiarity of this model is that memory T cells were found in H. polygyrus-cured mice in the peritoneal cavity and lungs, in addition to intestinal lamina propria and mesenteric lymph nodes (LNs). Distinct transcriptional profiles characterized T cells from each tissue. Upon H. polygyrus challenge, parasite-specific OX40+ Th2 cells expanded as early as day 3 in the peritoneum, coincident with the presence of abundant OX40L+ dendritic cells and eosinophils in this organ, while Th2 cells increased only at day 14 in mesenteric LNs.

The memory T cell compartment comprises both foreign antigen (Ag)-specific “authentic” memory and memory-phenotype (MP) cells, whose function is unclear. Kawabe et al. identified a set of markers distinguishing Ag-specific from MP cells in the mouse CD44hi CD62Llow memory CD4+ T cell compartment. Thus, the “authentic” memory cells, that in this study were elicited by infection with lymphocytic choriomeningitis virus (LCMV), were mostly CD127hi Sca1hi, while the MP cells were more heterogeneous in terms of CD127 and Sca1 expression. Notably, Bcl2 expression was significantly higher in CD127hi Sca1hi Ag-specific cells than in CD127hi Sca1hi MP cells. Further experiments demonstrated that CD127hi Sca1hi MP cells had a Th1-signature, consistent with a pro-inflammatory ‘innate-type’ function that can either protect at early times after encounter with a new Ag, before the development of Ag-specific immunity, or mediate immunopathology.




2 Ag receptor-repertoires and Ag-specificity of memory lymphocytes

Huisman et al. sequenced the TCR-repertoires of 190 purified memory CD8 T-cell populations from 29 healthy human donors, directed against 21 epitopes of Cytomegalovirus, Epstein-Barr virus, and Adenovirus, looking for so-called “public” TCR sequences shared among different individuals. The authors found that a large part of the sequenced TCRs contained Identical (I-PUB) and Highly Similar (HS-PUB) CDR3β, confirmed their results in an independent cohort, and proposed that the shared TCR sequences may be attractive candidates for innovative anti-viral therapies, e.g., based on TCR gene transfer. Although “public” TCRs may derive from a subset of memory T cells selected for their ability to control viral reactivation in chronic infections, they have been identified also in the TCR-repertoires of T cells specific for non-latent viruses. Ohm-Laursen et al. used Adaptive Immune Receptor Repertoire sequencing (AIRR-seq) to analyse the Ig repertoire from the respiratory tract of atopic asthma patients and controls and to investigate B cell clone dissemination in the airways. This study reported that atopic asthma patients had distinct Ig repertoires, and that B cell clones trafficked more prominently from the nasal to the bronchial mucosa, than between right and left bronchial trees. Furthermore, heavily mutated IgD-only B cells were found in the asthmatic bronchial mucosa, and their Ig sequences were consistent with the hypothesis of bacteria/superantigen-driven stimulation (e.g. in terms of IGHV-genes, CDR3 length, etc.). Neuman et al. presented IgTreeZ (Immunoglobulin Tree analyZer), a new tool to analyze Ig gene lineage trees and Ig repertoires, and showed that their method of lineage tree-based analysis was instrumental to account for mutations in the CDR3. For example, analysis of samples from COVID-19 patients by IgTreeZ demonstrated that extensive Ig somatic hypermutation (SHM) occurred between the second and fourth week after the onset of clinical symptoms, while affinity-maturated, structurally stable antibodies (Abs) appeared at about one month from clinical symptom onset.

The persistence of virus-specific Abs and their potential cross-reactions are topics of renewed interest in the context of COVID-19 pandemic. Tanunliong et al. performed a longitudinal study on the SARS-CoV-2 serostatus of long-term care residents living in a facility that experienced two COVID-19 outbreaks, one in April and the other in October 2020. The authors demonstrated persistence of Abs directed against the Spike Ag of SARS-CoV-2 over seven months, with a gradual waning of anti-Nucleocapsid Abs. They also found, among SARS-CoV-2 seropositive individuals, elevated Abs against human seasonal coronaviruses OC43 and HKU1, which may be attributed to a heterologous boosting effect by SARS-CoV-2 infection and/or cross-reaction.




3 Regulation of immunological memory

Immunological memory is generally associated with the concept of protective long-term immunity, e.g., post-vaccination, even though memory T cell responses may be insufficient or even detrimental in some diseases. Barnaba gave an extensive overview of the mechanisms supporting durable T cell memory and preventing excessive T cell activation and immunopathology, e.g., effector T cell exhaustion and suppression by regulatory T cells. The author critically discussed recent findings on immuno-regulatory cellular and molecular mechanisms, highlighting the remaining gaps, and proposing innovative strategies to improve T cell-mediated protection against infectious agents and cancer cells, and to inhibit the development and progression of autoimmune diseases. Using a network-based bioinformatics approach, Onisiforou and Spyrou described the effects of microbiota-host and microbiota-virus interactions on the regulation of immune response in neurodegenerative diseases. Their findings pointed out a marked impact of microbiota-mediated-immune effects on Multiple Sclerosis.




4 Vaccine-induced immunological memory

A better understanding of immunological memory can be highly beneficial to optimize vaccine formulations and vaccination protocols. Duhen et al. examined the extent to which OX40L:Ig, an OX40 agonist, enhanced T and B cell responses to either a protein and adjuvant-based or a self-amplifying mRNA-based vaccine against SARS-CoV-2 in mouse models. They tested OX40L:Ig according to different vaccination schemes (e.g., single or repeated OX40L:Ig injection, at the time of prime, boost, third booster, etc.) and found that it consistently increased both humoral and cellular responses. Natalini et al. investigated the impact of the time interval between vaccine doses on CD8 T cell immunity induced by prime with HIV-1 gag-encoding Chimpanzee adenovector and boost with HIV-1 gag-encoding Modified Vaccinia virus Ankara in a mouse model. A delayed boost (i.e., at day 100 post-prime) was more effective than an early one (i.e., at day 30 post-prime), as evaluated by multi-lymphoid organ assessment of gag-specific CD8 T cell frequency, cytotoxicity, and IFN-γ production. Cell number estimation showed that boost at day 100 yielded a ~3-fold higher number of gag-specific CD8 T cells in the sum of spleen and bone marrow (BM) than boost at day 30, and a ~15-fold higher number than prime only. The authors described a splenic memory CD8 T cell molecular signature associated with enhanced response to delayed boost that trended toward a central memory phenotype, and was characterized by shut off of several proliferative genes, and up-regulation of stem cell genes previously implicated in setting the equilibrium between quiescence and proliferation. Interestingly, gag-specific CD8 T cell frequency selectively diminished in the blood at day 100 post-prime, but not in the spleen, LNs, and BM, coincidently with the improved responsiveness to boost. Stolfi et al. used a stochastic agent-based immune simulation platform to explore the impact of the time interval between vaccine doses on the immunological memory elicited by a SARS-CoV-2 Spike-encoding adenoviral vaccine in humans. The computational model was calibrated to reproduce the serological results of an observational study and of a clinical trial, whereby longer intervals resulted in higher Ab responses as compared to shorter intervals (i.e., 45>20>10 weeks) (1). Stolfi et al. showed that, although the magnitude of the Ab response to boost depended on the number of pre-existing memory B cells, the difference among protocols was mainly due to Ag availability, which was reduced in the shorter interval protocols due to higher levels of pre-existing Abs and memory cytotoxic T cells. Interestingly, two groups of vaccinees emerged in the simulations, i.e., sustainers and decayers, with distinct kinetics of Ab decline due to differences in long-lived plasma cells. Repeated vaccine injections could rescue Ab levels in decayers, with possible implications for individuals having reduced serological memory in real life. In the simulations by Stolfi et al., memory CD8 T cells peaked after the first vaccine dose and then slowly declined, with only minor expansion after any second dose, in agreement with the few available data on human CD8 response to COVID-19 adenoviral vaccines (2). This is quite different from the experimental findings by Natalini et al. Such apparent discrepancy may derive from one or more of the following differences between the study by Stolfi et al. and that by Natalini et al.: i) a homologous versus heterologous prime/boost protocol was used; ii) model parameters were adjusted based on human vaccination results versus data obtained in mice; iii) the shortest and intermediate intervals analysed in the computational model (i.e. 10 and 20 weeks, respectively) were in the same range of the longest one in the mouse study (i.e. 100 days), and the additional interval of 45 weeks was lacking in the mouse study. Other possible differences include, for example, distinct Ag-specific naïve CD8 T cell frequencies, and diversities in Ag availability. It should be noted that the identification of similarities and discrepancies between simulations and real experiments appears greatly fruitful for further advancements in the immunological memory field (3).




5 Modeling memory T cell homeostasis

Swain et al. modeled in silico in a hypothetical laboratory mouse two classic hypotheses on the mechanisms regulating memory T cell homeostasis, i.e., ‘global’ competition for cytokines, and ‘cognate’ competition for Ag. Over time, the former led to a skewed T cell repertoire dominated by the first immune responses, while the latter to a more realistic scenario of high TCR diversity in the memory population. However, given the limited experimental evidence for ‘cognate’ competition, the authors worked on the ‘global’ competition model to improve it. They found that introducing ‘cellular aging’, along with a small continual source of memory T cells (either from stem-cell-like memory T cells or from naive T-cell recruitment into the memory pool) lead to a more convincing model of memory T cell homeostasis. The concept of ‘cellular aging’ took into account the declining cell fitness depending on the number of cell divisions, considering that there is a maximal number of divisions a somatic cell can go through, i.e., the so-called ‘Hayflick limit’. Strikingly, recent experiments in mouse models demonstrated that memory CD8 T cells specific for a single Ag were able to mount a fully functional response in vivo after 16 serial adoptive transfers and >50 immunizations, with no apparent limit to the number of cell divisions. The surprising results of these beautiful experiments suggested that memory CD8 T cells maintained their proliferation potential for about 10 years, a time about 3-times longer than mouse lifespan (4). Once again, experimental results and data obtained from simulations challenge each other, thus stimulating further studies, and opening new promising opportunities to improve our understanding of immunological memory.
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There is increasing evidence that lung-resident memory T and B cells play a critical role in protecting against respiratory reinfection. With a unique transcriptional and phenotypic profile, resident memory lymphocytes are maintained in a quiescent state, constantly surveying the lung for microbial intruders. Upon reactivation with cognate antigen, these cells provide rapid effector function to enhance immunity and prevent infection. Immunization strategies designed to induce their formation, alongside novel techniques enabling their detection, have the potential to accelerate and transform vaccine development. Despite most data originating from murine studies, this review will discuss recent insights into the generation, maintenance and characterisation of pulmonary resident memory lymphocytes in the context of respiratory infection and vaccination using recent findings from human and non-human primate studies.
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Introduction

Respiratory tract infections remain the leading overall cause of death in developing countries, contributing to 5.4 million deaths annually (1) despite advances in vaccination uptake and technology. Recent evidence has revealed resident memory lymphocyte populations play a key role in the response to reinfection and the development of immune “memory”. Two populations of circulating memory T cells with distinct effector and migratory properties were initially described: central memory T cells (TCM) and effector memory T cells (TEM). Mechanistic studies in mice demonstrated that TEM were more prevalent in tissues, while TCM were more prevalent in lymph nodes (LN) and persisted following infection (2). TCM access and survey the LN for pathogens using the LN homing receptors C-C chemokine receptor type 7 (CCR7) and CD62-L and have a high proliferative capacity but exhibit low cytotoxicity (2–4). TEM lack or express low levels of CCR7 and CD62-L but express receptors enabling access to peripheral tissues, where upon reencounter with cognate antigen they rapidly exhibit high cytotoxicity (2–4). This concept has since been refined after it was found that TEM are largely excluded from tissue and are restricted to the spleen and intravascular compartment (4). A novel subset of memory T cells that share similarities to both TCM and TEM, termed peripheral memory T cells (TPM), have been identified as the predominant subset that re-circulate between blood and peripheral tissues (4). It is now recognised that additional subset designations exist, and memory T cells fall on a continuum, rather than rigid subsets, based on their localisation, trafficking, metabolism, longevity, and phenotypic characteristics (5).

During the last decade, a memory T cell subgroup found to reside long-term in tissues without recirculating in blood has been identified. Lacking CD62-L and CCR7, resident memory T cells (TRM) function as a first line of adaptive immune defence against subsequent re-infection and constitute the majority of T cells within the lung (5, 6). Lung-resident memory B cells (BRM) have also been recently recognised for their critical role in immunity to respiratory infection (7). Maintained in a quiescent state, BRM await secondary challenge where they accelerate secondary B cell responses.

Humans frequently develop respiratory infections throughout life and the current global coronavirus disease 2019 (COVID-19) pandemic has highlighted the need to develop and distribute effective vaccines to prevent/reduce key infectious respiratory diseases. Therefore, the development of new vaccines (e.g. COVID-19, respiratory syncytial virus, Middle East Respiratory Syndrome coronavirus) and the improvement of existing vaccines (e.g. tuberculosis, pertussis, pneumococcal and influenza) able to induce long-lasting immunity and prevent such diseases is urgently needed. The role of TRM and BRM in the control of respiratory infections has been highlighted recently in human and animal models (7, 8). Vaccination strategies that enhance either pre-existing memory T and B cells or promote the establishment of new antigen-specific TRM/BRM populations and their maintenance, alongside novel techniques for their in situ detection and functional characterisation, will be important tools for developing vaccines that provide long-lasting immunity against heterosubtypic infection. Here, we discuss the current knowledge of pulmonary TRM and BRM in human and animal models in the context of infection, highlighting knowledge gaps and opportunities in vaccine development.



Formation and Maintenance of Pulmonary TRM and BRM


Generation of Pulmonary TRM

Professional antigen presenting cells (APCs) including dendritic cells (DCs) are key regulators of innate and adaptive immune responses. During primary viral/bacterial respiratory infection, lung-resident DCs process and present the pathogen’s antigens and migrate to the mediastinal lymph node (MLN) to prime naïve T cells and stimulate their proliferation (Figure 1). Migratory lung DCs within the MLN imprint T cell lung homing through site-specific surface molecular signatures (15, 16) and help influence pulmonary TRM generation. In human and humanized mice, pulmonary CD1c+ and CD141+ DCs have both been shown to present viral antigens, however only CD1c+ DCs drive the expression of CD103 (a key marker of TRM – see “Phenotypic Characterisation”) on both naïve and memory CD8+ T cells (17). Multiple chemokine receptors involved in lung trafficking are expressed by TRM including C-X-C Motif Chemokine Receptor 3 (CXCR3), CXCR6 and CCR5 (11, 18–20). Although no specific combination of homing markers have been identified for pulmonary TRM, CD4+ are likely recruited to the airway during Respiratory Syncytial Virus (RSV) infection in human via C-X-C motif chemokine 10 (CXCL10 - the ligand for CXCR3), as chemokine levels correlated with activated CD4+ T cell recruitment in bronchoalveolar lavage (BAL) (18).




Figure 1 | Pulmonary resident memory lymphocyte formation. 1) Inhaled respiratory pathogen (viral/bacterial) antigens are processed and presented by dendritic cells (DCs) that migrate to the mediastinal lymph node (MLN). 2) DCs prime naïve CD4+ and CD8+ T cells in MLN with cognate antigen expressed on MHC II and MHC I, respectively, resulting in T cell proliferation. B cells interact with cognate CD4+ T cells at the border between the B and T cell zones within Germinal Centres (GCs), becoming short-lived, antibody-secreting plasma cells or early memory B cells (IgM+) or enter the GC and undergo somatic hypermutation and isotype switching, with low affinity B cells differentiating into memory cells to ensure a degree of poly-reactivity. High affinity B cells differentiate into long-lived plasma cells and migrate to the bone marrow where they secrete antibodies for decades (9). 3) Stimulation within the MLN leads to the expression of chemokine receptors CXCR3, CXCR6 and CCR5 that enable T cell trafficking to the lung and airways following CXCL9/CXCL10/CXCL11/CXCL16 chemokine gradients. Pulmonary epithelial cells, DCs and macrophages secrete CCR5 and CXCR3 binding chemokines following respiratory infection (10). The CXCR6 ligand, CXCL16, is also expressed by lung bronchial epithelial cells and may also play a role in T cell homing (11). Memory B cells also migrate to the infected lung, following interferon-inducible chemokines CXCL9, CXCL10 and CXCL11 via CXCR3 (12, 13) where they are strategically located for subsequent reinfection. 4) Once entered the lung, effector T cells and short-lived plasma cells help clear infection and undergo apoptosis. A minority of effector T cells differentiate into pulmonary-resident memory T cells (TRM). IgM+ pulmonary-resident memory B cells (BRM) seed the lung early after infection, followed by isotype-switched BRM (7). 5) CD8+ TRM accumulate and self-renew in areas undergoing tissue regeneration following infection known as repair-associated memory depots (RAMD) where they seed airway CD8+ TRM, which are ideally located for pathogen clearance in the case of reinfection. 6) CD4+ TRM and BRM reside within GCs of inducible bronchus-associated lymphoid tissue (iBALT). Associated with prolonged persistence of antigens, iBALT GCs in infected lungs serve as sites for exaggerated B cell proliferation and cross-reactive clonal selection of plasma cells/memory progenitors following B cell/CD4+ TRM interactions (14).



Shortly after activation in the MLN, effector T cells migrate to the lungs and contribute towards pathogen clearance. The majority of pathogen-specific T cells then undergo apoptosis, however a minority differentiate into TRM in response to environmental cues (21), with the number of T cells persisting in the lung following infection correlating with the efficiency of TRM differentiation (22).

Effector T cells entering the lung express sphingosine-1-phosphate receptor (S1PR1), sensing increasing sphingosine-1-phosphate (S1P) gradients in blood and lymph, leading to tissue egress (10). S1PR1 expression is regulated by local cytokine-induced transcriptional downregulation and early activation marker CD69-mediated post-transcriptional antagonism (10). CD69 is a cell-surface receptor that is rapidly and transiently expressed on all recently activated T cells. Induction of the membrane‐bound type II C‐lectin receptor CD69 by antigen stimulation and inflammatory cytokine exposure leads to downregulation of S1PR1, which when combined with inflammation-induced chemotactic signalling, supports effector T cell retention and TRM generation (10, 23). Transition of recruited effector T cells to TRM in murine lung requires simultaneous tissue damage and T cell receptor (TCR) activation by pulmonary cognate antigen encounter (24–27). Overlapping TCR genes from human TRM and non-TRM indicate that environment, rather than epitope specificity, drives TRM formation (19). Antigen-dependent cross-competition however does promote TRM formation, with effector T cells recognising antigen presented by infected tissue cells preferentially entering the local TRM pool (28). Although demonstrated in murine skin, it is possible the same rules also apply to the lung. Naïve T cells in LNs may also be epigenetically preconditioned during steady state conditions by migratory DCs to differentiate into TRM upon exposure to cognate antigen (29). Dependent on DC-driven, transforming growth factor β (TGF-β), altering local or systemic TGF-β activity prior to vaccination may help promote TRM formation (29).

Once established, TRM remain lung-resident and contribute towards immunosurveillance and homeostasis (6). Maintained in a quiescent state, human transplant studies have demonstrated donor CD4+ and CD8+ TRM to persist in the lungs for over 15 months, with single cell transcriptome analysis confirming de novo TRM generation via the identification of a “mature TRM” and an immature “TRM-like” population that gradually acquire TRM markers (CD69, CD103 and CD49a) over time (30, 31). Pulmonary CD8+ TRM are however more short-lived than those found in other tissues such as the skin and intestine (32, 33). As microbes are constantly being inhaled, the limited longevity of pulmonary CD8+ TRM may provide a mechanism for avoiding unnecessary inflammation and pathogenesis in this tissue (34).



Gene Regulation in TRM

In human, Notch signalling alongside low levels of T-bet and Eomesodermin (EOMES) are required for the development and maintenance of CD4+/CD8+ TRM, with Notch regulating TRM metabolic programs (11, 20). Human pulmonary CD8+ TRM display elevated levels of the transcription factors Hobit (encoded by the gene ZNF683) and Runx3, that may be involved in TRM generation and/or maintenance (30). Interestingly, despite showing elevated mRNA levels, Hobit protein expression was reported absent in human CD4+ TRM, suggesting differences between CD4+/CD8+ TRM formation/maintenance (11).

Heterogeneity in effector function and phenotype is evident within TRM populations, particularly within CD4+ TRM (19). Transcriptome profiling of human lung CD69+ TRM has revealed the differential expression of 31 core genes associated with migration, adhesion and regulatory molecules when compared to CD69- subsets (19). This transcriptional profile is conserved across CD4+/CD8+ CD69+ lineages as well as tissues (19). Pulmonary TRM exhibit high transcript levels for genes encoding for several chemokine receptors, pro-inflammatory cytokines and cytotoxic mediators, enabling them to be recruited and retained within the lung and undergo rapid, polyfunctional responses (11, 20). TRM respond rapidly with effector functions, however, expression of regulatory genes (e.g. cytotoxic T-lymphocyte-associated protein 4 [CTLA4] and B-and T-lymphocyte attenuator 4 [BTLA4]) in CD8+ TRM may present a safety mechanism to minimise aberrant activation and associated inflammation/tissue damage (20).



Generation of Pulmonary BRM

Human antigen-experienced lungs are enriched with B cells containing a resident memory phenotype (35). As human and non-human primate (NHP) BRM data are limited, most findings are derived from mouse studies. During primary respiratory infection, naïve B cells, primed by either free antigen or antigen delivered by subcapsular sinus (SCS) macrophages (36), interact with cognate CD4+ T cells at the T-B border within the MLN (9, 37). Following initial proliferation at the outer follicles, B cells may differentiate into extrafollicular short-lived plasma cells, early (germinal centre (GC)-independent) memory cells or proliferate to form the GC (Figure 1). Following somatic hypermutation, B cells can exit as long-lived plasma cells, migrating to the bone marrow where they secrete antibodies for decades, or memory B cells (9, 37). Having migrated to the lungs to participate in pathogen clearance, most of the responding B cells undergo apoptosis, leaving a few resting memory cells in the respiratory tract and lymphoid organs where they wait for the same antigen.

Murine parabiosis studies have demonstrated BRM generation requires local antigen encounter and is dependent on early CD40-interactions with T cells (7). Once established, BRM remain lung resident due to expression of CD69 (7). Here they undergo metabolic reprogramming, switching from anabolic to catabolic pathways to reduce their requirement for high levels of cytokines for their maintenance (37). In mice, BRM are quiescent and long-lived, maintained from precursors within persisting GCs in areas known as inducible bronchus-associated lymphoid tissue (iBALT) (14), however BRM have also been detected in the absence of iBALT (39). Established one week after influenza infection, murine pulmonary BRM have been demonstrated to be phenotypically and functionally distinct from their systemic counterparts (7).



Gene Regulation in BRM

Few studies have investigated gene regulation in pulmonary BRM, particularly in humans. Although the possibility of a “master transcription factor” for BRM generation has been suggested, no unique transcription factor has been identified so far (9). Increased expression of the transcription factors Bach2, KLF2, ZBTB32, ABF1 and STAT5 are associated with BRM formation in mice, however their exact roles are yet to be understood (9, 40). The transcriptional regulation of pulmonary BRM differentiation is likely to be unique – understanding these transcription factors may help identify methods for modulating their formation (41).




Phenotypic Characterisation


Human and Non-Human Primate TRM Markers

Due to their similarities to human, NHPs provide an invaluable tool for investigating host response to respiratory infection and vaccination. Although heterogenous within the lung, human and NHP TRM are phenotypically distinct from TCM and TEM and are primarily identified by the high expression of the C-type lectin receptor CD69, and integrins CD103 and CD49a (30). The transmembrane CD69 is a key marker of pulmonary TRM, distinguishing memory T cells in tissue from those in circulation (19), however murine evidence suggests its expression is not essential for the establishment and maintenance of TRM in the lung (25, 42, 43). Although considered as an early activation marker for TCR signalling, TRM CD69 expression is not associated with markers of recent activation and appears to be a function of previous antigen exposure (19).

Preferentially expressed on CD8+ TRM compared to CD4+, CD103 promotes adherence to E-cadherin, an adhesion molecule expressed by epithelial cells (22, 30, 44). CD103 expression is driven by membrane-bound TGF-β (mediated by IL-10) on APCs (CD1c+ DCs and monocytes) (17, 45) and is thought to contribute towards initial recruitment and persistence of CD8+ TRM to aide surveillance rather than long-term maintenance (42). CD49a, expressed by both CD4+ and CD8+ TRM, is an integrin specific to collagen IV that facilitates locomotion for surveillance and is essential for TRM survival by limiting apoptosis following ligand engagement (42). Other recognised surface markers of pulmonary TRM are outlined in Table 1 - understanding the full function of these markers, whether they represent different subsets/maturation states and whether they are pathogen-dependent remains to be determined.


Table 1 | Human and Non-Human Primate Surface Marker Expression on Pulmonary TRM.





BRM Markers

Although no specific marker of BRM residency has been described, pulmonary BRM are phenotypically distinct from their systemic memory and non-memory counterparts (7) – see Table 2. As well as lacking CD62-L, murine pulmonary BRM express markers associated with TRM, such as CD69, CXCR3 and CD44, which retain BRM within the lung (7, 12, 35, 39). CD69 has also been found on human pulmonary BRM (35). Whether other markers found in mice are also expressed on human and NHP pulmonary BRM requires further investigation.


Table 2 | Surface Marker Expression of Human/Mouse Pulmonary BRM.



Functional studies have revealed BRM established early after murine influenza infection are positive for immunoglobulin M (IgM+) which are later followed by isotype-switched BRM (7). Following murine pneumococcal infection, the majority of isotype-switched BRM are IgG+, with a small fraction IgA+ (35). The majority of BRM found in healthy human lung are also isotype-switched (35).




Anatomical Location

TRM/BRM persist at sites of previous antigen encounter (13). CD8+CD103+ TRM are found at higher frequencies in the airway than in parenchyma due to adhesion to epithelial E-cadherin, making them ideally located to respond to reinfection (30). Murine CD8+ TRM reside and self-renew in peribronchiolar foci in areas undergoing tissue remodelling, known as repair-associated memory depots (RAMDs) (25, 38) (Figure 2). Tissue damage is a requirement for RAMDs (25) and may have implications for vaccine design and delivery. The existence of human RAMDs containing CD8+ TRM remains to be confirmed.




Figure 2 | Compartmentalisation of Pulmonary TRM and BRM. 1) CD8+ TRM are maintained in repair-associated memory depots (RAMDs) located in peribronchiolar foci in areas previously damaged from primary infection. RAMDs can be identified via the presence of cytokeratin-expressing cell aggregates which contain distal airway stem cells that help reconstruct damaged lung tissue (10). Murine evidence suggests interstitial CD8+ TRM are primarily maintained by a process of homeostatic proliferation and seed airway TRM, driven by CXCR6 in response to airway CXCL16 (38). 2) CD4+ TRM surround BRM cell follicles in iBALT located within the pulmonary parenchyma, where prolonged antigen persistence enhances CD4+ TRM/BRM formation. Just like RAMDs, iBALT requires tissue damage/inflammation for their establishment. CD4+ TRM are then recruited to the alveolar space via CXCL10/CXCR3.



CD4+ TRM and BRM are located and maintained around the small airways within iBALT located within the parenchyma (13, 14, 25, 30) (Figure 2). iBALT contain GCs that serve as sites for B cell selection and maturation following murine influenza infection (50), generating cross-reactive memory B cells to ensure heterosubtypic humoral protection (14). Formation is associated with inflammation (44) and prolonged antigen persistence (14). BRM have also been observed in non-lymphoid areas below the airway epithelium and airways (13) as well as lungs of pneumococcal-recovered mice lacking iBALT, indicating that they are components of histologically unremarkable lungs that may not require iBALT for their maintenance (35, 39).



Function


TRM Response to Viral Infection

Growing evidence indicates that virus-specific T cells resident along the respiratory tract are highly effective at providing potent and rapid protection against inhaled pathogens. In human influenza infection, CD8+ TRM have been shown to recognise the internal, conserved proteins of the virus whereas CD4+ TRM recognise both internal and external proteins, with both cell types contributing towards heterosubtypic protection (33). CD8+ TRM have been shown to be cross-reactive against three influenza strains (51), with single cell sequencing revealing diverse TCR profiles “capable of recognising newly emerging viral escape variants” (22).

Influenza-specific CD8+ TRM have a low activation requirement, requiring only cognate antigen in the absence of helper cell-derived signals (52). Once stimulated, they are highly proliferative, producing polyfunctional progeny (producing ≥2 cytokines – IFN-γ, TNF, Granzyme B and IL-2) with effector function superior even to their parent population (22, 44). Polyfunctional TRM offer enhanced protection by producing higher levels of cytokines whilst simultaneously driving effector responses (53) - activated CD8+ TRM exert their cytotoxic function to kill infected cells (10) whilst CD4+ TRM interact with B cells in iBALT to generate new neutralising antibodies (14, 54). A newly identified, long-lived CD4+ T resident helper (TRH) population with functional and phenotypical similarities to lymphoid T follicular helper cells (TFH) has also been described following murine influenza infection. Residing within iBALT, TRH are tightly localised with BRM to support local antibody production following reinfection (55).

In an experimental human RSV infection model, the abundance of RSV-specific, pulmonary CD8+ TRM before infection was associated with reduced symptoms and viral load, implying that CD8+ TRM can confer protection against severe respiratory viral disease when humoral immunity is overcome (8). RSV-specific CD8+ TRM displayed phenotypic changes representative of advanced differentiation, with downregulation of both co-stimulatory and cytotoxicity markers, suggesting cells can respond rapidly to reinfection, but function is restricted to minimise excessive tissue damage (8).

RSV infection in African Green Monkeys (AGM) also induced virus-specific airway CD8+ TRM capable of reducing viral titres, however failed to induce robust CD4+ TRM and humoral responses (21). Previously protective RSV-candidate vaccines in AGM induced a strong T cell response, whilst those eliciting a strong neutralisation antibody response without detectable T cell response were not as effective (56). Similar to influenza, CD8+ TRM recognise internal proteins of RSV, whilst CD4+ TRM recognise external proteins (18). RSV-induced immunopathology relates to a dysregulated T cell response – RSV-specific memory CD8+ T cells in blood display little evidence of multiple cytokine production unlike those seen against influenza (8, 18). CD8+ TRM however appear to be more polyfunctional, generating IFN-γ, IL-2 and TNF (21), however fail to undergo proliferation when activated and express reduced cytotoxicity markers compared to peripheral memory cells (8).



TRM Reponses to Bacterial Infection

Activated CD4+ and CD8+ TRM have been identified in the lungs of patients infected with Mycobacterium tuberculosis (Mtb), where they help limit intracellular macrophage Mtb replication (46). TRM were polyfunctional, expressing IFN-γ, TNF ± IL-2, and exhibited a highly cytotoxic profile, with CD4+ TRM appearing more polyfunctional than CD8+ TRM (46). CD49d is upregulated on airway CD4+ TRM and optimises the localisation of human Mtb-specific recall responses (47). Mtb infection in macaques drives a cellular T helper 1 (TH1) and humoral response, without protective efficacy, however repeated pulmonary Bacillus Calmette-Guérin (BCG) delivery was shown to induce polyfunctional, TH17 CD4+ TRM, leading to airway IgA secretions in BAL (48), presumably through the generation of BRM. Interstitial CD4+ depletion with simian immunodeficiency virus (SIV) following Mtb infection identified CD4+ TRM (57), proliferating CD8+ memory T cells (TCM, TEM and likely TRM) and B cells within iBALT (58) as critical for suppressing latent Mtb reactivation.

TH17 CD4+ TRM are also critical in protecting against murine nasal Bordetella pertussis (Bp) colonization (59). Although both capable of protecting against Bp lung infection, whole cell Bp vaccine, unlike the acellular vaccine, induced nasal IL-17-producing CD103+ CD4+ TRM (similar to natural Bp infection) that recruited neutrophils to enhance bacterial clearance.



TRM Bystander Effect

Lung TRM also display “innate-like” behaviour, amplifying inflammation following noncognate bacterial infection. APC-derived IL-12/IL-18 activated virus-specific CD8+ TRM within the lung parenchyma, leading to the rapid synthesis of IFN-γ. This “bystander activation” boosted neutrophil recruitment to improve bacterial clearance. Despite being performed in mice, the authors demonstrated in vitro that human CD8+ TRM similarly synthesise IFN-γ in response to IL-12/IL-18 (60).



BRM Response to Viral and Bacterial Infections

Alongside long-lived antibody-secreting plasma cells, BRM contribute towards the protective humoral immune response to pulmonary reinfection (12). The presence of BRM is a common feature of antigen‐experienced lungs and is important for acquired immunity (7). B cells in the airways secrete antibodies that act both locally and at mucosal surfaces. These antibodies, predominantly IgM and IgA, bind to glandular epithelial and mucosal surfaces to promote pathogen clearance (61). B cells activated in respiratory lymphoid tissue also differentiate into IgA‐secreting plasma cells that predominantly act in the airway. Current knowledge of B cell homing and class switching in the airway remains limited.

Murine parabiosis/adoptive transfer/depletion studies have demonstrated the protective role played by BRM in response to both viral (7, 12, 54) and bacterial lung infection (35). BRM provide rapid antibody-secreting cells (ASC), producing a range of class switched neutralising antibodies (7, 12). Lung BRM produce greater numbers of ASC than splenic memory cells following exposure to drifted virus, indicative of heterosubtypic protection (14). Cross-neutralising antibodies to conserved, internal influenza proteins provide heterosubtypic protection (14, 54). Although IgA is more effective than IgG at preventing upper respiratory infection, in combination they achieve maximal neutralising activity against influenza in mice (12). Following murine pneumococcal infection, BRM contribute towards bacterial clearance by rapidly secreting cross-reactive antibodies, even when reactivated by a serotype-mismatched strain (35). In macaques, iBALT persistence is associated with reduced Mtb reactivation due to enhanced B-cell and humoral immunity (58). BRM are also potent APC, binding and endocytosing antigen via their BCR to increase peptide/MHC II presentation and further enhance CD4+/B cell responses (9, 13).




Loss of Pulmonary Protection

Pulmonary immunity to respiratory pathogens wanes over time, meaning individuals are susceptible to recurrent infections throughout their lifetime. Although antigen drift may contribute to loss of protection, the gradual loss of pulmonary CD8+ TRM is a major contributor (32). Murine lung CD8+ TRM are less durable than those found in skin due to an increased susceptibility to apoptosis (32), and have been shown to undergo “retrograde migration” to the MLN where they provide longer-lived regional memory (62). Loss of RAMDs due to tissue repair correlated with a decline in CD8+ TRM number in mice (10, 25), whilst in humans iBALT diminishes with age (6) which may explain why older age groups are more susceptible to respiratory infection due to a reduced ability to mount CD4+ TRM/BRM responses.



Immunopathology

Although TRM-driven immunopathology has been described in other tissues (63), less is known regarding pulmonary TRM. Moderate-severe asthma patients display increased numbers of CD4+CD103+ TRM in their airways (64) and vaccine-enhanced disease in children with formalin-inactivated RSV is driven by TH2 CD4+ memory cells that induce excessive inflammation (65). Exacerbations of pulmonary pathology following RSV infection have also been linked to iBALT which stimulate increased, yet detrimental, immune responses (66). CD8+ TRM may impact gas exchange via the presence of RAMD or through inflammation induced by bystander activation (60). In vitro, CD8+ T cells damage non-infected epithelial cells during influenza infection through TNF and IFN-γ release (67). Although the detrimental effect due to TRM/BRM has not been demonstrated in vivo, TRM/BRM formation may not always be beneficial if accompanied by another immune cell influx such as that found following acute infections.



Vaccination Strategies to Promote TRM

The presence of pathogen-specific TRM cells in the lungs has been shown to correlate with protection in human and animal models. It has therefore been proposed that TRM represent one of several immune mechanisms that should be harnessed together for optimal vaccine-mediated protection. A better understanding of how lung TRM are generated and maintained is required for optimal vaccine development. Vaccination strategies to promote TRM have been successfully demonstrated in mouse models, including engineered biomaterials that modulate antigen delivery and retention time, adjuvant combinations, viral vectors and virus-like particles, as well as direct APC targeting (68), however studies in human and NHP are limited.

In mice and human, inactivated influenza vaccines induce systemic humoral responses but fail to induce T cell immunity in the lungs (33, 69, 70). Intranasal live-attenuated influenza virus vaccines however generate mucosal IgA, lung CD4+ TRM and virus-specific CD8+ TRM similar in phenotype to those generated by influenza virus infection, providing long term, heterosubtypic protection, independent of circulating T cells and neutralising antibodies (70, 71). Tissue-resident alveolar macrophages have been found to limit CD8+ TRM formation following murine influenza infection and may offer an attractive target for manipulation (72).

Intravascular, but not subcutaneous, administration of an agonistic anti-CD40 antibody alongside poly-IC : LC (a Toll-like receptor 3 activator) with HIV envelope peptide antigen directly stimulated APCs in the blood, MLN and lung to enhance pulmonary CD8+CD103+ TRM formation in macaques (45). Intravenous BCG in macaques induces more antigen responsive pulmonary CD4+ and CD8+ TRM than intradermal administration, with protection lasting 6 months later (73). Intratracheal boosting with BCG however following intradermal BCG vaccination enhances protection (74). Although this study only analysed peripheral blood to correlate increased CD4+ TEM populations with improved protection, it is anticipated that local delivery of antigen to the lungs would also increase TRM/BRM populations. Pulmonary mucosal BCG vaccination therefore offers superior protection against Mtb compared to standard intradermal vaccination (48, 75, 76).

VPM1002, a live BCG vaccine genetically modified to improve immunogenicity, outperforms live-attenuated BCG in preclinical testing and is undergoing clinical trials (NCT03152903) (77). Aerosol immunization with a mutated Mtb strain MtbΔsigH reduced bacterial burden and lung pathology when compared to aerosolised BCG following Mtb challenge in macaques (78). MtbΔsigH persisted for longer in the lungs than BCG and generated increased iBALT and CD69+ T cells in BAL, which likely include TRM. Since antigen is required for TRM/BRM establishment, increasing its persistence enhances generation. Increasing antigen persistence using a cytomegalovirus vector encoding Mtb antigen inserts prevented disease in macaques through the establishment and maintenance of lung TRM (79).

It is also possible that skin-resident TRM generated through intradermal vaccination may enhance both local and systemic host responses to Staphylococcus aureus, a common commensal of the skin and nasal mucosa, to help minimise Staphylococcal pneumonia (80).



Vaccination Strategies to Promote BRM

Strategies to induce pulmonary BRM require delivery of antigen to the lung (7). In mice, intranasal vaccination extended antibody specificity to confer heterosubtypic protection by inducing GCs that generated cross-reactive antibody responses (14). In human, the squalene emulsion adjuvants AS03 or MF59 augmented neutralising antibody production when co-administered intramuscularly with influenza vaccine (81). Both adjuvants enhanced antigen uptake and presentation in local tissue leading to increased CD4+ and B cell responses, with AS03 also shown to increase naïve B cell activation and the adaptability of pre-existing memory B cells (82). Despite increasing the breadth of B cell repertoire following seasonal Flu vaccine (83), the impact of adjuvants on pulmonary TRM/BRM remains to be demonstrated for such intramuscular vaccine. We could not exclude that a boost from an adjuvanted vaccine in humans previously exposed to a similar antigen encountered in the lung could re-activate and maintain pulmonary TRM/BRM.

In contrast, certain respiratory viruses such as RSV are known to trigger a TH2-like, dysregulated antiviral response (84). Acute RSV infection limits pulmonary BRM formation (85) and encodes a number of immunomodulatory proteins that impair antigen presentation and type 1 interferon release (18), which may explain why infection is associated with a low level antibody response (21). Similarly, COVID-19 also suppresses MHC I/MHC II antigen presentation and interferon response (86). These issues of dysregulated T cell responses should be avoided or overcome through vaccination, leading to long-term humoral protection.



Quantifying Immunological Memory Following Vaccination

Most vaccine studies in humans rely on peripheral blood sampling to evaluate protection. Serum haemagglutination inhibition (HAI), ELISA or ELISpot may indicate the humoral response generated against a given pathogen/vaccine, however does not always reflect immunity, as protection against influenza has been seen despite the absence of HAI titres (87). Nasal IgA is also a better reflector of protection to RSV than serum IgG (85). Circulating memory T and B cells do not always correlate with protection (8, 85) and immune responses can differ from those in lung (44).

Limited peripherally accessible biomarkers have been identified following immunization relating to resident memory lymphocyte generation. Early rises in plasma IL-10 correlated with pulmonary CD8+CD103+ TRM generation following immunization in macaques (45). The CXCL10/CXCR3 axis has also been postulated as a potential biomarker for CD4+ migration to the lung (18). Further immunization studies correlating peripheral biomarkers with TRM/BRM formation are required.

Airway TRM can be isolated via BAL (30). Virus-specific CD8+ frequencies have been found to be 10 times higher in BAL than in peripheral blood in AGM, highlighting the quantitative differences between local and systemic T cell responses (21). BAL can be collected multiple times, providing temporal information on airway populations, but not interstitial. Post-mortem analysis is often the only method for assessing TEM/TRM. Tissue sections can be collected for histology or enzymatic tissue digestion, however accessing human/NHP tissue is difficult. Lung tissue is easily contaminated with alveolar/intravascular cells unless the organ is perfused and BAL collected (however this is not 100% effective). Intravenous antibody staining can distinguish tissue resident from circulatory cells, however, is not performed in humans/NHP. TRM/BRM are identified through surface marker expression or gene signature, with pathogen-specificity evaluated through intracellular cytokine staining following exposure to antigen/MHC tetramers (TRM) or binding of labelled-antigen (BRM). Given the limited information gained on pulmonary TRM/BRM populations using current sampling methods, new detection techniques are required.


In Situ Optical Imaging

Optical endomicroscopy imaging (88), recently used for the detection of human alveolar neutrophils in situ (89), may provide a valuable tool for assessing pulmonary-resident memory lymphocytes and quantifying immunological memory following vaccination. Fluorescently tagged ligands or antibodies, capable of binding to specific TRM/BRM surface markers, can be delivered to the airways via a bronchoscope to enable visualisation (Figure 3). The information gained can be combined with systemic data to evaluate vaccine efficacy and expected degree of protection against respiratory pathogens. In situ optical imaging may also be used to screen lungs for transplantation, as the presence of TRM in donor tissue is associated with reduced adverse clinical events in the recipient (30).




Figure 3 | In Situ Optical Imaging of Resident Memory Lymphocytes. Optical endomicroscopy imaging within the lungs may allow for the in situ detection and quantification of resident memory lymphocyte populations. Monitoring numbers following immunization may help reflect vaccine efficacy and immunological memory. Fluorescently tagged ligands or antibodies, capable of binding to specific TRM/BRM surface markers, can be delivered to the airways via a bronchoscope to enable visualisation. Using a combination of fluorescent ligands/antibodies could help differentiate resident memory lymphocyte populations.





Ex Vivo Lung Perfusion

The COVID-19 pandemic has highlighted how immune responses in the airways differ from those in the circulation and that it is tissues, not blood, where immune cells function (90). Assessing tissue-based immunity following infection and vaccination is therefore essential. Ex vivo lung perfusion (EVLP), using human lungs deemed non-suitable for transplantation, provides an ideal model for assessing tissue immunity and optimising in situ optical imaging. As well as studying populations in situ, EVLP offers the ability to isolate large numbers of human TRM/BRM, far higher than those obtained from a typical BAL, for in-depth analysis (including phenotype, function, and antigen-specificity). Intraperfusate delivery of a fluorescently tagged CD45 antibody can also differentiate circulating (labelled) from tissue-resident (non-labelled) cells. This technique has recently revealed how human lung TRM colocalise with lung-resident macrophages, preferentially around the airways, where they receive costimulatory signals to augment effector cytokine production and degranulation (91).




Concluding Remarks

Resident memory lymphocytes in the lung enhance immunity against respiratory pathogens. Understanding the mechanisms that drive TRM and BRM formation will improve vaccine design, with the hope of generating long lived, polyfunctional TRM and broadly reactive, neutralising-antibody-secreting BRM in the lung. Targeting respiratory APCs with antigen followed by subsequent “boosts” may establish and maintain these populations. Assessing the local and systemic responses using a combination of in situ imaging and peripheral blood sampling may reveal the efficacy of novel vaccines designed specifically to induce resident memory lymphocyte populations in the lung. Human ex vivo lung perfusion provides an ideal model for researching TRM/BRM populations and optimising novel methods for their in situ detection to help quantify immunological memory.
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In order to better understand how the immune system interacts with environmental triggers to produce organ-specific disease, we here address the hypothesis that B and plasma cells are free to migrate through the mucosal surfaces of the upper and lower respiratory tracts, and that their total antibody repertoire is modified in a common respiratory tract disease, in this case atopic asthma. Using Adaptive Immune Receptor Repertoire sequencing (AIRR-seq) we have catalogued the antibody repertoires of B cell clones retrieved near contemporaneously from multiple sites in the upper and lower respiratory tract mucosa of adult volunteers with atopic asthma and non-atopic controls and traced their migration. We show that the lower and upper respiratory tracts are immunologically connected, with trafficking of B cells directionally biased from the upper to the lower respiratory tract and points of selection when migrating from the nasal mucosa and into the bronchial mucosa. The repertoires are characterized by both IgD-only B cells and others undergoing class switch recombination, with restriction of the antibody repertoire distinct in asthmatics compared with controls. We conclude that B cells and plasma cells migrate freely throughout the respiratory tract and exhibit distinct antibody repertoires in health and disease.
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Introduction

The respiratory tract is located inside the body but, like the digestive and reproductive tracts, is constantly exposed to the external environment with its plethora of stimuli from microorganisms, proteins including allergens and other particulate matter including particulate pollution. The respiratory tract is divided into upper and lower regions above and below the larynx, the former comprising the nasal cavity, paranasal sinuses and pharynx and the latter the trachea and bronchial tree. It is also contiguous with the skin (via the nostrils) and the conjunctiva (via the nasolacrimal ducts). The respiratory tract mucosa serves as a physical barrier composed principally of pseudostratified cells, with ciliated columnar epithelial cells resting on a basement membrane along with mucin-producing goblet cells. The cellular composition of the lamina propria underneath the epithelial layer varies according to the site within the respiratory tract but includes blood vessels and lymphatics, structural cells and a range of immune cells including innate immune cells, antigen-presenting and effector cells, cartilage and, in the lower respiratory tract, smooth muscle cells. Lymphoid tissue surrounds the upper respiratory tract (Waldeyer’s Ring, which includes the lingual tonsils and the adenoids), while lymph nodes are abundant adjacent to the lower airways in the mediastinum and adjacent to the trachea and bronchi. Lymph flows towards the hilum and ultimately returns to the systemic venous circulation via the right lymphatic and left thoracic ducts.

In contrast to this prominent network of lymph nodes outside the lower airways, the question whether or not organized lymphoid tissue exists within the walls of normal airways (bronchial associated lymphoid tissue, or BALT), is still debated, although it is widely accepted that BALT can be “induced” (iBALT) in association with many chronic inflammatory diseases of the airways such as COPD (1–4). In addition, we have shown that the enzyme activation-induced cytidine deaminase (AID), which is necessary for both somatic hypermutation and isotype switching in B cells, is expressed in both healthy and asthmatic lung tissue (5). Both observations support the hypothesis that B cell maturation can take place within the walls of the airways themselves.

While the process of immune cellular migration from the blood vessel capillaries into the tissues and their return to the systemic circulation via the lymph nodes and lymphatics is relatively well established, little is known about the capacity of individual immune cells such as B cells and plasma cells to migrate freely between the mucosal surfaces and lymphatics of the upper and lower respiratory tracts. According to the concept of the “United Airways Disease” (UAD) treatment of disease at one site in the respiratory tract, such as allergic rhinitis, will result in improvement in symptoms in another, such as the lower respiratory tract in allergic asthma (6). This is consistent with the hypothesis that such B cell migration within the respiratory tract may occur.

We previously characterized the expressed antibody repertoires of the bronchial mucosal B cells at various sites within the lower respiratory tract, obtained at bronchial biopsy, and the peripheral blood in one patient with atopic asthma (AA) and one non-atopic, non-asthmatic (NANA) control subject using Adaptive Immune Receptor Repertoire sequencing (AIRR-seq). Detailed analysis of the sequences provided conclusive evidence that B cells are able to migrate both locally and to more distal sites within the bronchial mucosa of the same lung (7). The study also, for the first time, revealed the presence of so-called IgD-only cells in the bronchial mucosa, i.e. B cells expressing surface IgD but not IgM generated through isotype switching utilizing a cryptic switch region upstream of the ∂ constant region (8, 9). These cells were first described as highly mutated germinal center centroblasts (10). It has been suggested that this switching process is driven by bacteria (8), which could include common commensal bacteria in asthma, making the discovery of bronchial IgD-only cells relevant to our aim to better understand asthma pathogenesis.

In the present study a primary goal was to extend these observations by addressing the hypothesis that B cells in the upper (nasal) and lower (bronchial) respiratory tract mucosa of both lungs are directly related. We compared the repertoires of the B cells obtained near contemporaneously from nasal biopsies (NBx) and bronchial mucosal biopsies (BBx) (including biopsies from both the left and right bronchial trees from one individual) and the peripheral blood from patients with atopic asthma (AA) and non-atopic, non-asthmatic control subjects (NANA). Our secondary aim, through detailed analysis of somatic hypermutation of the B cell antibody genes, was to attempt to align their directions of travel with their maturation history. Thirdly and finally, we wished to confirm and extend our previous observation of IgD-only cells in the bronchial mucosa in a larger cohort and to compare IgD-only cells of the nasal and bronchial mucosa.



Materials and Method


Study Subjects and Sample Collection

Six atopic patients with asthma (AAXX) and nine non-atopic, non-asthmatic controls (NANAXX) were enrolled in the study (Supplementary Table 1). The criteria for the diagnosis of asthma and atopy have been described previously (11). From each subject, two biopsies of the nasal mucosa were obtained from the inferior turbinates at anterior rhinoscopy under local anaesthesia and, at a second visit 4-43 days later, 10 bronchial mucosal biopsies from various sites in the lower airways at fibreoptic bronchoscopy under local anaesthesia (Figure 1). For subject AA07, 13 bronchial biopsies were collected, as we also obtained three biopsies from the lower lobes of the right lung of this subject. At both visits 30 ml peripheral blood were also collected for PBMC and serum isolation.




Figure 1 | Schematic showing origins of the various samples from the nasal mucosa, the right lung bronchial mucosa and the peripheral blood. The NBV_PBMC and BBC_PBMC peripheral blood sample were collected at the same time as the nasal biopsy (NBx) and the bronchial biopsies (BBx), respectively. For AA07, three biopsies from the left lung were also collected: BBx11 (3rd generation lower lobe), BBx12 (2nd generation lower lobe) and BBx13 (1st generation lower lobe). The carina is at the bottom of the trachea where it divides into the left and right main bronchi. 4th generation lower lobe biopsies were collected from all subjects but only sequenced from NANA03 as this individual lacked a 1st generation lower lobe biopsy sample. This figure was created in BioRender.com.





RNA Extraction, AbSeq Library Preparation and Sequencing

Total RNA was extracted from one of the paired nasal biopsies and one bronchial biopsy from each of four sites within the bronchial mucosa using a Qiagen RNEasy plus kit. One aliquot of 106 PBMCs from each blood sample was carefully thawed and RNA extracted using the Promega Maxwell HT simply RNA custom kit. RNA recovery and quality were estimated using Agilent TapeStation and HSRNA ScreenTapes.

The RNA was used for heavy chain immunoglobulin amplification and high-throughput sequencing using the previously described AbSeq protocol (12). Briefly, RNA was reverse-transcribed into cDNA using a biotinylated oligo dT primer. An adaptor sequence was added to the 5’ end of all cDNA, which contains the Illumina P7 universal priming site and a 17-nucleotide unique molecular identifier (UMI). Products were purified using streptavidin-coated magnetic beads followed by a primary PCR reaction using a pool of primers targeting the IGHA, IGHD, IGHE, IGHG, and IGHM regions, as well as a sample-indexed Illumina P7C7 primer. The immunoglobulin-specific primers contained tails corresponding to the Illumina P5 sequence. PCR products were then purified using AMPure XP beads. A secondary PCR was then performed to add the Illumina C5 clustering sequence to the end of the molecule containing the constant region. The number of secondary PCR cycles was tailored to each sample to avoid entering the plateau phase, as judged by a prior quantitative PCR analysis. Final products were purified, quantified with Agilent Tapestation and pooled in equimolar proportions, followed by high-throughput paired-end sequencing on the Illumina MiSeq platform. For sequencing, the Illumina 600 cycle kit was used with modifications: 325 cycles were used for read 1, 6 cycles for the index reads, 300 cycles for read 2 and a 20% PhiX spike-in to increase sequence diversity.



AbSeq Sequence Analysis

Briefly, data were processed and analyzed using the Immcantation Framework (http://immcantation.org) with the Presto v0.5.7 (13), Change-O v0.4.0 (14), Alakazam v0.2.10 (14), SHazaM v0.1.9 (14, 15), Dowser v0.0.1 (16), IgPhyML v1.1.3 (17) and other custom scripts through the R environment (18). Filtering steps included discarding sequences aligned against the PhiX174 reference genome, sequences with mismatches in the constant region, sequences with more than six mismatches in a 10 nucleotide stretch and sequences with only one single contributing read. Non-functional sequences were also removed from the data, and clonally related sequences were identified using a clustering-based approach as detailed in the Supplementary Methods. A detailed description of the various analyses performed can be found in figure legends and Supplementary Methods.



AbPair Single Cell Sequencing

From five selected asthmatics and four non-atopic controls (marked in Table 1) we also prepared PBMCs to sequence the paired heavy and light chain sequences using the AbPair protocol (19). Selection was based on the finding of shared IgD and/or IgE clones between tissue samples (nasal and/or bronchial mucosa) and a PBMC sample in the data generated by AbSeq. In the analysis of AbPair sequences, the heavy chain sequences from single cell data were extracted and combined with bulk data and then analyzed using the Immcantation pipeline. A detailed description can be found in Supplementary Methods.


Table 1 | Numbers of sequences and clones from the various individuals and samples.





Statistical Analyses

Unless specifically stated, all statistical analyses throughout the study were performed as two-tailed Wilcoxon rank sum tests to test whether or not samples from two groups were likely to originate from the same population.



Study Approval

All 15 study participants provided written, informed consent to take part in the study in accordance with the Declaration of Helsinki. The study had been approved by a local research ethics committee (REC number 15/LO/1800).




Results


Almost 700,000 High-Quality B Cell Receptors From Nasal Biopsies, Bronchial Biopsies and Peripheral Blood B Cells From 15 Individuals Were Sequenced and Analyzed

We enrolled six atopic asthmatics (AA) and nine non-atopic, non-asthmatic control subjects (NANA) into the study (see Supplementary Table 1). From each we collected nasal biopsies (NBx), bronchial biopsies (BBx) from multiple sites within the lower airways including the carina and peripheral blood (Figure 1). Total RNA was extracted from one of the paired nasal biopsies, one bronchial biopsy from each of the four bronchial sites and an aliquot of PBMCs from each of two blood samples (NBV_PBMC taken at the time of the nasal biopsy and BBV_PBMC taken at the time of the bronchoscopy). The RNA was used for heavy chain immunoglobulin amplification and sequencing using the previously described AbSeq protocol (12). A total of 48,731,069 heavy chain sequences were generated. After multiple steps of quality control (QC), filtering and trimming (see Materials and Methods), a total of 693,700 unique high-quality sequences, ranging from 25,414 to 94,820 per subject, were retained and used for analyses (see Table 1 for a breakdown). Rarefaction analysis (Supplementary Figure 1) showed that, although we had not saturated the diversity for any sample type, the coverage was generally good.



High Degree of Overlap Between the B Cell Repertoires of the Left and Right Lung and Carina Bronchial Mucosa

From one of the atopic asthmatic subjects, AA07, we obtained near contemporaneous biopsies from the bronchial mucosa of the right and left lungs, allowing detailed analysis of the clonal relationships between B cells at the two sites (see Supplementary Materials and Methods). We found a high degree of B cell clonal overlap in the left and right bronchial mucosa (38 and 29%, respectively), and many of these clones were also shared with the carina and/or the nose (Figure 2A). If a B cell clone was shared between the bronchial mucosa of both lungs and the carina, it was more likely also to have members in the nasal mucosa (171 clones shared between the four sites versus 54 only found in the three lung sites). These expanded clones were often large (up to 512 unique sequences) compared to the local clones found in only one site (maximum of 28 unique sequences in the nasal and 58 in the bronchial biopsies). Connectivity analysis (Figure 2B) revealed the potential for clonal overlap between all of the sampled sites in the airway mucosa, confirming that the sites are immunologically connected and that no specific connections seem to be favored. Phylogenetic reconstruction of the pattern of accumulated somatic hypermutation (SHM) (Figures 2C, D) suggested that individual clones expand and disperse to occupy the bronchial mucosa of both lungs, the carina, nasal mucosa and/or peripheral blood. Isotype switching from IgA to IgG along the pathway of migration was also apparent in some of the lineages (example in Figure 2C).




Figure 2 | B cells can traffic between the left and the right lungs, as well as from the carina and the nose to the lower airways. (A) Venn diagram showing the numbers (and percentages) of clones that overlap in the left and the right lungs, carina and the nose from the asthmatic patient AA07. (B) Clonal relationships between all seven bronchial biopsies (BBx) and the nasal biopsy (NBx) from AA07 were calculated and plotted in a Circos plot. The lines between regions indicate a clonal relationship and the numbers around the perimeter indicate counts of overlapped clones between two biopsies. Clones that overlapped more than two biopsies could be duplicated in the Circos plot. (C, D) Examples of clonal trees for two clones from AA07 spanning both lungs (right: orange and left: red), the nose (blue) and, for the clones in (C), also the peripheral blood (green). The clone in (D) also has members from the carina (yellow). The clone in (C) has undergone isotype switching and contains both IgA and IgG sequences. The numbers along each of the branches indicate mutations. (E) Maximum parsimony phylogeography analyses show no enrichment for trafficking between the mucosa of the two lungs in either direction. (F) When the nasal clones are included, the analyses reveal enrichment for trafficking from the nasal mucosa to either lung (peach and yellow) whereas trafficking between the mucosa of the two lungs (purple and pink) shows no directional bias. There is negative enrichment for travel from either lung to the nasal mucosa (green and blue) confirming the directional preference for B cell trafficking from the nasal to the bronchial mucosa.



To determine whether the connectivity of B cell clones in the left and right bronchial mucosa were different in this individual (AA07), we analyzed the pattern of trafficking events between tissues along B cell lineage trees (see Materials and Methods). Briefly, given the tissue (e.g., nasal, left or right lung bronchial mucosa) associated with each observed sequence in a lineage tree, the algorithm determines the set of internal node tissue states requiring the fewest number of trafficking events along the tree. The types of trafficking events (e.g., trafficking from left to right lung) that occur within each tree are then compared to those obtained from the same tree topologies with randomized tissue states (16). We first considered only sequences from the left or right lung mucosa and found no significant bias in the directions of trafficking between the two lungs (Figure 2E). Next, considering sequences from the nasal, left or right lung mucosa together, we observed a significantly greater proportion of trafficking events from the nasal mucosa to the bronchial mucosa of either lung (p<0.01 for both, Figure 2F and Supplemental Table 2). We also observed fewer total transitions in B cell lineage trees (mean=2949.3) compared to randomized trees (mean=3664.1) in all 100 simulation repetitions (p<0.01), showing that sequences from the same tissue were more similar than expected by chance. These results indicated a biased ancestor/descendent relationship within these trees from the nasal mucosa to the bronchial mucosa of both lungs, but not from the left or right bronchial mucosa to the other. This is consistent with biased B cell trafficking from the nose to the lungs, with no evidence for biased trafficking between the mucosa of the two lungs. A number of B cell clones spanning these tissues also had members in the peripheral blood (see example phylogenetic tree in Figure 2C) suggesting that this trafficking could take place, at least partially, via the circulation.

The clonal sequences confined to the left or right bronchial tree or carina shared similar characteristics in terms of mutation frequency, expansion, isotype distribution and numbers of isotypes within a clone (Supplementary Figures 2A–D, respectively). Thus, sampling either lung can provide B cell repertoire data representative of the entire bronchial mucosa. In the rest of the subject cohort (five atopic asthmatics and nine non-atopic controls in total), we sampled only the right lung.



Differences in Clonal and Antigen-Driven Diversity in the Asthmatic Respiratory Tract Mucosa Compared to Non-Atopic Controls

Trafficking is a feature of ongoing humoral immune responses often also characterized by clonal expansion of B cells, which can lead to loss of clonal diversity (20). We used the method of Hill (21) to measure various aspects of diversity and to compare diversity in the mucosa of the upper (nose) and lower (bronchi) respiratory tract and between asthmatics and control subjects (Supplementary Figure 3). The Hill plots were made using re-sampling to correct for varying sequencing depth of the analyzed populations and indicated that the diversity in sequences from the bronchial mucosa was more restricted in the asthmatics compared to the non-atopic controls, as confirmed by a significantly lower Shannon diversity index (p=0.03) (Figure 3A). We observed a similar trend for the Simpson diversity index, but this did not reach statistical significance. No differences in diversity between the groups were observed in the nasal mucosa (Figure 3B). Overall, the bronchial, but not the nasal mucosa, of the asthmatic subjects contained fewer unique sequences with greater clonal expansion suggesting an ongoing immune response perhaps with a more restricted number of driving antigens.




Figure 3 | Greater diversity and positive immunoglobulin selection pressure in non-atopic, non-asthmatics (NANA) compared with atopic asthmatics (AA). The Shannon diversity and Simpson diversity indices of immunoglobulin sequences from biopsies from each individual show significantly less diversity in the asthmatics (green) compared with the non-atopic controls (yellow) in the bronchial (A) but not the nasal biopsies (B). Comparison of (C) pooled bronchial and nasal biopsy immunoglobulin sequences from asthmatics and non-atopic control samples (green and yellow, respectively) and (D) bronchial (red) and nasal (green) biopsy sequences from the atopic asthmatics and bronchial (blue) and nasal (purple) sequences from the non-atopic controls shows a higher degree of antigen-driven selection in the complementarity determining regions (CDRs) of the antibodies in the non-atopic controls compared with the atopic asthmatics. Statistically significant differences between the subject groups were found in the framework regions (FWR) when bronchial and nasal biopsy samples were combined (C) but not for individual sample types (D).



BASELINe analyses confirmed a positive selection pressure in the complementarity determining regions (CDRs) and a negative selection pressure in the framework regions (FWR) consistent with antigen-driven selection in both asthmatics and control subjects (Figure 3C). Interestingly, the analyses showed statistically significantly lower selection strength scores (∑) for both the CDRs and FWRs of the tissue samples from atopic asthmatics compared to the non-atopic controls (p=2.3-9 and 0.0004, respectively). Estimating the selection strength separately for nasal and bronchial biopsy samples, we still found statistically lower selection pressure scores in the CDRs of asthmatics compared to controls (p<0.0005 for both bronchial and nasal samples) (Figure 3D), but no differences were seen in the FWRs. We also found that the selection pressure was significantly higher in the nasal biopsies compared to the bronchial biopsies within both groups (atopic asthmatics and non-atopic controls) (p<0.005). This confirms that the antigenic selection pressure that the sequences from the bronchial and nasal tissue have encountered is different and also that sequences from atopic asthmatics and non-atopic controls have been exposed to different selection pressure.



Both the Nasal and Bronchial Mucosa B Cell Repertoires Are Dominated by Mutated, Isotype Switched Immunoglobulin Sequences Utilizing a Broad Range of IGHV-Genes

Diversity in antigen specificity and effector function is caused by the recombination of a variety of different IGHV-genes and constant region gene (IGHC), respectively. We first examined the isotype usage and found that in all subjects, atopic asthmatics as well as non-atopic controls, the nasal mucosa was dominated by IgA (70-90%, mean 85.9% of unique sequences) followed by IgG (mean 10.3% of unique sequences), but also included small amounts of IgM (mean 2.4% of unique sequences) and IgD (mean 1.4% of unique sequences) (Figure 4A and Supplementary Figure 4 for individual samples). In the bronchial mucosa, IgA was still the dominant isotype in most samples (30-80%, mean 67.8% of unique sequences) although the levels were significantly lower than in the nasal mucosa (p<0.05). We found more IgG (up to 50%, mean 24.1% at sequence level), more IgM (4.2% of unique sequences) and significantly more IgD (3.9% of unique sequences, p<0.05) compared to the nasal mucosal samples. This was in contrast to the peripheral blood, where samples were dominated by IgM (30-70% of unique sequences), which was significantly increased compared to the tissue samples (p<0.05 for all comparisons). Owing to technical issues with the IgE-specific primers, we identified only small numbers of IgE sequences, which were insufficient for further, detailed analysis. In the lower airways, there were no significant isotype distribution differences between the asthmatic and non-atopic control subjects (p>0.05 for all comparisons), but we found it noteworthy that more IgD sequences were present in the lower airways from the asthma patients compared to the non-atopic controls. 99% of these IgD sequences were part of clones that did not include IgM sequences, referred to as IgD-only. We previously reported, for the first time, a high incidence of these IgD-only clones in the bronchial mucosa of a single asthmatic patient (7).




Figure 4 | Analysis of isotype frequencies, levels of somatic hypermutation (SHM) and IGHV-gene usage of Ig clones from the bronchial (BBx) and nasal mucosal biopsies (NBx) and peripheral blood mononuclear cells of the atopic asthmatics and non-atopic, controls. (A) Isotype frequencies in samples were calculated as fractions of the total sequences expressing a given isotype. Each dot represents an individual. (B) SHM frequencies were calculated for each sequence, then means calculated for all the clones of a given isotype and then for each isotype in each tissue type for each individual. Each dot represents an individual. (C) Heatmap showing the IGHV-gene usage frequencies in the bronchial and nasal mucosal biopsies from each individual.



Comparing the degree of SHM in the B cell clones from the asthmatics and non-atopic controls, we found no significant differences in any compartment (tissue or peripheral blood) (Figure 4B). However, we found that the clones from both tissues carried significantly more mutations than their isotype-matched blood counterparts (p<0.05 for all comparisons) with the exception of IgA from nasal biopsies of asthmatics and IgA from bronchial biopsies of controls, which both exhibited the same trend but were not statistically significant (p=0.078 and 0.082, respectively). For IgD the mean SHM frequency was 10-11% in tissue but mostly un-mutated in blood and for IgM mean SHM frequency was 5-6% in tissue and 1% in blood. While these differences might in theory be explained by greater numbers of naïve B cells in the peripheral blood compared to tissue, we also found a difference for IgA (mean SHM 8% in tissue and 6-7% in blood) and IgG (mean SHM 8-9% in tissue and 6% in blood). Thus, there is clear evidence of selection of more somatically mutated clones in the tissues compared to the peripheral blood.

B cells in all samples, tissue as well as blood, utilized a broad spectrum of IGHV-genes (Figure 4C and Supplementary Figure 5) with IGHV3-23, IGHV3-30 and IGHV4-39, being the most commonly used in all subsets, which is in line with a previous report (22). Each individual had a unique IGHV-gene usage profile as evidenced by the fact that the nasal and bronchial mucosal samples from the same individual clustered with each other in all but one individual (AA02) (Figure 4C). No consistent differences were found between the bronchial and nasal samples or between the two subject groups suggesting that the overall IGHV-gene usage is not significantly affected by disease status. A few genes were statistically significantly more (IGHV1-18 and IGHV1-3) or less (IGHV3-23 and IGHV4-34) utilized when comparing tissue with blood samples (FDR<0.05) (data not shown) and the overall pattern of IGHV-gene usage in tissue and peripheral blood differed.



Directional B Cell Trafficking From the Nasal to the Bronchial Mucosa

We have previously shown that B cells can traffic within the local lung mucosa as well as to more distal sites within the mucosa of a single lung (7) and between lungs (here). To extend our previous study, we here included the nasal mucosa as a more distant site within the respiratory tract. Overlap plots showed a high degree of clone sharing between all individual bronchial biopsies and the nasal biopsy but to a lesser degree with the two blood samples (Figure 5A). Clones spanning both the nasal and the bronchial mucosa tended to have more mutations in the bronchial members than the nasal clone members, which attained statistical significance in all 6 of the asthmatic subjects and in 4 of the 9 non-atopic controls (see Supplementary Table 3).




Figure 5 | High frequency of immunoglobulin gene clones spanning nasal and bronchial mucosa and evidence of enrichment of trafficking from the nose to the lungs. (A) Overlap heatmap showing the numbers and frequencies of sequences (below the diagonal) and clones (above the diagonal) shared between all pairs of samples from subject AA02. Numbers immediately above and below the diagonal indicate the number of sequences and clones in each sample, respectively. There is a high degree of overlap of clones in the nasal biopsy (NBx1) and all the bronchial biopsies (BBx) (38-61% at clonal level) and between individual bronchial biopsies (24-28% at clonal level). Some overlap of clones is also seen in the two blood samples taken at the same times as the nasal and bronchial biopsies (6% at clonal level) as well as between both samples and the nasal biopsy (6% and 9%, respectively) and bronchial biopsy samples (6-9% for the NBV_PBMC taken at the time of the nasal biopsy and 12-19% for BBV_PBMC taken at the time of the bronchoscopy). A lower degree of overlap is found at sequence level, as this requires 100% nucleotide sequence identity. (B) Lineage tree analysis by maximum parsimony phylogeography showing an enrichment of switches along B cell lineage trees from nasal to bronchial mucosa compared to randomized trees. The enrichment is significantly more pronounced in the atopic asthmatics (AA, green, p<0.02 for all subjects) compared to the non-atopic controls (NANA, yellow, p<0.05 in 4 of 9 subjects). (C) Example of a phylogenetic tree from subject AA06 showing a clear pattern of trafficking from the nose (N, blue) to the lungs (bronchial biopsies B3, B5 and B9, red). N is an abbreviation for nasal biopsy (NBx) and B3, B5 and B9 abbreviations of bronchial biopsies BBx3, BBx5 and BBx9. All the members of this particular clone are of the IgA isotype.



We further investigated the direction of B cell trafficking between the nasal and bronchial mucosa of all subjects using B cell lineage trees and the approach described in Materials and Methods. Considering only sequences from nasal and bronchial biopsies, we identified fewer total trafficking events along the B cell lineage trees compared to trees with randomized tissue states at the tips in all individuals (p<0.01 for each). This indicates that sequences from the same tissue (nasal or bronchial mucosa) were more similar than would be expected by chance. Using the same method, we further identified a significantly greater proportion of trafficking events from nasal to bronchial mucosa than in randomized trees in 6/6 atopic asthmatics, and in 7/9 non-atopic control individuals (p<0.05 for each; Supplementary Table 4). These results confirmed a biased ancestor/descendent relationship from the nasal mucosa to the bronchial mucosa within these trees that was more evident in asthmatics (Figure 5B). We found no correlation between the strength of this relationship and either the proportion of sequences from nasal biopsies or the elapsed time between biopsies (Supplementary Figures 6A, B, respectively). This confirmed that these results were unlikely to result from either biased sampling (16) or accumulation of additional mutations between biopsies. When analyzing sequences from all tissue samples together (nasal and bronchial mucosa and peripheral blood at two time points), we found a significantly greater proportion of trafficking events from the nasal to the bronchial mucosa in 14/15 individuals (p<0.05 for each; Supplementary Table 5). All other directional comparisons only showed a significantly greater proportion of trafficking events in a maximum of two individuals suggesting no general importance. Overall, these results indicate that a biased ancestor/descendant relationship from the nasal to the bronchial mucosa is the dominant pattern in the analyzed trees (e.g. in Figure 5C), providing further evidence that, particularly in asthmatics, the immune response can be initiated in the nose and that activated B cells can then traffic to the bronchial tissue, accumulating mutations either within the bronchial mucosa or at unknown sites en route from the nasal to the bronchial mucosa.



Trafficking of B Cell Clones of All Isotypes Between the Nasal and Bronchial Mucosa Is Linked to Isotype Switching and/or Selection

To analyze the effect of trafficking within the respiratory tissue, we divided the clones and sequences into non-global nasal sequences (NBx_NG) – sequences from clones found in the nasal but not in the bronchial mucosa, global nasal sequences (NBx_G) – the nasal mucosa sequences from clones that spanned the nasal and bronchial mucosa, global bronchial sequences (BBx_G) – the bronchial sequences from clones that spanned the nasal and bronchial mucosa and non-global bronchial sequences (BBx_NG) – sequences from clones found in the bronchial but not nasal mucosa. We used the previous evidence of predominant directional trafficking from the nasal to the bronchial mucosa to track selection working on B cell clones leaving the nasal mucosa and clones entering the bronchial mucosa. We first observed that the B cell clones leaving the nose (NBx_G) are similar to the ones only found in the nasal mucosa (NBx_NG) in terms of isotype composition with a mean of 86% IgA, 10% IgG and smaller amounts IgD and IgM (Figures 6A, B). The values were similar in atopic asthmatics and non-atopic controls. However, we found a shift in isotype composition towards more IgG and less IgA in the B cells clones entering the bronchial mucosa (BBx_G) (mean of 74% IgA and 19% IgG), which was even more distinct in the clones found only with the bronchial mucosa (BBx_NG) (mean of 57% IgA but 34% IgG) (Figures 6A, B). This trend for a shift in isotype from IgA to IgG was replicated within single B cell clones when comparing the fractions in the nasal and bronchial mucosa, consistent with a possible scenario of B cell migration in concert with local proliferation and class switch recombination (CSR) from the nasal to the bronchial mucosa (Figure 6C). Our sequence analysis does not allow distinction of individual immunoglobulin sub-classes, but given the relative 5’ to 3’ position of the IGHC gene-segments in the immunoglobulin gene-locus and the direction of switching, this would be limited to switching from IgA1 to IgG2 or IgG4. This picture was most distinct in the non-atopic controls.




Figure 6 | B cells of all isotypes are able to traffic from the nasal to the bronchial mucosa. Global clones are defined as those that contain both nasal and bronchial sequences. We divided the sequences into non-global nasal sequences (NBx_NG) – sequences from clones found in the nasal but not in the bronchial mucosa, global nasal sequences (NBx_G) – the nasal mucosal sequences from global clones, global bronchial sequences (BBx_G) – the bronchial sequences from global clones and non-global bronchial sequences (BBx_NG) – sequences from clones found only in the bronchial mucosa. (A) The percentages of the total number of sequences belonging to each isotype (IgD = orange, IgM = purple, IgG = green and IgA = blue) were plotted for each of the four sequence groups for atopic asthmatics (AA) or non-atopic, non-asthmatic controls (NANA). The percentages were calculated for each subject first and then averaged for the asthmatics and non-atopic controls separately. (B) Linked changes in the percentage of each isotype from NBx_NG to NBx_G to BBx-G and BBx_NG were plotted for each individual (each line represents an individual, colored the same way as panel (D). (C) For each global clone, corresponding to a data point in the plot, the percentages of sequences of a given isotype within the clone found in the nasal mucosa (y-axis) were plotted against the percentages of sequences from the bronchial mucosa (x-axis). (D) The mutation frequencies were plotted as the mean of the mutation frequency for sequences of a given isotype for each individual (each line represents an individual, colored the same way as panel (B). (E) Left: mean clone size for a given cell subset in each subject for non-global and global clones from either the nasal or bronchial mucosa. Right: mean numbers of isotypes in a clone (right). Each point represents an individual.



Somatic hypermutation takes place in activated B cells. The overall mutation frequency was significantly higher in the global clones (both the nasal and bronchial mucosa fractions; NBx_G and BBx_G) compared to the non-global clones from both tissues (NBx_NG and BBx-NG) for IgA and IgG (p<0.05; Figure 6D) with the exception of IgG clones from the nasal mucosa of asthmatics. For IgD and IgM clones the picture was mixed with significantly more mutations in global IgD and IgM clones in the bronchial mucosa of asthmatics (BBx_G) and significantly more mutation for nasal global (NBx_G) IgM clones in non-atopic controls (p<0.05; Figure 6D). This strongly suggests the possibility of site-specific, isotype-specific variation in B cell mobilization. Compared to local sequences from both the nasal and bronchial mucosa, global B cell clones were significantly larger and tended to comprise greater numbers of isotypes (Figure 6E), consistent with the hypothesis that global clones arise from activated B cells.

To look for evidence of differences in selection between the tissues, we further analyzed the heavy chain 3rd complementarity determining region (CDR3). This region is not only the most variable region of an antibody including significant variability in length, but it is also usually critical for antigen binding and therefore a major site for affinity maturation. We found that the CDR3 length was significantly increased in both nasal and bronchial global sequences of IgA and IgG isotype (p<0.05 for all comparisons except IgA from the bronchial mucosa in asthmatics) (Figure 7A). This may, at least in part, reflect increased usage of the longest IGHJ gene, IGHJ6, and reduced usage of the shorter IGHJ4 gene in global sequences, as compared with both nasal and bronchial non-global clones, although this didn’t attain statistical significance (Figure 7B). The IgM CDR3 length was consistent between both subsets of non-global and both subsets of global B cell clones (with the exception of one asthmatic outlier). We also note that the CDR3 length increased in IgD, so that the non-global bronchial mucosal IgD clones displayed the longest CDR3 (Figure 7A, p=0.034 for NANA), suggesting differences in selection of IgD clones with nasal and bronchial mucosal origin. These observations suggested that some selective forces were influencing which B cells could leave the nasal and enter and/or ultimately survive in the bronchial mucosa. To determine whether the differences in CDR3 length were associated with other physicochemical properties, we analyzed eight amino acid properties of the CDR3 (see Supplementary Figures 7A–H). PCA analysis based on the CDR3 amino acid properties showed a separation between the four clonal subsets (non-global and global nasal sequences and non-global and global bronchial sequences) (Figures 7C–F). The separations are particularly distinct between global clones in the nasal and bronchial mucosa (Figure 7E) and between global and non-global clones within the bronchial mucosa (Figure 7F) suggesting that some selective pressure is found in the trafficking between the nasal and the bronchial mucosa and in to the bronchial mucosa. This selection also operates on the isotype (Figure 6B), mutational load (Figure 6D), the CDR3 length (Figure 7A) and IGHJ-gene usage (Figure 7B) showing that the repertoire is progressively shaped as B cells traffic from the upper to the lower respiratory tract.




Figure 7 | Global clones have longer CDR3 regions with distinct amino acid properties. Sequences from the nasal and bronchial mucosa were divided into groups as described in Figure 6. (A) The mean lengths (in amino acids) of the CDR3 region of sequences belonging to each group were calculated for each individual (each line represents an individual, colored the same way as panel (B) and Figure 6). (B) The IGHJ-gene usage in sequences of the four sample types was plotted for atopic asthmatics (AA) and non-atopic, non-asthmatic controls (NANA) separately for each individual (each line represents an individual, colored the same way as panel (A) and Figure 6). Eight different properties of the CDR3 amino acids were calculated (see Supplementary Figure 7) and summarized in PCA plots. Each unique sequence was included with the weight of one. The PCA plots were for (C) the four sequence subsets together (non-global nasal sequences (orange), global nasal sequences (purple), global bronchial sequences (green) and non-global bronchial sequences (blue), (D) non-global (orange) versus global (purple) nasal sequences, (E) global nasal (purple) versus bronchial (green) sequences and (F) global (green) versus non-global (blue) bronchial sequences.





A Diverse Subset of Heavily Mutated IgD-Only B Cells With Long CDR3 Regions Are More Prevalent in the Bronchial Mucosa of Asthmatic Patients Compared With Non-Atopic Controls

Whereas the nasal mucosal biopsies yielded a higher overall frequency of B cell clones producing IgA, the bronchial mucosal biopsies yielded a higher frequency of clones producing IgD (Figure 6A), 99% of these being IgD-only. IgD-only B cell clones were more prevalent (mean 6.3%) in the bronchial mucosa of the atopic asthmatics compared to the non-atopic controls (mean 2.5%), although this difference did not attain statistical significance (p=0.087) (Figure 8A). In contrast, in the nasal mucosa the frequency of IgD-only B cell clones was significantly lower (about 1-2%, p=6.1e-05) than in the bronchial mucosa and was similar between the asthmatics and the control subjects (p=0.48). A mean of 20% of the IgD-only clones from each individual asthmatic, and 15% in individuals from the control group, were shared between the nasal and bronchial mucosa. The IgD-only mutation frequency was very high (11-12% on average) in both groups and at both sites (Figure 8B), higher than for any other isotype (Figure 4B).




Figure 8 | Highly mutated IgD-only sequences with a long CDR3 region and a bias towards IGHJ6 are found in both the bronchial and nasal tissue. (A) IgD-only sequences are more commonly found in the bronchial mucosa (BBx) of atopic asthmatics (AA) compared to non-atopic controls (NANA). Lower frequencies of IgD-only sequences are seen in the nasal mucosa (NBx) of both subject groups. NANA03, 07 and 12 have been excluded from this and all subsequent analyses involving the IgD-only cell subset as they have too few IgD-only sequences (< 20 IgD-only sequences). (B) IgD-only sequences have a high rate of somatic hypermutation in both atopic asthmatics and non-atopic controls and both bronchial and nasal mucosa. No significant differences were found between groups. (C) The CDR3 lengths (given as the numbers of amino acids) of sequences belonging to each sequence type (IgD-only, IgM, IgG and IgA). Each dot represents the sequences from one individual. The IgD-only CDR3s were significantly longer than those from IgM sequences (p=0.05) except in bronchial biopsies from asthmatics which showed only a trend (p=0.067) but not compared to other isotypes (p>0.05 for all other comparisons). No significant differences were found between atopic asthmatics and non-atopic controls. (D) IGHJ6 is over-used in IgD-only sequences in both bronchial and nasal tissue (p<0.05 for all comparisons). Each dot represents an individual and the line is the mean for the group. (E) Sequences where divided into those using IGHJ6 or other IGHJ genes (Non_IGHJ6), which shows that the significantly longer CDR3 regions of IgD-only sequences compared to IgM sequences are found even in sequences using other IGHJ genes (blue) (p<0.05 in both the nasal and bronchial mucosa of atopic asthmatics). Each dot represents an individual and the line is the mean for the group.



We and others (7, 23) have previously reported that the IgD from B cells expressing IgD-only have longer heavy chain CDR3 regions compared to IgD from clones also expressing IgM. In the present study, we found that IgD-only B cell clones in the bronchial and nasal mucosa had significantly longer CDR3s than IgM-sequences (p<0.05) with the exception of bronchial IgD-only sequences from atopic asthmatics where the same trend was present, but the difference was not significant owing to one inexplicable outlier (AA02) (p=0.067). No significant differences were found with IgG (p=0.69) and IgA (p=0.08) (Figure 8C). IGHJ6 is the longest of the six IGHJ genes and over-usage is often associated with long CDR3 regions. We found a distinct over-usage of IGHJ6 in the IgD-only sequences compared to the IgM, IgG and IgA isotypes in both nasal and bronchial biopsy samples (Figure 8D, p<0.05 for all comparisons). However, this overuse of IGHJ6 could not by itself explain the significantly longer CDR3s of IgD-only compared to IgM, as even IgD-only sequences using non-IGHJ6 genes were significantly longer than their IgM counterparts (Figure 8E, p<0.05 for both NBx and BBx from asthmatics).

When analyzing individual amino acid properties, as described comparing non-global and global clones, we found several significant differences (Supplementary Figure 8). For example, the CDR3 regions of IgD-only sequences from both bronchial and nasal biopsies had a significantly higher GRAVY index (indicative of a more hydrophobic nature of the side chains) and higher aliphatic index compared to IgM in both asthmatics and non-atopic controls. The IgD-only CDR3 regions also had significantly lower contents of aromatic amino acids compared to the three isotypes tested, IgM, IgG and IgA. In the asthmatic patients this was true both in the nasal and bronchial mucosa whereas it only reached significance in the bronchial mucosa of non-atopic controls. This suggests that IgD-only sequences are selected not only for long CDR3 regions but also for certain properties of the amino acids, which they encode. The more hydrophobic, and in particular aliphatic nature of these side chains, may indicate that the antigenic epitopes that are recognized display a similar nature; such hydrophobic interactions generally make the predominant contribution to protein/protein interactions.



IgD-Only Cells Show Evidence of Antigenic Selection That Varies Between Tissue and Sample Type

To further analyze selection in IgD-only, we performed BASELINe analyses of the selection strength (∑). This revealed that IgD-only B cells from both the bronchial and nasal mucosa showed evidence of a significantly stronger negative selection pressure in the CDR1 and CDR2 regions compared with that of switched isotypes (IgA and IgG) and IgM (p<0.01 for all comparisons) (Figures 9A, B). Remarkably, we also uncovered evidence of a significantly elevated selection strength scores in the bronchial, but not the nasal, mucosal IgD-only B cell clones from the non-atopic controls as compared with the asthmatic patients (p=0.01 and 0.28 respectively) (Figures 9A, B). No such differences between asthmatics and non-atopic controls were found for the other switched isotypes (p>0.05), but in both tissues the IgM sequences showed significantly higher selection strength in the CDRs compared to the switched isotypes (p<0.00001). All subsets - from both asthmatics and non-atopic control subjects and from both the nasal and bronchial mucosal tissue – showed negative selection strength scores in the framework regions (FWR). This pattern of selection pressure is consistent with antigen-driven selection and it is interesting that these differences in IgD-only selection between the asthmatics and controls were evident only in the bronchial mucosa and not evident for any other antibody isotype.




Figure 9 | The antigenic selection pressure exerted on IgD-only cell varies between tissues and sample types. (A, B) BASELINe estimation of the posterior distribution of selection strengths (∑) for the complementarity determining regions (CDR) and framework regions (FWR) of IgD-only sequences (light green for atopic asthmatics (AA) and yellow for non-atopic, non-asthmatic controls (NANA)] and those of other switched isotypes: IgA (light blue AA, violet NANA) and IgG (dark blue AA, maroon NANA) and IgM sequences (dark green AA, pink NANA) in (A) the bronchial mucosal and (B) the nasal mucosa samples. IgD-only sequences display significantly more negative selection strength in the CDRs compared to switched isotypes and IgM in both the bronchial and nasal mucosa. The IgD-only bronchial mucosa also showed a statistically significant difference between atopic asthmatics and non-atopic controls with asthmatics displaying the lowest pressure in the CDRs of all sample types tested. (C) Position weight matrix (pwm) analyses of somatic hypermutation generated amino acid substitutions selected for in IgD-only sequences (over the axis) and against (below the axis) in the IGHV3-30 gene in the bronchial (top panel) and nasal (bottom panel) mucosa of atopic asthmatics. The red areas indicate CDR1 and 2 and the white areas are the FWRs. The letters denote the one letter amino acid codes and the colors show the properties of the amino acids selected for or against with red = acidic, blue = basic, black = hydrophobic, purple = neutral and green = polar. The size of the letters shows the strength of selective pressure in the given position. Dots indicate significant differences between IgD-only and the other sequences.



We previously found that the ratio of replacement to silent mutation rates in the CDRs (a measure of selection strength) was negatively correlated with the number of mutations within a clone (17). This indicated that more mutated clones tended to have a stronger signal of purifying selection; i.e., selection for maintaining the amino acid structure of the BCR. A similar pattern was observed in the present study (Supplementary Figure 9). The IgD-only subset tended to have the highest mutation frequency and the most negative selection strength scores compared to all other isotypes. One possible explanation for this relationship is that early replacement mutations are positively selected, but once a significant (optimal) affinity increase is achieved, additional replacement mutations are more likely to be selected against. To explore which amino acid replacements were being selected for (or against) in the IgD-only sequences, we analyzed the amino acid usage at each position in the IGHV gene using position weight matrices (PWMs) (see Supplementary Materials and Methods) for the most commonly used IGHV genes (defined as more than 2.5% usage in at least three individuals). Compared to sequences of IgM, IgA and IgG isotype, many positions in the CDRs of IgD-only sequences showed a strong preference for (and against) specific against amino acid changes both in the bronchial and nasal mucosa (example for IGHV3-30 in Figure 9C top and bottom, respectively). Interestingly, the FWRs also showed a strong preference for particular amino acids at many positions. Many of these preferences were similar in the two tissues (e.g. positions 86 and 64 in FWR2 and CDR2, respectively, see Figure 9C) whereas others were tissue specific (e.g. positions 17 and 37 in FWR1 and CDR2, respectively, see Figure 9C). There was, however, a general trend for stronger selection in positions in sequences from the bronchial mucosa compared to sequences from the nasal mucosa (Figure 9C) confirming that there are differences in the selective pressures on IgD-only B cells in the lower and upper respiratory tract.




Discussion

In this study we employed Adaptive Immune Receptor Repertoire (AIRR) analysis to compare the antibody repertoires of B cells at various sites in the upper (nose) and lower (lung) respiratory tract mucosa of atopic asthmatic patients and non-atopic controls in order to gain deeper insight into the mechanisms underlying immune defense and disease pathogenesis in asthma. In summary, our data and analysis clearly demonstrate passage of B cells between the upper and lower respiratory tract mucosa, dominantly from the nasal to the bronchial mucosa, and mutually between the mucosal surfaces of the right and left bronchial trees. Our observations that B cell clones undergo somatic hypermutation and may undergo isotype switching during the trafficking suggest that it is predominantly activated B cells that traffic. We have also uncovered evidence of site- and maturation-specific selective forces shaping the local B cell repertoire. Furthermore, we confirm the presence of a special subset of IgD-only B cells, most prominent in the asthmatic bronchial mucosa, characterized by a very high degree of somatic hypermutation and with features of selection pressures distinct from those operating on the B cells of other isotypes.

We have further clarified the practicability of determining the B cell repertoire in the respiratory mucosa from a limited number of mucosal biopsies from the upper and lower respiratory tracts. This corresponds to our previous findings (7, 24), but here we also show that sampling only one lung enables a fair, if incomplete, representation of the total B cell repertoire of the bronchial mucosa tissue (Supplementary Figure 1). We also analyzed the B cell repertoire in the peripheral blood. This was less complete than that of the bronchial mucosa, but sufficient to demonstrate that the peripheral blood is a possible route by which B cells are disseminated to other sites in the respiratory tract.

We found that B cell clones could be shared between all of the sites that we sampled, i.e. the nasal mucosa, four different sites within the bronchial mucosa ranging from the carina down to the 4th generation bronchi of the lower lobe as well as the peripheral blood. There was no detected directional bias for trafficking between the two lungs but clones shared between the left and right bronchial mucosa were more likely to be related to cells in the nasal mucosa, suggesting that the shared clones were selected for mobilization, most likely following activation by exposure to specific antigen (25). The biological consequence of mobilization of B cell clones would be uniform sensitization to antigens across the respiratory tract following exposure at any site. This would likely facilitate immune defense as well as pathological processes, which was also previously suggested by the “united airways disease” model (6). This could be an advantage in terms of immunological protection but clearly disadvantageous in atopic disease, in that antigen sensitization in one tissue could lead to reaction in another.

Despite many shared clones, the B cell repertoire was more diverse in the nasal compared with the bronchial mucosa. Diversity was also higher in the bronchial (but not nasal) mucosa of non-atopic control subjects compared with the atopic asthmatics (Supplementary Figure 3). It is tempting to interpret this observation in relation to the function of B cells in adaptive immunity and/or asthma pathology. As a result of filtering and limitations of particle size in the upper airways, the bronchial mucosa is likely to be exposed to fewer, but conceivably more relevant antigens against which local antibodies, with at least adequate specificity, affinity and isotype, are directed. The more focused repertoire in the patients with atopic asthma compared with the non-atopic controls may reflect differences in the local microbiome and possibly inappropriate (pathological) activation of only limited B cell subsets like IgD-only B cells found to be up-regulated in asthmatics (see below). Another example, although they could not be detected in this study owing to technical issues, would be B cells expressing IgE, also known to be up-regulated in the bronchial mucosa of asthmatics (11).

With regard to isotype distribution, we found IgA to be the dominant antibody isotype in the nasal mucosa. This may reflect an evolutionary adaptation to the local environment, considering that IgA antibodies are secreted into the airways lumen and inhibit contact of their targets with the mucosa. In contrast, although IgA was still the most frequent isotype in the bronchial mucosa, this bias was diminished and compensated by the higher proportions of IgM, IgG and IgD clones lower down in the respiratory tract, where direct contact of the mucosa with particulate antigens is progressively less likely. Since IgA clones cannot undergo isotype switching to IgM, IgD, IgG1 or IgG3, this suggests activation of new cells/clones in the bronchial mucosa. Our sequences do not allow individual sub-class identification, so the observed change from IgA to IgG that was even found in individual clones spanning the nasal and bronchial mucosa (Figure 6C) must be from IgA1 to IgG2 or IgG4 as these are the only possible switches due to the location of the individual gene-segments on the chromosome. These findings implicate selective trafficking of certain clones between the two tissues. It was not possible to determine whether CSR occurred en route to the bronchial mucosa or following entry, but selection against IgA did not seem to occur at the stage of clones leaving the nasal mucosa. Our observation that global clones tended to have a greater mutational load (driven by SHM and affinity maturation) is fully compatible with a scenario of antigen-driven migration of B cells which have undergone proliferation, isotype switching by CSR and affinity maturation. However, as for CSR, it was not possible to determine whether SHM took place en route to the bronchial mucosa, for example in local, draining lymph nodes or other systemic lymphoid tissue, or locally within the mucosa itself. We also searched for directional bias in B cell migration using a parsimony-based phylogenetic test, which takes into account the progressive accumulation of mutations from the germline toward the tips of the clonal linage trees (16). This showed that trafficking of B cell clones between the two lungs is bi-directional and not significantly biased in either direction, whereas there was significant biased trafficking from the nasal to bronchial mucosa. The signature of raised levels of SHM was significantly stronger in the atopic asthmatic patients compared with the non-atopic controls, which might suggest an overall higher degree of B cell activation and directional trafficking in the asthmatic subjects. Of interest, 5 of the 6 asthmatics but none of the 9 control subjects reported suffering from rhinitis consistent with the United Airway Disease Hypothesis (6). We sampled the nasal mucosa biopsies 4-43 days before the bronchial mucosa biopsies and we found that the time between the sampling did not affect the conclusions about directional B cell trafficking.

Our data, while clearly confirming B cell migration throughout the respiratory tract mucosa, do not make it possible precisely to determine the routes of this migration. However, our finding of some clones with members in both tissues and the peripheral blood suggests that the peripheral blood may be involved in the trafficking. Trafficking may however also have included the lymphatics followed by homing back to local lymph nodes and thence back into the lymphatics, or homing to, and migration through local, mucosal blood capillaries or both. This implies a degree of B cell “homing”, which is intriguing because, so far as we are aware, there is no established mechanistic basis for this. Sampling of local lymphoid aggregates in the context of mucosal inflammatory diseases (“iBALT”) (2) might conceivably shed further light on this conundrum in future studies. There is some precedent for this, as we have previously established that in multiple sclerosis accumulation of SHM takes place in the draining cervical lymph nodes from where the B cells can traffic to the central nervous system (26). A complicating factor for local B cell maturation within the bronchial tissues itself is that, although nasal and bronchial mucosal B cells have been documented in previous studies to express markers of recent SHM (27), the duration and time course of expression of these markers in relation to the dissemination of clones in the respiratory tract remain to be clarified.

The IgD antibodies expressed by the B cells in the respiratory tract mucosa differ from those in PBMCs, which are expressed principally by mature, naive IgM+IgD+ B cells that produce both IgM and IgD with identical VDJ rearrangements through alternative mRNA splicing. These B cells have not yet “experienced” antigen activation, SHM and affinity maturation or CSR, and the vast majority will never do so or survive long enough to be observed. In contrast, the antibodies from IgD-only B cells that we have identified in the bronchial, and to a significantly lesser extent the nasal mucosa, in this and our previous study (7) differ from those of other isotypes. They are more highly mutated (7, 10), and have CDR3s that are significantly longer than those of IgM cells - but similar in length to other switched isotypes – and show greater than two-fold increase in usage of the IGHJ6 gene segment. IgD-only B cells arise by non-canonical switch recombination (9) and are found in both the asthmatic patients and the non-atopic control subjects but are up-regulated in the asthmatics. Compared to other isotypes, bronchial mucosal IgD-only B cells show significantly stronger signature of purifying (negative) selection in the CDR1 and 2 regions (Figures 9A, B), particularly in asthmatics. It has previously been reported (17) that clones with large numbers of mutations show a stronger signature of purifying selection. This was hypothesized to be because the benefit of new replacement mutations is expected to decrease once a sufficiently high level of affinity has been reached. This seems possible here as well, because IgD-only clones generally have a high level of SHM. On the other hand, continual exposure and affinity maturation against the same or limited antigens (perhaps from commensal bacteria) could also explain why IgD-only B cells have strong signatures of purifying selection, although a different reason for lower selection pressure in the IgD-only cells cannot be ruled out (see below). The really interesting picture that emerges from our analysis is that CDR selection pressure in asthmatics and non-atopic controls of IgD-only clones differs in the bronchial, but not in the nasal mucosa, suggesting that the selective forces (antigens) driving the affinity maturation are different in the two tissues. This is consistent with the identified differences in the local microbiomes in the upper and lower airways (28) and with the concept of filtering and limitations of particle size when moving down the airways referred to above.

Conservation of sequence is, of course, far greater in the framework regions of all antibody isotypes, since these regions maintain the structural framework in which the CDRs are presented. Surprisingly, however, using position weight matrix analyses we found that some of the IgD-only clones utilizing certain IGHV genes exhibited a particular pattern of framework mutations. Many of these mutations differed from those of antibodies of IgM, IgA or IgG isotypes, and we found differences between the nasal and bronchial mucosa, again suggesting that differences in local stimuli may be reflected in differences in mutation patterns. Such patterns of framework mutations as seen in our IgD-only cell subsets are found in antibodies that to bind to superantigens (29–31).

Having analyzed the FWR and CDR1 and 2, we wanted to focus on the CDR3 region known to be the most important region for antigen-binding. We found that, similarly to other switched isotypes, IgA and IgG, IgD-only antibodies have significantly longer CDR3 regions compared to IgM antibodies. IgD-only antibodies also show a distinct bias towards the expression of the longest of the IGHJ-genes, IGHJ6, which could explain the long CDR3s, however we found that the 5’ ends of the IGHJ6-gene were heavily trimmed in the IgD-only rearrangements (data not shown). IGHJ6 harbors 5-6 tyrosine residues at the 5’ end and since tyrosine residues are the amino acids most commonly involved in antibody-antigen interactions because of their ability to recognize and interact with antigens both by hydrogen bonding and hydrophobic interactions (32, 33), untrimmed IGHJ6-gene segments could be hypothesized to contribute to CDR3s with strong antigen-binding potential. However, consistent with the heavy trimming, we found a clear and significant selection against aromatic amino acids (Supplementary Figure 8) in the CDR3 regions of IgD-antibodies using IGHJ6. We also found higher hydrophobicity (GRAVY index) and higher aliphatic contents of IgD-only CDR3 (Supplementary Figure 8). Taken together, this suggested that IgD-only CDR3s were dominated by more aliphatic amino acids (alanine, valine, leucine and isoleucine) and fewer aromatic amino acids (tyrosine, phenylalanine and tryptophan), which is a pattern of amino acid composition that is inconsistent with antigen selection and specificity. In support of this, the BASELINe analyses showing that the selection strength in the CDR1 and 2 of IgD-only sequences was significantly more negative than that of other isotypes, especially in the bronchial mucosa, can also be interpreted as lack of evidence for antigenic selection. This is an alternative, but not mutually exclusive, interpretation of the negative selection pressure being caused by a very high level of SHM, as previously discussed.

In light of our results and reports from clinical studies (34, 35), we suggest that commensal bacteria in the lower and/or upper respiratory tract or recurrent bacterial infections associated with asthma could be involved in driving mutations in the IgD-only cells either in a B-cell superantigen-like manner (explaining the underrepresentation of aromatic side chains in the CDR3) or towards purifying selection due to antigens of aliphatic nature to match the over-representation of aliphatic and hydrophobic side chains in the CDR3. The commensals could also be driving the generation and proliferation of IgD-only cells. There is some precedent for this, as switching to IgD-only in a mouse model has been shown to be stimulated by the microbiota and to occur only in mucosa-associated lymphoid tissue (8). The effect could be restricted to certain IGHV-gene (families) as previously reported for B cell IGHV-family gene expression in antibodies driven by certain enterotoxins from the commensal Staphylococcus aureus (36, 37), even though these enterotoxins are better known as T cell superantigens. Staphylococcal protein A (SPA) is also known to specifically bind to a specific IGHV-gene family (IGVH3) (31). Two of the study subjects, one asthmatic and one control, had clinically relevant serum concentrations of IgE antibodies specific for the S. aureus enterotoxin toxic shock syndrome toxin-1, TSST-1, as detected by ImmunoCAP, and three other individuals (two asthmatics and one control) had detectable serum concentrations of anti-enterotoxin-specific IgEs, evidence that S. aureus had been present in those subjects.

Two species of common commensal bacteria, Moraxella catarrhalis and Haemophilus influenzae express IgD-binding proteins that can bind to the Cδ1 domain of IgD on naïve IgD-expressing B cells (38, 39), thereby acting as superantigens by stimulating polyclonal B cell proliferation and immunoglobulin class switching (40, 41). The very same bacteria are associated with asthma (34, 35). It is therefore plausible that these commensal bacteria may be involved in driving the generation of IgD-only B cells but, given the findings of this study examining the variable domain of IgD-only B cells, we propose that other bacteria/superantigens might also be involved. While analysis of these hypotheses is beyond the scope of the present study, the data lead us further to hypothesize that IgD has evolved to provide a combination of innate interaction with bacteria through the Cδ-1 region as well as adaptive immunity to bacteria through SHM and selection in the variable regions as we show here. The cost of this is likely increased inflammation and the possibility of autoimmunity by the selection of autoantibodies (23). While these observations are currently speculative, we trust that they may uncover new possible mechanisms of bronchial inflammation in asthma.
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Background

As part of the public health outbreak investigations, serological surveys were carried out following two COVID-19 outbreaks in April 2020 and October 2020 in one long term care facility (LTCF) in British Columbia, Canada. This study describes the serostatus of the LTCF residents and monitors changes in their humoral response to SARS-CoV-2 and other human coronaviruses (HCoV) over seven months.



Methods

A total of 132 serum samples were collected from all 106 consenting residents (aged 54-102) post-first outbreak (N=87) and post-second outbreak (N=45) in one LTCF; 26/106 participants provided their serum following both COVID-19 outbreaks, permitting longitudinal comparisons between surveys. Health-Canada approved commercial serologic tests and a pan-coronavirus multiplexed immunoassay were used to evaluate antibody levels against the spike protein, nucleocapsid, and receptor binding domain (RBD) of SARS-CoV-2, as well as the spike proteins of HCoV-229E, HCoV-HKU1, HCoV-NL63, and HCoV-OC43. Statistical analyses were performed to describe the humoral response to SARS-CoV-2 among residents longitudinally.



Findings

Survey findings demonstrated that among the 26 individuals that participated in both surveys, all 10 individuals seropositive after the first outbreak continued to be seropositive following the second outbreak, with no reinfections identified among them. SARS-CoV-2 attack rate in the second outbreak was lower (28.6%) than in the first outbreak (40.2%), though not statistically significant (P>0.05). Gradual waning of anti-nucleocapsid antibodies to SARS-CoV-2 was observed on commercial (median Δ=-3.7, P=0.0098) and multiplexed immunoassay (median Δ=-169579, P=0.014) platforms; however, anti-spike and anti-receptor binding domain (RBD) antibodies did not exhibit a statistically significant decline over 7 months. Elevated antibody levels for beta-HCoVs OC43 (P<0.0001) and HKU1 (P=0.0027) were observed among individuals seropositive for SARS-CoV-2 compared to seronegative individuals.



Conclusion

Our study utilized well-validated serological platforms to demonstrate that humoral responses to SARS-CoV-2 persisted for at least 7 months. Elevated OC43 and HKU1 antibodies among SARS-CoV-2 seropositive individuals may be attributed to cross reaction and/or boosting of humoral response.
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Introduction

Long term care facilities (LTCF) have been disproportionately affected by the coronavirus disease 2019 (COVID-19) pandemic. The high risk for respiratory virus transmission and outbreaks within the LTCF setting, in addition to advanced age and multiple co-morbidities, predisposes LTCF residents to a greater susceptibility to severe COVID-19 (1). In British Columbia, one LTCF experienced two COVID-19 outbreaks in April 2020 and October 2020. A lower prevalence following the second outbreak investigation in comparison to the first may be attributed to the refinement of public health infection control measures and the persistence of protective immune responses following the first outbreak (2). Additionally, pre-existing immunity to endemic coronaviruses may also be a contributing factor to the immune response development during SARS-CoV-2 infection.

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the etiologic agent of COVID-19, emerged in December 2019 and poses an acute public health challenge worldwide; however, seasonal human coronaviruses (HCoV) are endemic and have long been recognized as the cause of ~10-30% of upper respiratory tract infections (3). The endemic HCoVs OC43 and HKU1 (beta-lineage coronavirus) along with NL63 and 229E (alpha-lineage coronavirus) exhibit sequence and structural homology to SARS-CoV-2 (4). Additionally, growing evidence demonstrates cross-reactivity between antibodies against endemic HCoV and SARS-CoV-2 (5). As such, there is interest in understanding the possibility that pre-existing immunity from endemic HCoVs contributes to protection against SARS-CoV-2 infection.

Published findings from our previous serological survey following the first LTCF outbreak demonstrated that serological testing uncovered seropositive cases that were missed during the outbreak investigation (2). Our main objective in this study was to describe the serostatus of residents and monitor the changes in their humoral response to SARS-CoV-2 and endemic HCoVs following the second outbreak. To investigate the persistence of antibody responses over seven months, we compared the sero-survey findings post-first and post-second COVID-19 outbreaks in one LTCF in British Columbia, Canada. Findings may provide better insight into pre-existing protection against SARS-CoV-2 infection, help guide public health infection control measures, and inform vaccination implementation guidelines.



Materials and Methods


Study Participants

Sero-surveys were conducted after COVID-19 outbreaks were declared over in the affected LTCF. The first serological survey was administered on May 4th to 14th 2020, and venous blood specimens were collected from residents in the LTCF (N = 87) (2). A second post-outbreak sero-survey was conducted on December 22nd, 2020, following a second outbreak in the fall of 2020, and venous blood specimens were collected from residents in the same LTCF (N = 45).

All LTCF residents (or their substitute decision makers) were informed of the planned investigations, and verbal consent for sample collection and testing was secured from all participants (or their substitute decision makers) who were willing to participate in the study. The investigations in this study were carried out as part of our public health-driven outbreak investigations in LTCF affected by COVID-19 outbreaks, and findings served to inform improvements to our outbreak control strategies. As such, these investigations were part of our practice and undertaken within our practice mandate, institutional ethics review was not required for specimen collection. Serological testing on clinical platforms was done as regular clinical testing. Serological testing on the Meso Scale Discovery (MSD) platform and subsequent analysis was done as part of the assay validation and approved by REB protocol H20-01089.



Nucleic Acid Amplification Tests (NAAT)

Nasopharyngeal swab samples were collected from participants during the two outbreaks in April 2020 and October 2020, in accordance with established clinical and infection control practices in the facilities during the time of each outbreak (practices evolved over time) and all residents were tested by NAAT for active SARS-CoV-2 infection. NAAT testing was performed in accredited clinical laboratories using validated laboratory-developed assay (6) and/or Roche cobas® SARS-CoV-2 commercially available test (7).



Health Canada-Approved Commercial Serology Assays

Serological testing of participants from the first survey was performed using 5 different commercially available SARS-CoV-2 antibody assays in our previous study (2). Sera obtained from the second serological survey were tested in accordance with established clinical protocols using three single-antigen chemiluminescent assays. Specimens were first screened by ADVIA Centaur XP SARS-CoV-2 Total Antibody (Siemens T; Siemens, USA) to detect total antibodies to SARS-CoV-2 S1 RBD. All reactive samples received supplementary testing by ARCHITECT i2000 SARS-CoV-2 IgG (Abbott IgG; Abbott, USA), and VITROS 7600 Anti-SARS-CoV-2 Total Antibody (Ortho T; Ortho Clinical Diagnostics, USA) assays, detecting antibodies against SARS-CoV-2 Nucleocapsid and S1 Spike respectively. All commercial serology assays were carried out according to manufacturers’ protocols (8).



Meso Scale Discovery Multiplex Immunoassay

As an additional supplementary test, we utilized a highly sensitive multiplex electrochemiluminescent immunoassay from MSD for the simultaneous detection of antibodies to SARS-CoV-2 and other circulating endemic HCoVs (V-PLEX Coronavirus Panel 2). Multi-spot plates spotted with purified and dried antigens were used for the detection of the following antibodies: spike, S1 RBD, and nucleocapsid of SARS-CoV-2, and spike proteins from circulating alpha-HCoV (229E and NL63) and beta-HCoV (HKU1 and OC43). Assays were performed according to manufacturer’s protocol for V-PLEX Coronavirus Panel 2 (9).

Briefly, multi-spot plates were initially incubated with MSD Blocker A for 30 minutes, then washed off. Reference standard, controls, and specimens (sera diluted 1:5000 in Diluent 100) were then added and incubated on the plates for 2 hours. Following incubation, plates were washed, incubated with MSD SULFO-TAG Anti-Human IgG detection antibody for an hour, then washed again. Finally, MSD Gold Read Buffer B was added to the wells and the assay plate was immediately measured on the MSD QuickPlex SQ120 instrument. All incubation steps were carried out in room temperature with shaking at 700rpm, and all wash steps were performed three times with MSD Wash Buffer, prior to addition of the subsequent reagents.

Raw data generated was processed using MSD Discovery Workbench software (Version 4.0), then imported into RStudio (Version 1.2.5033) to interpret signal cut-off values. Cut-off thresholds for reactivity were provided by the manufacturer and are as follows: SARS-CoV-2 spike values above 1960 AU/mL, nucleocapsid values above 5000 AU/mL, and S1 RBD values above 538 AU/mL. Samples above cut-off values for at least two of SARS-CoV-2 S1 RBD, nucleocapsid, and spike were considered serologically reactive using this MSD immunoassay.



Statistical Analysis

Attack rates were calculated by taking the percentage of seropositive participants relative to the total number of susceptible participants for each outbreak. Two attack rates were calculated for outbreak 2 as above, based on two assumptions: A) Individuals seropositive in survey 1 were protected from reinfection during outbreak 2 (10/35), and B) Individuals seropositive in survey 1 were susceptible to reinfection (10/45).

Descriptive statistics of the study population were summarized on R (Version 3.6.2) and RStudio (Version 1.2.5033), and non-parametric statistical tests were carried out using the ggpubr (Version 0.6.0) and stats (Version 3.6.2) packages to assess attack rates, differences between groups, and changes in humoral responses across surveys. Processed data from the MSD immunoassay was visualized using ggplot2 (Version 3.3.3) and ggpubr packages on RStudio.




Results


Study Population

A total of 132 serum samples were collected from the 106 LTCF residents included in this study. 87 of the serum samples were collected following the first outbreak, while 45 were collected following the second outbreak. Among the 106 residents, 26 of them provided their serum samples following both the first and second outbreaks, thus permitting the longitudinal assessment of SARS-CoV-2 antibodies in this subset of residents. The median age of all study participants included was 85 years, and the age and sex distribution of the LTCF residents included in this study is described in Supplementary Table 1.



Seroprevalence and Attack Rates of SARS-CoV-2 in LTCF

A summary of the sero-survey results from both clinical and MSD assays are provided in Table 1, with the corresponding NAAT and serology status of each resident listed in Supplementary Table 2. Lower attack rates were observed during the second outbreak compared to the first using both clinical and MSD platforms. Specifically, when calculated under the assumption that the individuals who seroconverted in outbreak 1 remain susceptible to reinfection during the second outbreak (10/45), the attack rate during the second outbreak (22.2%) appeared significantly lower than during the first outbreak (40.2%) (P = 0.036). However, when calculated under the assumption that the individuals who seroconverted in outbreak 1 were protected from reinfection during the second outbreak (10/35), the attack rate during the second outbreak (28.6%) was lower, but not significantly lower than during the first outbreak (40.2%) (P > 0.05). Overall, while there appeared to be slightly greater odds of seroconversion (First assumption: Odds Ratio = 1.68, 95% CI: 0.67-4.42; Second assumption: Odds Ratio = 2.34 95% CI: 0.976-6.01) following the first outbreak compared to the second outbreak, this was not found to be statistically significant. As the first sero-survey was conducted at the beginning of the pandemic, these individuals were presumed to be negative for SARS-CoV-2 prior to the outbreaks. Additionally, comparisons between clinical and MSD interpretations demonstrated a 98.7% (76/77) agreement with negative samples and a 98.2% (55/56) agreement with positive samples (Supplementary Figure 1).


Table 1 | Summary of sero-survey results.



A breakdown of the characteristics of the seropositive individuals is shown in Table 2. Following the first outbreak, 85.7% (30/35) had a previous positive NAAT test and 14.3% (5/35) of the seropositive cases had no previous NAAT test, as described previously (2). Serological testing was repeated following the second outbreak and 3 of the 26 paired residents were new seroconversions, all of whom were previously confirmed seronegative during the first survey, diagnosed with COVID-19 by NAAT during the second outbreak and identified as seropositive by both commercial serology (Figure 1A) and using MSD (Figure 1B). Notably, one additional seroconversion was identified by MSD (Figure 1B), where the individual was found reactive on MSD for anti-RBD and anti-nucleocapsid antibodies to SARS-CoV-2, but was non-reactive for either antigen on commercial platforms and had no positive NAAT history. No differences were observed in SARS-CoV-2 antibody levels between sexes (Supplementary Figure 2). Additionally, all 10 individuals seropositive during the first outbreak remained seropositive and had a negative NAAT test during the second outbreak, indicating no reinfections were identified during the second outbreak.


Table 2 | Breakdown of seropositive participants based on clinical serology tests.






Figure 1 | Sero-surveys identified three new seroconversions and demonstrated gradual waning of anti-nucleocapsid antibodies following the second outbreak. (A, B) Antibody levels for all residents with paired sera collected (N=26) were plotted by SARS-CoV-2 serostatus to assess SARS-CoV-2 antibodies. (A) Commercial serology data plotted according to clinical interpretation. (B) MSD data plotted according to MSD interpretation. (C, D) All participants (N=10) seropositive for SARS-CoV-2 following the first outbreak (purple) remained seropositive following the second outbreak (green) on both (C) commercial and (D) MSD platforms. Grey lines indicate paired samples collected from the same individual from both surveys, and lines on (A, B) traversing across negative (red) to positive (blue) indicate seroconversion, while vertical lines indicate that the individual’s paired serum samples both remained seronegative or seropositive across the two surveys. (B, D) Black dashed lines on represent positive signal cut-off for SARS-CoV-2 S1 RBD (538 AU/mL), spike (1960 AU/mL), and nucleocapsid (5000 AU/mL). Statistical analysis was performed using (A, B) Wilcoxon’s Rank Sum Test and (C, D) Wilcoxon’s Signed Rank Test. ****p<=0.0001.





Duration of SARS-CoV-2 IgG

Individuals positive for SARS-CoV-2 during the first outbreak demonstrated statistically significant waning of anti-nucleocapsid IgG antibodies for SARS-CoV-2 between the first survey and the second survey in both the clinical Abbott IgG assay (median Δ = -3.7, P = 0.0098) (Figure 1C), as well as the MSD immunoassay (median Δ = -169579, P=0.014) (Figure 1D). Anti-spike and anti-RBD IgG antibodies remained relatively stable when assessed by clinical tests (Figure 1C), but a slight decrease was observed on the MSD assays (Figure 1D); however, none of these changes were statistically significant (Figure 1C, D; Supplementary Table 3). Notably, two seropositive individuals were found to have anti-nucleocapsid IgG below reactivity cut-off on MSD. One of the participants was non-reactive for anti-nucleocapsid on both commercial and MSD platforms post-first survey, the other individual was reactive for anti-nucleocapsid on commercial tests but non-reactive on MSD, just below the cut-off (4958 AU/mL) post-second survey.



Elevation of HCoV-HKU1 and HCoV-OC43 Antibody Levels Among SARS-CoV-2 Positive Persons

Overall, antibody levels to all 4 endemic HCoV (229E, NL63, HKU1, OC43) spike proteins appeared relatively stable between the first and second sero-surveys (Figure 2A). Interestingly, anti-spike IgG for 229E was elevated (P = 0.002) following the second outbreak in comparison to the first outbreak, when looking at antibody levels for the 10 individuals that remained seropositive since the first outbreak (Figure 2A). While there appeared to be a slight difference in OC43 and HKU1 antibody levels between sexes (Supplementary Figure 2), the 10 individuals comprised of 9 females and 1 male; hence, no sex-stratified analysis can be performed.




Figure 2 | Significant elevation of HKU1 and OC43 antibodies in SARS-CoV-2 positive individuals. (A) HCoV antibody levels of residents that were seropositive during the first survey (N=10) were plotted according to the first (purple) and second (green) sero-surveys. (B) Antibody levels for all residents with paired sera collected (N=26) were plotted by SARS-CoV-2 negative (red) or positive (blue) status to assess antibody levels to endemic HCoV. Grey lines indicate paired samples collected from the same individual from both surveys, and lines on (A, B) traversing across negative (red) to positive (blue) indicate seroconversion, while vertical lines indicate that the individual’s paired serum samples both remained seronegative or seropositive across the two surveys. (A, B) Statistical analysis was performed using (A) Wilcoxon signed-rank test and (B) Wilcoxon rank-sum test.



Individuals seropositive for SARS-CoV-2 were also found to have elevated antibody levels for beta-HCoVs OC43 (P < 0.0001) and HKU1 (P = 0.0027), suggesting an immunologic boosting effect following SARS-CoV-2 infection and/or cross-reaction of anti-SARS-CoV-2 antibodies with beta-HCoV antibodies (Figure 2B; Supplementary Figure 1).




Discussion

Our study evaluated the serostatus of LTCF residents and monitored changes in their humoral response and antibody titers over time. The lower attack rate and absence of reinfections observed during the second LTCF outbreak may be attributed to protective effects from herd immunity and/or enhanced public health infection control measures. Additionally, the COVID-19 related case fatality in the facility was 23.6% (13 of 55 residents) during the first outbreak and 6.7% (1 of 15 residents) during the second outbreak, and while our study only included residents that consented to participating in this sero-survey, the lower case fatality during the second outbreak also supports that improved infection control measures and persistent antibody response from the first outbreak (along with improved management of COVID-19 disease by the medical community over the course of the pandemic) may have contributed to the lower attack rate and absence of reinfections during the second outbreak. Moreover, unlike the first outbreak, no additional cases of SARS-CoV-2 infection were uncovered by serological testing post second outbreak. While the MSD assay indicated one additional seroconversion, this individual is less likely to be a true positive because, while they were reactive for anti-RBD and anti-nucleocapsid on MSD, they were non-reactive on commercial assays and have negative NAAT results during the outbreaks. Additionally, reactivity with SARS-CoV-2 RBD and nucleocapsid by the MSD assay could have been due to cross-reactivity from high levels of endemic HCoV antibodies found in this individual’s serum.

Due to the recent emergence of SARS-CoV-2, there are limited longitudinal immunologic studies investigating the stability of SARS-CoV-2 and HCoV antibody levels across various population demographics over a longer duration (10–12). Our findings suggest that a SARS-CoV-2 infection in the elderly was able to elicit an immune response lasting at least 7 months. Here, we found persistent antibody titers for SARS-CoV-2 spike and RBD between the first and the second sero-surveys for the 10 individuals infected during the first outbreak, but a statistically significant waning of SARS-CoV-2 nucleocapsid antibodies among these individuals was observed by 2 serological assays. Our results are consistent with multiple published literature describing similar trends, where nucleocapsid antibodies demonstrated faster waning and a shorter half-life, frequently falling to below detectable levels within 4-7 months (12–15). Notably, the individuals from our study all remained seropositive after 7 months and had detectable levels of anti-nucleocapsid antibodies present, despite the significant waning of anti-nucleocapsid IgG levels observed.

There have also been studies that reported declining anti-spike and anti-RBD IgG titers over time. Similar to our study, Dan et al. and Cohen et al. also evaluated SARS-CoV-2 immune responses longitudinally in COVID-19 patients over 6 to 8 months (16, 17). While our results all agree that anti-Spike and anti-RBD were longer lasting than anti-nucleocapsid antibodies in COVID-19 patients, both Dan et al. and Cohen et al. utilized half-life modeling to predict declining antibody kinetics in the general adult population. As described in our Supplementary Table 3, our study also demonstrated a declining trend in antibody titers among these 10 individuals for RBD (median Δ=-2906.7, P=0.49) and Spike (median Δ=-24567.3, P = 0.16) using the MSD assay, although unlike Nucleocapsid (median Δ=-169579, P=0.014), we did not find this to be statistically significant.

The differences in antibody durability and protection against reinfection may be attributed to various factors including cohort characteristics and COVID-19 severity (14, 18). Dan et al. found that 90% (36/40) of subjects remained seropositive for Spike IgG while 88% (35/40) remained positive for RBD IgG after 6 to 8 months (16). In contrast, we saw all 10 individuals remain seropositive over the 7 months. As our study was conducted as part of the public health outbreak investigations, we were limited to 10 individuals that were seropositive during the first outbreak and consented to participating in both first and second surveys for our longitudinal comparisons in the same individual. It is possible that observing a larger population over time would allow us to see the same proportion of seropositive individuals that Dan et al. saw in the specified timeframe (16). Interestingly, those with older age and severe COVID-19 were found to exhibit stronger immune responses, higher IgG titers, and seroconvert to negative more slowly than those with mild or asymptomatic disease (14, 17, 19). With this in mind, the 10 individuals in our study comprised of older aged adults that are likely to have more severe disease or worse clinical progression, which may contribute to slower waning in this population in contrast to other studies that evaluated immune durability in healthy adults that primarily have mild or asymptomatic disease (16, 17). As such, the disparity in findings reported across multiple studies investigating the persistence of SARS-CoV-2 antibodies longitudinally is likely attributed to various cohort-specific factors.

Alternatively, the timing of an individual’s seroconversion may also contribute to the disparity in findings across published studies on antibody durability. Specifically, the first survey was conducted in May 2020, a month following the facility outbreak in April 2020. Previous studies have shown that it can take 4-5 weeks to reach peak antibody responses following a primary infection (20), and this may even take months in those with severe disease (21). There are studies that describe older age as a predictor of poor seroconversion (22), perhaps due to potential comorbidities or immunosenescence. As such, it is possible that some of the 10 individuals that were seropositive during the first survey had antibody responses that remained on the rising phase and have yet to reach peak IgG levels by the time of the first survey. In this case, if the true decay from peak IgG levels was missed, this may potentially explain the absence of a significant decline in SARS-CoV-2 RBD and Spike antibody levels among our elderly population. This highlights the importance of better understanding how various biological factors may contribute to variation in seroconversion rates and antibody dynamics within the population.

Serological assays do not directly quantify neutralizing antibodies; however, they have been shown to correlate with levels of neutralizing antibodies and may be indicative of protection against reinfection (23). While emerging data has shown that previous infection is not a guarantee for immunity from reinfection (24), our data demonstrated that all residents known to be seropositive post-first outbreak who were also included in the second survey remained seropositive for SARS-CoV-2 antibodies but negative on NAAT, thus providing evidence that a pre-existing infection-induced serological response to SARS-CoV-2 may contribute protection against reinfection in the elderly for at least 7 months. Notably, 2/10 residents seropositive during the first outbreak appeared to show higher anti-Spike and anti-RBD antibody titers during the second outbreak, but not for nucleocapsid (Figure 1). It is possible that this boosting could be attributed to a potential recall response, where re-exposure of these 2 individuals to SARS-CoV-2 during the second outbreak may have not been sufficient to establish a clinically detectable reinfection (NAAT negative), but was enough to elicit a serological memory response that was detectable through sensitive serologic testing. This further supports that previous immunity may offer some protection from reinfection, although more studies need to be conducted to evaluate the degree of protection across individuals, given the heterogeneity of immune responses to SARS-CoV-2 in the population. Taken together, our findings are also consistent with recent evidence showing an 84% reduction in risk of reinfection when observed 7 months following primary infection (25). It has been conclusively shown that vaccine-induced humoral responses are stronger than those from natural infection, and vaccination is superior to natural immunity in protecting from infection (26). However, better understanding of the persistence versus waning dynamic of infection-induced responses may help in allocation of primary and booster vaccine doses in settings where these resources are scarce.

By utilizing a multiplexed immunoassay, we were able to simultaneously detect endemic HCoV antibodies in addition to SARS-CoV-2 antibodies. We found anti-spike IgG to endemic HCoV appear relatively stable overall between the first and second surveys, with a slight elevation in levels of 229E antibodies post-second survey among those seropositive for SARS-CoV-2 from the first survey. While our results found this difference to be statistically significant, there has been limited literature on the relationship between humoral responses to SARS-CoV-2 and alpha-HCoVs and this difference could likely be attributed to our small sample size and intra-assay variability. Additionally, there has been no known HCoV outbreak in British Columbia in the past two years, suggesting that the elevated levels of 229E spike antibodies are unlikely due to recent exposures. Nonetheless, the observed difference in 229E antibody levels can be explored further using larger sample sizes and in the general adult population.

Consistent with multiple published findings (4, 19, 27, 28), we also observed significantly elevated endemic antibody levels for beta-HCoVs OC43 and HKU1 following SARS-CoV-2 infection and seroconversion, unlike alpha-HCoVs. This finding is not unexpected due to the higher sequence and structural homology of beta-HCoVs with SARS-CoV-2 (29). It is unknown whether cross-reactivity or immunologic boosting related to OC43 and HKU1 antibody responses may contribute to protection against COVID-19. Previous studies suggest that endemic HCoV antibodies have poor neutralizing activity against SARS-CoV-2 (4, 30), while other studies describe that higher levels of HCoV-OC43 and HCoV-HKU1 antibodies are associated with less severe course of disease (31, 32). Nonetheless, the clinical significance of pre-existing immunity from endemic HCoV exposure against SARS-CoV-2 infection and COVID-19 severity remains to be determined.

In summary, our study used well-validated assays to provide evidence that humoral responses to SARS-CoV-2 elicited by natural infection persist over at least seven months in the elderly and may confer protection from reinfection. Taken together, our results also suggest the potential effectiveness of the quality improvement efforts in infection control after the first outbreak (2). Limitations of our study include a small sample size of residents from a single LTCF; therefore, it may not be representative of other elderly populations with varying demographic characteristics (i.e., age, sex, geographic region, etc.). Additionally, a natural survival bias is intrinsic to this type of survey, where serological testing is conducted following the outbreaks, as such, those captured in either outbreak would have had to survive to be included in our dataset. Including those that did not participate in our serosurveys, the case fatality during the first and second outbreak was 23.6% (13/55) and 6.7% (1/15) respectively. The lower case fatality during the second outbreak is likely multifactorial in nature. While this does not directly address survival bias, similar to the lower attack rate during the second survey, this decreasing trend could also be attributed to improved infection control measures in the facility following the first outbreak, although additional contributions from improved management of COVID-19 by the time of second outbreak (due to improved knowledge in the medical field) is also likely to contribute. Furthermore, our study only assessed IgG responses longitudinally, which are expected to persist for a longer duration. Recent findings have also demonstrated that SARS-CoV-2 IgA antibodies can persist for over 6 months following infection (16, 32–34), suggesting that quantifying IgA antibodies may potentially be beneficial to sero-surveillance studies and add to its overall sensitivity in identifying past infections. Future studies evaluating other SARS-CoV-2 and HCoV antibody isotypes longitudinally may provide valuable insight in understanding the humoral response to SARS-CoV-2 infections.

The strength of our study includes using multiple serological platforms that are authorized for diagnostic use, as well as MSD’s pan-coronavirus multiplex immunoassay that allows for highly sensitive simultaneous detection of IgG against SARS-CoV-2 and HCoV antigens, thus we have the advantage of reporting consistent data reproducible across different platforms that are known to be highly reliable. Additionally, outbreaks in LTCF remain a major concern in the proper management of the COVID-19 pandemic due to higher burden of disease and risk of severe complications among the elderly. Therefore, while plenty of studies investigate the antibody responses longitudinally in the healthy adult population, our study contributes substantially to the field and fills the gap in knowledge of understanding how antibody response change and persist over time in older, high-risk adults.

The findings of our study provide insight into humoral responses to SARS-CoV-2 among LTCF residents and the potential for reinfection. However, additional studies are needed to more extensively characterize the durability of SARS-CoV-2 immune responses following natural infection and vaccination, and their role in protection against SARS-CoV-2 infection and COVID-19 severity among high-risk groups. In particular, large-scale longitudinal studies from multiple LTCF would provide valuable data on the durability of immune responses among institutionalized older adults.
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Long-term immunological memory represents a unique performance of the adaptive immunity selected during evolution to support long-term survival of species in vertebrates, through protection against dangerous “invaders”, namely, infectious agents or unwanted (e.g., tumor) cells. The balance between the development of T cell memory and various mechanisms of immunoregulation (namely, T cell effector exhaustion and regulatory T cell suppression) dictates the fate in providing protection or not in different conditions, such as (acute or chronic) infection, vaccination, cancer, and autoimmunity. Here, these different environments are taken in consideration to outline the up-to-date cellular and molecular features regulating the development or damping of immunological memory and to delineate therapeutic strategies capable to improve or control it, in order to address pathological contexts, such as infection, tumor, and autoimmunity.
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Introduction

Unique and essential properties of the adaptive immune system are the fine specificity towards each type of peptides (epitopes) and the long-term immunological memory. The latter usually develops following resolution of a given infection, through the generation of memory B and T cells, which persist for almost a lifetime and promptly trigger secondary protective responses in the event of reinfection (1–3). The adaptive immune system and the concatenated long-term immunological memory (appearing about 450 million years ago in fish) were selected in the vertebrates in a Darwinian fashion, probably under the evolutive pressure of the significantly higher lifespan and lower reproductive capacity, as compared with the invertebrates only having the innate immunity (present since 1 billion years ago without having had any fundamental changes to date): for instance, insects do not need the long-term memory of an infection, because they have a very short life and a huge number of offspring allowing the species survival. The first description of the immunological memory was probably dated back to Thucydides, who reported, in his writing about the plague outbreak that decimated the Athenians during the Peloponnesian war against Sparta (443–404 BC), that individuals who recovered from the infection no longer get sick.

The generation of effective adaptive immune responses against the “invaders”, which come from outside or are aberrantly generated in our body (principally infecting agents or tumors), requires that naïve B or T lymphocytes receive the appropriate signals (i.e., antigenic signal 1 and costimulatory signal[s] 2) provided by professional (p) antigen-presenting cells (APCs) (1–3). In this review, we will focus on T cell responses. pAPCs (principally the myeloid or monocyte-derived dendritic cell [DC] subsets normally patrolling our tissues), mature and convert from tolerogenic into stimulatory (s)DCs, following the exposure to the innate immunity (infectious or danger) signals (signal[s] 3) received within inflamed tissues. sDCs more efficiently phagocytose and process antigens, upregulate both major histocompatibility complex (MHC) and costimulatory molecules, and acquire the capacity to efficiently migrate into draining lymphoid organs, because of the overexpression of appropriate homing chemokine receptors (e.g., CCR7). Once arriving into lymph nodes, sDCs efficiently present or cross-present peptides (generated by the antigen processing) on class II or class I MHC molecules to high avidity T cell receptors (TCRs) of CD4+ or CD8+ T cells, respectively (signal 1), and provide various costimulatory molecules (e.g., B7.1, B7.2, B7RP1, CD27 ligand [L]) interacting with the corresponding receptors (e.g., CD28, ICOS, CD27) expressed by naïve T cells (signal 2) (Figure 1). Only under these conditions, the single antigen-specific naïve T cells, whose frequency ranges between about 1/200,000 and 1/1,000,000 cells in humans according to the type of antigen (4), are primed, proliferate by several logs of magnitude, differentiate into protective effector cells clearing the “invader”, and generate long-term memory. Basically, CD4+ T helper (h) cells and CD8+ T cytotoxic (c) cells divide the labor: the former help B cells to produce long-lived antibody responses, synthesize a wide variety of cytokines (depending on the context) and, in some setting, can acquire cytotoxic function; the latter are primarily antigen-specific cytotoxic cells, and can produce various types of cytokines, such as the CD4. The requirement of third party CD4+ T cells in the interaction DCs/CD8+ T cells for CD8+ T cell priming and long-term CD8+ T cell memory development (5–7) is inversely correlated with the level of inflammation and pathogen- or danger-associated molecular pattern (PAMP or DAMP) signals conditioning the priming (3, 8). It is superfluous in high-level inflammatory contexts, in which PAMP or DAMP signals trigger a variety of inflammatory responses and mediate DC activation resulting in CD8+ T cell priming and memory development (9–13). By contrast, the need of CD4+ T cell help for priming CD8+ T cell responses seems to be necessary in chronic infections, where various signals (2 and/or 3) are impaired (3), although it still fails to restore effective CD4+ or CD8+ T cell memory.




Figure 1 | T cell diversity and memory pathways. This cartoon depicts the “one cell, multiple fates” hypothesis proposing that a single naïve (CD4+ or CD8+) T cell undergoes multiple fates, according to the strength of signals 1 and 2 received by pAPCs: suboptimal signals (e.g., signal 1 without signal 2) causes T cell anergy; excessive signals (as in the case of response to superantigens, such as some bacterial toxins) cause T cell apoptosis; optimal signal strength induces typically and functionally distinct TEM, TCM, and TPM cells with the same specificity. TCM cells can also derive from TEM: upon performing effector functions, the majority of TEM dye, while a minority is saved and generates TCM. TCM cells acquiring the chemokine lymphoid homing receptors (indicated in bold under the TCM subset) continuously recirculate via the bloodstream to lymphoid organs, and promptly generate secondary responses. CX3CR1+ TPM cells migrate from blood to tissue to lymph nodes, proliferate in a higher fashion than the TCM population, display the ability to perform cytotoxic function, and survey non-lymphoid tissues. The differentiation into the various TEM subsets (Th1, Th2, Th17, Th22, or the cytotoxic T [Tc] cell counterparts) is conditioned by the microenvironmental cytokine milieu (indicated by the cytokines in italics), in which the response takes place. Under these conditions, each of the TEM subsets activates its own specific transcription master regulator (indicated in red within each TEM subset) contributing to establish the gene expression patterns correlated with specific cytokine immune-phenotypes (indicated to the right of each TEM subset), and expresses its own specific pattern of inflamed tissue homing receptors (indicated to the left of each TEM subset). Upon migration into the specific inflamed tissues, each type of TEM subset is ready to differentiate into terminally-differentiated effector cells (TEMRA) promptly performing the functions for which they are programmed (Th2, Th1, Th17, etc.), following contact with tissue-resident (t)DCs presenting the specific antigens derived from various type of pathogens: that is, the helminths preferentially will condition the Th2, the intracellular pathogens the Th1, the fungi the Th17 differentiation, etc. TFH cell differentiation is regulated by IL-6, IL-2, inducible costimulator receptor (ICOS): if the chemokine receptor CXCR5 is expressed, they will migrate to the border of the B cell follicle and help B cell differentiation, whereas, in the presence of the related cell signals, they differentiate into Th1-, Th2-, or Th17-like cells, exit the lymphoid tissue and traffic to the site of infection or inflammation. Similar cell diversification occurs upon optimal activation of CD8+ T cells that also acquire the cytotoxicity function (Tc: T cytotoxic cell). TRM and Treg profiles are conditioned by the antigens they meet directly in the tissues and lymphoid organs, respectively, in the presence of TGF-β.



The generation of long-term immunological memory is dependent on appropriate level of immunopathology caused by the innate and adaptive effector immune responses addressed to eliminate the “invader” by killing infected host cells and providing tissue inflammation that stop upon pathogen clearance (recovery). The great value of vaccination is based on its capacity, through the administration of “invader” antigens (signal 1) and adjuvants (such as alum, MF59, ASOs, CpG, TLR ligands, viral, RNA or DNA vectors) (14) (signal 3 principally addressed to activate DCs providing signal 2), to elicit strong immune responses and long-term memory mimicking those observed in individuals recovered from a natural infection, without the severe phenomena associated with the disease that can even result in death.



T Cell Diversity

The first seminal report on the diversification of memory T cells was by Sallusto and Lanzavecchia (15), showing that memory T cells can be subdivided by distinct expression pattern of adhesion molecules and chemokine receptors allowing different migratory pathways. Naïve T (TN) cells and central memory T (TCM) cells (both expressing high-level of lymphoid homing markers CD62L and CCR7) continuously recirculate via the bloodstream to lymphoid organs. In addition, TCM cells persist by an IL-7 and/or IL15-dependent homeostatic proliferation, without the antigen persistence, produce high IL-2 levels and display high self-renewal/proliferation potential upon antigen re-encounter (16–18). By contrast, the various functional subsets of effector memory T (TEM) cells lose the high proliferation potential and the lymphoid homing markers, acquire diverse patterns of inflamed tissue homing markers (see classification of T cell subsets in Figure 1) and display prompt effector functions, according to the type of peripheral tissue and cytokine milieu, in which they differentiate and migrate (Figure 1) (19). Recently, the surface expression of the chemokine receptor CX3CR1 has been used to better classify effector and memory T cells (20, 21). CX3CR1 identifies a subset termed peripheral memory T cells (TPM) that migrate from blood to tissue to lymph nodes, show higher self-renewal capacity and proliferation than the conventional TCM population, display the ability to perform cytotoxic function, and survey non-lymphoid tissues. In parallel, a subset of effector CX3CR1high T cells appears primarily restricted to the intravascular space and spleen and represent a major source of TEM cells. Furthermore, a pool of tissue-resident memory CD8+ T (TRM) cells has been more recently identified (22). TRM cells persist long term in non-lymphoid tissues, express a transcriptional signature shared with both TCM and TME cells that can be conditioned by individual tissues in which they survive, and control possible foreign “invasions” by recruiting other immune cells and triggering inflammatory processes.

Recent technological advances tracing CD8+ T cells at single-cell level in mouse in vivo support the “one cell, multiple fates” hypothesis, according to which a single naïve T cell (with a single specificity) generates multiple phenotypically and functionally distinct effector and memory T cells with the same TCR (23) (Figure 1). However, we cannot completely exclude the “one cell, one fate” hypothesis, dictating that single T cell clones with various degrees of affinity for a given peptide select unique fates for each single clone: for instance, a clone will become Th1, another Th2, still another Th17, etc. (23). Consistently, by combining antigenic stimulation and TCR deep sequencing technologies, it has been elegantly proposed that CD4+ T cell responses can develop according to both the hypotheses in humans. Indeed, single naïve or memory CD4+ T cells primed by various pathogens (Candida albicans, Mycobacterium tuberculosis, tetanus toxoid) in vitro can undergo multiple fates, that is Th1, Th2, and Th17 cells with different migratory capacity, comprising both clones polarizing toward a single fate, and clones whose progeny acquire multiple fates (24) (Figure 1). The stochastic combination of several events (e.g., TCR affinity and costimulatory signals, the cytokine milieu, the type and dose of antigens, the duration of antigen exposure) may condition the different (single or multiple) fates in the context of the same polyclonal immune responses. Altogether, these multiple epigenetics-driven fates provide a high level of plasticity to the single memory T cells, which can thus employ different and prompt alternative strategies to fight and eliminate each type of pathogens and to maintain long-term memory.

Because the generation of the different memory T cell subsets after infection (or in response to vaccination) is principally addressed both to eliminate the “invader” (recovery) and to recall rapid secondary responses in the case of reinfection (memory), a main question at the center of immunology research is: how is the T cell diversification regulated and capable to provide immunological memory in condition of chronic (long-lasting) self- or non-self-antigen stimulation, as it happens in the course of chronic infections, tumors, and autoimmune diseases?

Addressing these questions is of pivotal importance to understand the basic role of adaptive T cell immunity and memory and their implications in infection resolution, effective vaccination, chronic infection, cancer, or autoimmunity, in order to develop new therapeutic strategies (tuning of immune responses by biologicals, adaptive immunotherapy, vaccination) in the different clinical conditions.



T Cell Diversity in Acute Infections or Vaccination

The resolution of most acute infections or the vaccination against the related pathogens (e.g., smallpox, mumps, rubella, chickenpox, measles, diphtheria, polio, meningococci, hepatitis A virus [HAV], HBV) correlate with protective adaptive effector responses (i.e., neutralizing antibodies and effector CD4+ and CD8+ T cells) and development of long-term memory (Figures 2A, B). In particular, high affinity TCRs and the coreceptors (CD4 or CD8) on naïve T cells, following receiving sustained antigenic signals 1 by pAPCs, deliver the signaling cascades through the phosphorylation of multiple consecutive molecules (e.g., ITAM, ZAP70, LCK, LAT, PLCγ, IP3,…), ultimately leading to the nucleus translocation of various transcription factors (TFs) (e.g., NFκB, NAFT family) that, through their own conserved DNA binding domains, favor the expression of a wide series of genes associated to T cell activation and memory (25–28). The costimulatory molecules on naïve T cells (engaged by the respective ligands expressed on APCs [signal 2]) amplify the activation signal cascade, through the phosphorylation of additional messengers (e.g., PIK3, ERK, RAS…) essential for T cell priming, without which signal 1 alone could cause T cell anergy. The effective TCR signal strength must be transient and not persistent, to avoid a prolonged expression of genes associated with the “T cell exhaustion” (e.g., Pdcd1 or CTLA4 encoding the inhibitory receptors PD-1 and CTLA-4, respectively), and to guarantee thus the full T cell effector responses and the generation of long-term memory. The short duration of the TCR signaling has been proposed to induce a transient DNA demethylation of the Pdcd1 locus (encoding PD-1), followed by Pdcd1 re-methylation that coincides with efficient effector functions addressed to fight the “invaders” (29). In the late phase of activation (i.e., in the absence of antigen-stimulation due to the pathogen clearance), T cells upregulate a wide repertoire of inhibitory signals (i.e., immune check-points [ICs], such as CTLA-4, PD-1, TIM-3, LAG-3, TIGIT, VISTA), which, following contact with the respective ligands expressed by both lymphoid and non-lymphoid cells, deliver an inhibitory cascade leading to the dephosphorylation of the molecules associated with the TCR, co-receptor, and co-stimulatory signaling (30). This intrinsic immunoregulatory mechanism was likely selected during evolution to terminate the immune responses that would be useless if not harmful, when a given infection cleared. Under these conditions (that is, the combination of termination of antigen exposure and IC expression), effector T cells drastically decrease and die upon performing their (protective) effector functions, whereas the sister memory cells selected by specificity and function persist without the presence of antigen, and promptly respond on demand, by generating new waves of effector immune responses in the case of reinfection (Figure 2B). Therefore, the stop signals contributing to the “crash” of effector responses, can also contribute to develop immunological memory (Figures 2A, B).




Figure 2 | Signals conditioning T cell diversification. Different strengths of T cell stimulation result in different fates. The most relevant TFs involved are indicated. (A) Efficient and transient antigenic and co-stimulatory molecule (CM) signals by pAPCs condition strong T cell proliferation and differentiation into memory T cells (TCM/TPM) and the various types of TEM/EMRA cell subsets (Th/c1, Th/c2, Th/c17,…), selected according to the cytokine milieu in which the response takes place (see Figure 1 ). TFs (e.g., AP-1, NFκB) activate memory (e.g., IL7R, BCL2) and effector genes (e.g., IFNG, GZMB). (B) Under these conditions, the T cell response generally results with the eradication of a given pathogen and recovery: the combination of termination of antigen exposure and upregulation of ICs on TEM/EMRA cells will lead to their drastic decrease and death, whereas memory cells will persist without the presence of antigen, and will provide long-term memory. TFs such as FOXO1 maintain long-term memory, whereas PRC2 contributes in silencing effector genes. (C) In the presence of persistent antigen-stimulation (e.g., chronic infections or tumors), the continuous viral or tumor mutations will induce the generation of continuous waves of T cells, which, because chronically exposed to antigen-stimulation, will upregulate a wide repertoire of ICs, and will undergo chronic T cell exhaustion resulting in the lack of (long-term) immunological memory. TFs (e.g., TOX, NR4A) favor the transcription of exhaustion genes (e.g., encoding PD-1, TIM-3, CTLA-4), overwhelming the work of those (e.g., AP-1, NFκB) activating effector genes (e.g., IFNG, GZMB) or memory genes (e.g., IL7R, BCL2). In the early phase of the persistent antigen-stimulation, TEM/EMRA cells will become partially-exhausted (TCF1high, T-bethgh, IFN-γmid), then they will degenerate in fully-exhausted cells (TCF1low, T-betlow, IFN-γ–) and will further upregulate ICs. Partially-exhausted T cells can be rescued by ICB.



The generation and distribution of each of these memory T cell subsets obey highly diverse epigenetic, transcriptional and proteome pathways (2, 19, 23, 31–33). The studies on genome-wide transcriptional and epigenetic changes (by using the assay for transposase-accessible chromatin with sequencing (34) during infection or vaccination showed that DNA methylation, histone modifications, and transcriptional signatures diversifies T cell effector and memory differentiation. These analyses in mouse models revealed that long-lived memory T cells have a naïve-like transcriptome but an effector-like open chromatin map (i.e., demethylation of IFNG and GZMB genes and an open chromatin near their promoters), suggesting a mechanism by which memory T cells are equipped to rapidly perform effector functions (35). Vice versa, open chromatin regions were found in the IL7R and BCL2 genes in both naïve and memory cells, but not in effector cells, suggesting that memory cells conserve important molecular features of naïve cells, associated to survival and self-renewal (Figure 2A). In addition, various studies demonstrated that active transcriptional maintenance by FOXO1 is required to sustain memory T cell longevity and self-renewal, whereas the epigenetic factor PRC2 contributes in silencing genes associated with terminally-effector T cells, following infection resolution (36–39) (Figure 2B).

An unresolved question regards the generation of long- or short-term memory, after different types of infection or vaccination. The majority of the current vaccines are administrated subcutaneously and cause long-term memory against the pathogens towards which they are directed (e.g., smallpox, mumps, rubella, chickenpox, measles, diphtheria, polio, meningococci, HAV, HBV). By contrast, the immunological memory resulting upon SARS-CoV-2, various common cold or influenza virus infections or the related vaccinations is generally short-term, likely because a much higher production of specific immune responses at the level of the upper respiratory tracts of the lung would be needed to generate long-lasting protection in these infections (40). In particular, vaccines administrated through the mucosal airways (the gateway to viruses such as SARS-CoVs, common colds or influenza) should likely generate more efficient immune responses in these sites than the current vaccines administrated subcutaneously, and favor long-term memory. These hypotheses could be confirmed by using single-cell sequencing technology, allowing to analyze the complexed module, namely, the transcriptional pathways, the level of transcription factors, and the chromatin accessibility in various immune cell types after the different infection recoveries or vaccination types.



T Cell Diversity in Chronic Infection and Cancer

The sustained antigenic stimulation provided by persisting infection or cancer breaks the fine molecular balance conditioning the protective effector responses and the generation of long-term memory by various interacting mechanisms, namely, viral or tumor immune escape, T cell exhaustion, and suppression by regulatory T cells (Tregs).


Immune Escape and T Cell Diversity in Chronic Infection and Cancer

A principal mechanism of immune escape evading both T and B cell recognition and affecting T cell diversity is caused by viral or tumoral mutations, resulting in the establishment of a state of chronic low-level immunopathology that, despite unable to clear the persisting virus or tumor, delays ultimately the “catastrophe” (i.e., failure of chronically-infected organs or rapid spread of metastatic tumors) as much as possible. The mechanisms establishing chronic low-level immunopathology are likely selected, during the evolutionary process, to allow a long-term survival of the host (i.e., compromise between the host and the persisting viruses or tumors), by avoiding excessive damage of normal tissues, on the one hand, and excessive virus or tumor spread in the body, on the other hand (41).

Persisting viruses, such as HCV (a single strand RNA virus causing chronic hepatitis in 60–80% of infected individuals, depending on the geographical areas), HIV-1 (a lentivirus belonging to the Retroviridae family, infecting human immune cells and causing AIDS in the majority of infected individuals without treatment), and to a lesser extent HBV (a double strand DNA virus causing chronic hepatitis in less than 3% of infected individuals), provide different mutation rates that can have equally different impact on BCR or TCR diversity. The lack of proofreading activity by HIV-1 reverse transcriptase or by HCV-RNA-dependent RNA polymerase makes replication of HIV-1 or HCV (in contrast to HBV) extremely error-prone: these errors have been estimated in a range of 1 mutation in 1,000 to 100,000 nucleotides per replication cycle for RNA viruses (e.g., HCV or HIV-1), and approximately 1 mutation in 100,000,000 nucleotides per replication cycle for DNA viruses (e.g., HBV) (42, 43). These differences in the mutational fitness can contribute to the capacity of HCV or HIV-1 to escape from the huge B or T cell repertoire specific to the “wild-type” viral epitopes and to establish chronic infection much more frequently than HBV, and, as a consequence, to the efficient development of immunological memory in the latter, as compared with the former. By contrast, the capacity of the coronaviruses, including SARS-CoV-2, to proofread and clear mismatched nucleotides during replication (44), leads to hypothesize that these viruses cannot persist and establish chronic infection because of the low mutation rate, although the evident epidemiological role of these mutations. The lack of long-term immunological memory in these infections is likely due to the rapid subversion of mucosal immunity (innate and then adaptive) at the level of the gate entry (i.e., upper respiratory tracts).

As well as persisting viruses, “hot” tumors, such as melanoma or non-small cell lung cancer (NSCLC) that, in contrast to “cold” tumors, are characterized by significant DNA instability, principally due to the lack of mismatching repair mechanisms, show a very high mutational burden generating a huge repertoire of mutated (passenger) neoantigens, and a high number of tumor-infiltrating T cells (TILs) (45, 46). T cells specific to these mutated neoantigens, which are not purged by central tolerance, can migrate in the periphery, massively infiltrate hot tumors and be of particular relevance to tumor control (47, 48). Therefore, regardless of the origin of mutated (viral or tumor) antigens, the immune system is equipped to chase the continuous viral or tumor mutations through the generation of equally continuous new waves of mutated antigen-specific T cell clones (49). However, the generation of the huge repertoire of mutations can escape from B and T cells and contribute to the tumor mutational fitness and to the difficulty in developing effective immunological memory.



T Cell Exhaustion and Memory in Chronic Infection and Cancer

In the course of chronic infections or tumors, T cells will be unable to eliminate the persisting (hyper-mutational) virus or tumor, upregulate a wide repertoire of ICs, and, in the long run, will undergo the combination of a T cell dysfunctional state defined “T cell exhaustion”, and the lack of long-term memory, resulting ultimately in irreversible chronic infection or tumor progression (41) (Figure 2C).

The molecular bases of T cell exhaustion and absence of long-term memory include a multitude of simultaneous and progressive transcriptional and epigenetic events. First, the long duration of TCR signaling by persistent antigens has been demonstrated to lead to a complete demethylation of the Pdcd1 regulatory region that remains persistently unmethylated, and impedes thus the re-stabilization of efficient effector functions, as in the case of short duration of TCR signaling, shown in resolving infections (29, 50). Then, various types of histone modifications lead to a state, in which the chromatin is stably open and accessible to a multitude of TFs (e.g., TOX, NR4A) favoring the transcription of exhaustion genes (e.g., encoding PD-1, TIM-3, CTLA-4), and overwhelming the work of those (e.g., AP-1, NFκB,…) activating effector (e.g., IFNG, GZMB) or memory (e.g., IL7R, BCL2) genes (35, 51, 52) (Figure 2C).

Depending on the time these processes start, they may or may not be restored. In the early phases of persistent stimulation, exhausted T cells (PD-1+CTLA-4+TIM-3+…) can be rescued principally if they express a further TF, the TCF1 encoded by the TCF7 gene: TCF1high cells express the master TF for IFN-γ production T-bet, at a level enough for producing moderated levels of IFN-γ (partially-exhausted T cells), although not at the levels observed in resolving infections, and may hence contribute to maintain the state of chronic low-level inflammation (53–57). The TCF1high T cells can be efficiently rescued and acquire a stronger effector profile and anti-tumor activity by the treatment with IC inhibitors (e.g., anti-PD-1, anti-PDL-1, anti-CTLA-4 mAbs), or the combination of the latter with vaccine therapy containing mutated tumor neo-antigens (58). By contrast, in the late exhaustion phase, T cells become TCF1low, acquire a fully-exhaustion phenotype (PD-1highCTLA-4highTIM-3high), and, as a consequence, cannot be rescued by IC blockade (ICB) or vaccination therapies, likely because the TFs favoring expression of ICs have stably blocked the chromatin accessibility to the TFs favoring effector and memory gene expression (53). Therefore, ICB (better if associated with possible therapeutic vaccines) can provide extraordinary beneficial effects in early hot tumors rather than in very late tumors or chronic infections, where the majority of TILs will have become fully-exhausted.

A consistent proportion of tumor neoantigens can also be non-mutated neoantigens, when they derive from various forms of protein modifications occurring at post-transcriptional level in tumor cells, such as protein splicing, dysregulated phosphorylation or glycosylation, proteasome generation of spliced peptides, peptide citrullination, impaired peptide processing in TAP-deficient tumor cells, or proteasomal degradation of defective ribosomal products (59–65). These non-mutated neoantigens may provide rational targets for cancer immunotherapy, because they should not be expressed or expressed at concentrations that are not enough to delete specific T cells in the thymus. In addition, also chemotherapy- or radiotherapy-based apoptosis of tumor cells, and also providing various danger signals (e.g., ATP, UTP, calreticulin, HMGB1) that activate DCs and can strengthen T cell priming and memory (immunogenic cell death) (66), enable tumor cells to unveil non-mutated neoantigens, in the form of caspase-cleaved antigenic fragments (67). A wide variety of them has been recently identified by using stable isotope labeling by amino acids in cell culture-based mass spectrometry in human NSCLC cells, namely, caspase-cleaved fragments from olfactory receptor 5H2, Ras and EF-hand domain-containing protein, proactivator polypeptide, protein LYRIC, zinc transporter SLC39A7, ADP/ATP translocase 2, chatepsin D, and ruvB-like 2 (67). These caspase-cleaved fragments were upregulated only in apoptotic tumor cells, targeted to the processing machinery and cross-presented in form of peptides by APCs much more efficiently than their entire protein counterparts, supporting their definition of tumor non-mutated neoantigens (67). The immunogenicity of these non-mutated neoantigens is proved by the evidence that CD8+ T cells specific to the related epitopes were significantly represented in NSCLC patients following chemotherapy treatment, increased in their frequency upon ICB therapy, and correlated with overall survival, suggesting their contribution in the tumor control and possibly in the immunological memory improvement (67).



Tregs and T Cell Memory in Chronic Infection and Cancer

Under conditions of long-lasting tumors or chronic infections, which are characterized by impaired effector and memory responses principally due to the irreversible T cell exhaustion, other immunosuppressive mechanisms amplified and are intertwined. First of all, the intervention of various subsets of Tregs, namely, CD4+ Tregs expressing the master transcription factor FOXP3 (68, 69), can be either committed in the thymus (thymus-derived Tregs) or induced in the periphery [as reviewed in (70)], or the suppressor CD8+ T cell subset representing, historically, the most ancient population with suppression function described (71–74). Regardless of the cell lineage, Tregs can provide various homeostatic effects that can result in being beneficial or detrimental, depending on the setting in which they govern the homeostasis. Tissue-resident CD4+ or CD8+ Tregs perform tissue-protective activities, by promoting tissue repair, systemic metabolism, and immunosuppression, particularly by the production of TGF-β or IL-10 (75, 76). These activities are beneficial in resolving acute inflammatory diseases by promoting tissue health, but become detrimental in chronic inflammatory diseases, because they contribute to organ failure via the persisting tissue repair mechanisms, resulting in tissue subversion (e.g., fibrosis and cirrhosis) and tumor development. In addition, the beneficial effects by Tregs, for which they have evolutionarily selected, are based on their primary function to prevent the differentiation of autoreactive TN cells into harmful effector cells (avoiding thus autoimmunity) in the periphery (peripheral tolerance), and to stop or limit the excessive immunopathology by self- or non-self-reactive T effector cells through a wide range of immunosuppressive mechanisms (77, 78). Again, these immunoregulatory effects can result in being detrimental in the course of chronic infections or tumors, because FOXP3+ Tregs acquire strong suppression capacity in these contexts, through various signals (e.g., by interaction between OX40L expressed on tumor-associated macrophages and OX40 delivering survival signals in Tregs) favoring demethylation of the Treg-specific demethylated region that acts as a transcriptional stabilizer of FOXP3 gene and consequent suppression function [as reviewed in (70, 79)]. In addition, Tregs in stable tumors or chronic infections receive signals from the tumor microenvironment that provide supplemental energetic routes involving lipid metabolism, conferring a preferential proliferative advantage to Tregs (80). Interestingly, the excessive Treg improvement can be limited by Treg intrinsic mechanisms that try to govern the excess suppression, in order to contribute to slow down the progression of chronic infections or tumors. The first report describing counter-suppression of FOXP3+ Tregs showed that the interaction between PD-1 and PD-L1, both expressed on well-stabilized activated FOXP3+ Tregs, provided a negative signal into these Tregs by PD-1 limiting STAT-5 phosphorylation and Treg expansion and suppression (81). Conversely, other studies demonstrated that PD-1 and also TIM-3, contribute to the conversion of naïve CD4+ T cells into induced FOXP3+ Tregs through various molecular pathways, namely, the capacity of PD-1 signaling to inhibit the sparaginyl endopeptidase enzyme normally cleaving FOXP3 in induced Tregs [reviewed in (82)]. Therefore, PD-1 may act as a double-edged sword with the effect dependent on the phase of Treg activation: it contributes to induce Tregs from conventional naïve CD4+ T cells, on the one hand, and to downregulate stable Treg expansion and functions, on the other. The counter-suppression effect by PD-1 on stable activated Tregs could in turn be countered by ICB treatment, improving Treg proliferation and suppression (81). This data suggests to use ICB carefully both to avoid the detrimental effects by rescued Tregs resulting in “hyperprogression” of tumors (or chronic infections) by excessive suppression of protective effector T cells [reviewed in (83)], and to employ ICB selectively in tumors (and likely chronic infections) expressing PD-1 on CD8+ TILs rather than on Tregs (84).

Collectively, the various mechanisms that cause effective Treg-mediated suppression contribute to get worse the T cell dysfunctional state and to impede the long-term memory development, resulting ultimately in irreversible chronic infections or tumor progression.



May T Cell Memory be Restored in Chronic Infection or Cancer?

An open question is: can exhausted T cells upon elimination of chronic antigenic stimulation or that have been restored by ICB in terms of effector functions, differentiate into long-term memory cells? Chronically-infected HCV patients following virological cure by direct antiviral agents allowing complete HCV clearance, and also mouse models of chronic viral infection, showed that upon eliminating the virus, TCF-1+ exhausted T cells downregulate ICs and partially acquire phenotypic and transcriptional features of memory-like cells (85–87). Importantly, T cells that were exposed to HCV antigens for less time were functionally and transcriptionally more similar to memory T cells from spontaneously resolved HCV infection (87, 88). These data confirm that exhausted T cells may or not may be (at least partially) restored providing differentiation of memory-like cells, depending on the time in which the process initiated and on the frequency of TCF1+ exhausted T cells (53–57). However, functionally, exhausted T cells, which have been rescued by the elimination of chronic antigenic stimulation, maintain critical transcriptional regulators in the exhaustion state, and their recall capacity remained limited and not durable over time as compared to true memory T cells from competent mice (85). Chromatin-accessibility profiling revealed a failure to recover memory epigenetic circuits and maintenance of a largely exhausted open chromatin landscape, constraining the establishment of long-term immunological memory (85). We cannot exclude that a longer time of antigen-free recovery can reinvigorate previously exhausted CD8+ T cells that can persist and respond to reinfection (89). More in depth molecular analyses, particularly at epigenetic level, need to discriminate these possibilities in order to delineate new therapeutic interventions addressed to develop immunological memory in chronic infections and tumors.

The triple combination of immunogenic cell death by chemotherapy, vaccination with the resulting non-mutated neoantigens (i.e., generated following chemotherapy-induced apoptosis of tumor cells), and ICB treatment switching off the inhibitory T cell signals, may result in being beneficial in the immunotherapy of “cold” tumors, such as small cell lung cancer, MSS-colorectal cancer or MSS-hepatocellular carcinoma, characterized by DNA stability, effective mismatching repair mechanisms, low generation of mutated neoantigens, and very low number of TILs, in order to convert them into hot tumors (Figure 3). This combination may also provide beneficial effects in those hot tumors, in which TILs specific to mutated neoantigens became fully exhausted, in order to generate new tumor-specific immune responses and memory. Definitely, this combinatorial module may represent a tremendous resource for a new tumor immunotherapy approach providing the essential signals (1, 2, and 3) required for optimal T cell memory development (Figure 3).




Figure 3 | Combination of immunogenic cell death, non-mutated neoantigen-based vaccination, and ICB in tumor immunotherapy. Immunogenic cell death (ICD) by chemotherapy unveils both danger signals (activating DCs) and non-mutated neoantigens (NM-neoAgs) in apoptotic tumor cells that are efficiently phagocytosed by DCs. NM-neoAgs derive by caspase cleavage of a variety of tumor antigens, are efficiently processed and (cross-)presented by DCs in form of peptides on MHC molecules (67) to T cells. CD8+ T cells proliferate and further expand in response to ICB treatment (anti-PD-1 therapy), providing improvement of effector function and conversion of PD-1+ T cells into PD-1– T cells. Effector CD8+ TEM cells can migrate into the tumor microenvironment and be further boosted by NM-neoAgs derived from chemotherapy-induced apoptotic tumor cells cross-presented by tissue DCs: CD8+ TEM/EMRA cells provide tumor control through the by-stander effect of strong inflammatory cytokines and the recruitment of other T cells and innate immune cells (macrophages, neutrophils, natural killer cells,…). This scenario is supported by the evidence showing that NM-neoAg-specific CD8+ T cells are significantly represented in NSCLC patients previously submitted to chemotherapy, increase in their frequency upon ICB therapy, and correlated with overall survival (67). The addition of therapeutic NM-neoAg-based vaccines may improve T cell memory and tumor immunity, as well as convert cold into hot tumors.



Finally, systems to dampen Treg-mediated suppression of immune responses have been considered as further therapeutic approaches to verify their effect in improving immunological memory, for instance through targeting CD25, CTLA-4, or CCR4 on Tregs in order to deplete intratumoral Tregs (90–92). More recently, data on the metabolic profile of activated Tregs proposed that metabolic drugs targeting specific molecules of lipid turnover may preferentially modulate Tregs compared to other T cells (80).




T Cell Memory and Tregs in Autoimmunity

A further important question is: how do most autoimmune diseases persist for several years in patients, despite the fact that immune responses are not conditioned by persisting (non-self) “invaders”, but presumably by a breakdown of peripheral immunological tolerance (e.g., anergy, exhaustion, Treg suppression) causing the unleash and activation of diverse autoaggressive B and T cells against self-antigens? Might the same immunoregulatory mechanisms ultimately maintaining the long-lasting relationship between persisting “invaders” (chronic infections or tumors) and the host, fine-tune the autoimmune responses, thus allowing that the final failure/destruction of the self-organs or tissues by the autoaggressive responses is delayed for many years?

Chronic TCR signaling is common in chronic infection, cancer, and autoimmunity, but the persisting antigens providing TCR signaling are generally different in the three contexts: (non-self) infectious antigens in chronic infection, (non-self) neoantigens in cancer, and self-antigens in autoimmunity. A main paradigm at the center of immunology is that, in the periphery, non-self-antigens (infectious or neoantigens) are recognized by high affinity TCRs (which are positively selected in the thymus and migrate in the periphery), whereas the self-antigens by low-affinity TCRs (high affinity T cells for the “self” having been purged in the thymus). An alternative, but not mutually exclusive route leading to autoimmunity is based on the evidence that not necessarily the antigenic targets of the so-called autoimmune diseases are self-antigens, but they can also be represented by neo(ex-self)-antigens generally generated by post-translational modifications of self-antigens in the periphery. Prototypical examples are neo(ex-self)-antigens in type 1 diabetes (T1D) (i.e., tissue transglutaminase-dependent deamidation or alternative-reading-frame-encoding of pro-insulin peptides), or in rheumatoid arthritis (i.e., citrullination or deamination of vimentin, lamin B1, non-muscle myosin, actin and other cytoskeleton or nuclear self-antigens) (93–98). In this perspective, these neo(ex-self)-antigens are recognized by non-self-specific T cells expressing high affinity TCRs, which are positively selected in the thymus and migrate in the periphery, because neo(ex-self)-antigens would not be expressed or expressed at concentrations that are not enough to delete them in the thymus. As a consequence, chronic stimulation with non-self-antigens (infectious or tumoral) or neo(ex-self)-antigens (modified self-antigens) should cause T cell exhaustion more efficiently than chronic stimulation with native self-antigens, with divergent impact in the development of the immunological memory. Consistent with this hypothesis, recent data in both experimental and human T1D showed that self- or non-self-reactive T cells shared common phenotypic, transcriptional and epigenetic program features of exhaustion, those autoreactive displayed a wider level of heterogenicity, depending on the TCR affinity for self-antigens (99, 100). Therefore, we could envisage that chronic tissue damage in autoimmunity may be established by alternate waves of self-reactive (the minority that have been able to escape central tolerance in the thymus) or neo(ex-self)-reactive T cells with moderate/high affinity TCRs, and self-reactive T cells with low affinity TCRs that are not purged in the thymus. In particular, recent data demonstrated that self-reactive or neo(ex-self)-reactive T cells with high affinity TCRs are more harmful and can evade peripheral Treg-mediated tolerance (e.g., by counter-suppressing Tregs) (98), but they should be more susceptible to exhaustion than those with low affinity TCRs, due to the stronger stimulation by persistent self- or neo(ex-self)-antigens. By contrast, self-reactive T cells with low affinity TCRs are significantly less harmful than the former, and are efficiently controlled by Tregs, contributing hence to maintain a state of chronic low-level inflammation (98). Thus, the persistence of self-antigens or neo(ex-self)-antigens conditions, in the long run, promote exhaustion of specific T cells with high affinity TCRs, and Treg-mediated suppression of those with low affinity TCRs. The alternate fluctuation by self-reactive or neo(ex-self)-antigens T cells with high and low affinity TCRs may in part explain the clinical outcome of autoimmune diseases characterized by a chronic alternation of acute and quiescent phases that finally undergo tissue destruction after a long time. This scenario could account for results showing that, unlike in chronic infections or tumors, CD8+ T cell exhaustion is associated with a good outcome and a low risk of relapse in autoimmune diseases, proposing that manipulation of exhaustion may represent a novel therapeutic strategy to suppress autoreactivity by using agonists of ICs (e.g., CTLA-4, PD-1, TIM-3, LAG-3), or antagonists of activating receptors (e.g., CD28, OX40, GITR, CD137) (99, 100).

Regarding the role of Tregs, if the aim is to inhibit them in chronic infections or tumors, vice versa the therapeutic goal is the induction or activation of Tregs in autoimmune diseases by various approaches, namely, the transfer of autologous in vitro-expanded Tregs to suppress autoimmune responses (101), or induction of Tregs directly in vivo by administration of immunocomplexes of IL-2 and specific anti-IL2 antibody selectively promoting the expansion of Tregs (expressing the high-affinity trimeric IL-2R that includes IL-2Rα) without expanding activated effector T cells (102, 103).



Concluding Remarks

Immunological memory is a major and unique resource of the adaptive immunity allowing to remember for a long time the antigens that the individuals encounter, and to promptly respond on demand in the case of antigen re-encounter. The molecular mechanisms governing immunological memory in the different B or T cell subsets at the transcriptional and epigenetics level, are revealing fundamental pathways. The generation of new selective compounds capable to influence the immunological memory (improvement or suppression) may become extremely useful in the therapy of the different pathological contexts in the next years. The major goal in chronic infection or cancer is to restore protective immune responses that have been made dysfunctional by excessive exhaustion and Treg-suppression, in order to help eliminate persistent pathogens or tumors providing chronic stimulation, and to develop long-term immunological memory controlling possible re-emergences of the primary infections or tumors. By contrast, the major goal in autoimmunity is exactly the opposite, namely to restore the tolerance of the persisting self-antigens through the use of agonists of T cell ICs, antagonists of T cell activating receptors, or by reinvigorating Tregs, so as to convert the picture of autoimmune aggression into that of exhaustion and suppression of autoreactive B or T cells, and to keep the autoimmunological memory under tone.
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Since multiple different T-cell receptor (TCR) sequences can bind to the same peptide-MHC combination and the number of TCR-sequences that can theoretically be generated even exceeds the number of T cells in a human body, the likelihood that many public identical (PUB-I) TCR-sequences frequently contribute to immune responses has been estimated to be low. Here, we quantitatively analyzed the TCR-repertoires of 190 purified virus-specific memory T-cell populations, directed against 21 epitopes of Cytomegalovirus, Epstein-Barr virus and Adenovirus isolated from 29 healthy individuals, and determined the magnitude, defined as prevalence within the population and frequencies within individuals, of PUB-I TCR and of TCR-sequences that are highly-similar (PUB-HS) to these PUB-I TCR-sequences. We found that almost one third of all TCR nucleotide-sequences represented PUB-I TCR amino-acid (AA) sequences and found an additional 12% of PUB-HS TCRs differing by maximally 3 AAs. We illustrate that these PUB-I and PUB-HS TCRs were structurally related and contained shared core-sequences in their TCR-sequences. We found a prevalence of PUB-I and PUB-HS TCRs of up to 50% among individuals and showed frequencies of virus-specific PUB-I and PUB-HS TCRs making up more than 10% of each virus-specific T-cell population. These findings were confirmed by using an independent TCR-database of virus-specific TCRs. We therefore conclude that the magnitude of the contribution of PUB-I and PUB-HS TCRs to these virus-specific T-cell responses is high. Because the T cells from these virus-specific memory TCR-repertoires were the result of successful control of the virus in these healthy individuals, these PUB-HS TCRs and PUB-I TCRs may be attractive candidates for immunotherapy in immunocompromised patients that lack virus-specific T cells to control viral reactivation.




Keywords: virus-specific T cell responses, TCR - T cell receptor, public T cell receptors, computational analysis, CDR3 amino acid motifs, memory T cells (Tmem), V-D-J recombination, TCR repertoire analysis



Introduction

Human virus-specific CD8pos T cells express heterodimeric alpha(α)/beta(β) TCRs that can specifically recognize viral peptides presented by HLA-class-I molecules (1). The TCRα- and the TCRβ-chain repertoires are highly variable due to the genetic recombination process involved in their generation. For the TCRβ-chains, recombination of 1 of 48 functional T-cell Receptor Beta Variable (TRBV), 1 of 2 functional T-cell receptor Beta Diversity (TRBD) and 1 of 12 functional T-cell Receptor Beta Joining (TRBJ) gene segments leads to a V-D-J reading frame (2). The TCRα-chains are generated by a similar recombination process with the exception of a diversity gene, resulting in a V-J reading frame (3). Insertion of template-independent nucleotides between the recombined segments (junctional region) results in a significant further increase in variability (4). The sequence around these junctions encodes for the Complementary Determining Region 3 (CDR3), a loop that reaches out and interacts with a peptide embedded in an HLA molecule, together with the loops of the CDR1 and CDR2 regions, which are fixed within the germline variable gene sequence (5, 6). It has been calculated that these gene rearrangements could potentially generate a repertoire of 1015-1020 unique TCRs that may interact with all possible peptide-HLA complexes (7).

Pathogenic viruses like Cytomegalovirus (CMV), Epstein-Barr virus (EBV) and Adenovirus (AdV) can infect humans for life by staying latently present in target cells after a primary infection. In healthy individuals these latent viruses are controlled by the virus-specific T cells. As a result, reactivations of these latent viruses are observed frequently, but do not result in severe virus-associated disorders like malignancies and/or organ failure. However, in the absence of a competent immune system, these latent viruses remain uncontrolled and are associated with high-morbidity and mortality in immune-compromised patients, including patients after stem cells or organ tranplantation (8, 9). To control these viruses, antigen-experienced (central-memory and effector-memory) virus-specific T cells have to develop from the naïve T-cell repertoire. Due to the high diversity of the naïve T-cell repertoire (10), T-cell responses against the many potential viral epitopes presented in multiple HLA alleles may be composed of a large variety of different TCRs. Indeed, when naïve umbilical cord blood-derived T cells were stimulated in vitro to generate de novo responses against proteins from CMV or Human Immunodeficiency Virus (HIV), this resulted in responding virus-specific T-cell populations with a highly diverse repertoire of TCRs, recognizing many different CMV (11) or HIV-derived peptides (12). However, from ex vivo analyses in adults it became clear that in vivo the virus-specific memory T-cell populations are shaped during control and clearance of the infection and target only a limited number of viral-peptides, as was shown for T-cell populations specific for viruses like CMV (13), EBV (14), AdV (15), Influenza A (16) and also more recently SARS-Cov-2 (17, 18). Nevertheless, the multiple viral-peptides that are targeted in the various HLA alleles make it theoretically unlikely that individuals would frequently share exactly the same virus-specific TCR, unless T cells expressing certain TCRs would favor control of infections and would therefore dominate the responses. Since latent viruses like CMV, EBV and AdV are not fully eradicated, reactivations are frequent and trigger the expansion of antigen-experienced virus-specific memory T cells. This unique biology might contribute to the favor and skewing of specific TCRs expressed by T cells that dominate the response and control the virus.

Evidence for selection of certain virus-specific TCR-expressing T cells in controlling viruses has come from several reports identifying identical TCR amino-acid (AA) sequences in dominant virus-specific memory T-cell populations in different individuals, designated as public TCR-sequences [from here on referred to as public-identical (PUB-I) TCR-sequences]. Most studies investigated the presence of PUB-I TCR-sequences in TCRβ-chains, since this is the most diverse TCR chain and the CDR3β sequence of CD8 T cells is positioned to interact with the antigenic peptide presented by HLA-class-I molecules. However, dominant virus-specific memory T-cell populations with PUB-I TCRα chains have also been described previously (19). Such PUB-I TCR sequences are most overtly observed in antigen-experienced memory virus-specific T cells due to the in vivo antigen-driven proliferation, but are also present within the naïve T-cell compartment, although at low frequency (20). PUB-I TCRβ sequences have been found in T-cell populations specific for latent viruses like CMV-specific T-cell responses (21–23), EBV-specific T-cell responses (24, 25), but also for non-latent viruses like Influenza-specific T-cell responses (16), respiratory syncytial virus-specific T-cell responses (26) and SARS-Cov-2-specific T-cell responses (17, 27). In addition, some of these virus-specific T-cell populations also contained TCR AA-sequences that were highly-similar to the identical shared TCR AA-sequence [from here on referred to as highly-similar to PUB-I (PUB-HS) TCR-sequences]. However, the magnitude, defined as prevalence within the population and frequencies within virus-specific T-cell repertoires, of PUB-I and PUB-HS TCR-sequences is not known. A high probability to be generated during V-D-J recombination may play a role (28), but since virus-specific memory T-cell repertoires in the circulation are shaped based on antigen encounter and subsequent proliferation, the PUB-I and PUB-HS TCR-sequences most likely reflect highly functional T cells capable of antigen-driven proliferation.

We hypothesize that frequent induction of antigen-driven proliferation of virus-specific T cells targeting frequently reactivating latent viruses will increase the prevalence and frequencies of PUB-I and PUB-HS TCR-sequences within the repertoire of antigen-experienced virus-specific T-cells. Molecular analysis of these TCRs will add in the analysis of the development, presence and quality of memory T-cell responses, and tracking of virus-specific T-cell responses. Furthermore, Identification of dominant TCRs with shared core-sequences may be utilized for the design of future immunotherapy purposes including TCR-gene transfer. Therefore, the aim of our study was to quantitively analyze the magnitude of PUB-I and PUB-HS TCRβ-sequences within the antigen-experienced virus-specific TCR-repertoires of CMV, EBV and AdV-specific CD8pos memory T cells. We confirmed that healthy individuals generate many different virus-specific TCRs, illustrated by the >3000 TCR nucleotide-sequences that were found ex vivo in virus-specific memory T-cell populations. However, a significant part of the virus-specific TCR-repertoires contained PUB-I and PUB-HS TCR nucleotide-sequences. The AAs of these PUB-HS TCRs varied on specific positions in the CDR3β-region, while maintaining a conserved core-AA-sequence that was also present in the respective PUB-I TCR. We identified conserved TCR core-AA-sequences for each specificity that could be used for diagnostic purposes looking at anti-viral immune responses. Additionally, PUB-I or PUB-HS TCRs with the highest frequencies in healthy individuals may be utilized to develop off-the-shelf immunotherapeutics (using TCR-gene transfer) to effectively control CMV, EBV or AdV-infections or reactivations in immunocompromised patients.



Methods


Collection of Donor Material

After informed consent according to the Declaration of Helsinki, healthy individuals (homozygously) expressing HLA-A*01:01 and HLA-B*08:01 or HLA-A*02:01 and HLA-B*07:02 were selected from the Sanquin database and the biobank of the department of Hematology, Leiden University Medical Center (LUMC). Peripheral blood mononuclear cells (PBMCs) were isolated by standard Ficoll-Isopaque separation and used directly or thawed after cryopreservation in the vapor phase of liquid nitrogen. Donor characteristics (HLA typing, CMV and EBV serostatus) are provided in Table 1. For isolation of donor-derived virus-specific T cells using fluorescence-activated cell sorting (FACS, gating strategy see Supplementary Figure 1) with pMHC-tetramers (Table 2) and expansion of donor-derived virus-specific T cells, see Supplementary Material and Methods.


Table 1 | HLA typing and CMV/EBV-serostatus of healthy donors.




Table 2 | Number of isolated virus-specific T-cell populations.





TCRβ-Library Preparation

TCRβ-sequences were identified using ARTISAN PCR adapted for TCR PCR (29, 30). Total mRNA was extracted from 190 pMHC-tetramerpos purified (Supplementary Figure 2A) virus-specific T-cell populations (31) using magnetic beads (Dynabead mRNA DIRECT kit; Invitrogen, Thermo Fisher Scientific). Ten µl (~1µg) of mRNA per sample was mixed with TCRβ constant region-specific primers (1μM final concentration) and SmartSeq2modified template-switching oligonucleotide (SS2m_TSO; 1μM final concentration) and denatured for 3 minutes at 72°C. After cooling, cDNA was synthesized for 90 minutes at 42°C with 170 U SMARTscribe reverse transcriptase (Takara, Clontech) in a total volume of 20µl containing 1.7U/μl RNasin (Promega), 1.7mM DTT (Invitrogen, Thermo Fisher Scientific), 0.8mM each of high-purity RNAse-free dNTPs (Invitrogen, Thermo Fisher Scientific) and 4µl of 5x first-strand buffer. During cDNA synthesis, a non-templated 3’polycytosine terminus was added (Supplementary Figure 2B), which created a template for extension of the cDNA with the TSO (32). PCR (2min at 98°C followed by 40 cycles of [1s at 98°C, 15s at 67°C, 15s at 72°C], 2 min at 72°C) of 5µl of cDNA was then performed using Phusion Flash (Thermo Fisher Scientific) with anchor-specific primer (SS2m_For; 1μM final concentration) and each (1μM final concentration) of the nested primers specific for the constant regions of TCRβ constant 1 and TCRβ constant 2. Both forward and reverse PCR primers contained overhanging sequences suitable for barcoding. Amplicons were purified and underwent a second PCR (2min at 98°C followed by 10 cycles of [1s at 98°C, 15s at 65°C, 30s at 72°C], 2 min at 72°C) using forward and reverse primers (1μM final concentration) with overhanging sequences containing identifiers (sequences of 6 base-pairs) and adapter sequences appropriate for Illumina HiSeq platforms (or PacBio; Pacific Biosciences). Unique identifiers were used for each T-cell population targeting one epitope. Forward or reverse identifiers were shared between T-cell populations targeting different epitopes. For all primer sequences see Supplementary Table 1. For identifier sequences see Supplementary Table 2. Amplicons with identifiers were purified, quantified and pooled into one library for paired-end sequencing of 150bp on an Illumina HiSeq4000. Deep sequencing was performed at GenomeScan (Leiden, The Netherlands). Raw data were de-multiplexed and aligned to the matching TRBV, TRBD, TRBJ and constant (TRBC) genes. CDR3β-sequences were built using MIXCR software using a bi-directional approach (5’-3’ and 3’-5’ read) (Supplementary Figure 2C) (33). CDR3β-sequences with a stop-codon were removed from the library. Bi-directional readings using MIXCR could result in out-of-frame CDR3β AA-sequences due to the even number of nucleotides. These sequences (n=392) were manually aligned with the germline TRBV and TRBJ-sequence. CDR3β-sequences were further processed using custom scripts in R to compare specificities and sharing of CDR3β-sequences.



Computational Unbiased Repertoire Analysis

The following R-packages were used in R-software to generate a nodal plot of CDR3β AA-sequences with the levenshtein distance as parameter for similarity: “igraph” to create network objects, obtain the degree of a node and its betweenness (34), “data.table” to organize CDR3β-sequences; “stringdist” to calculate Levenshtein distances (35), “Biostrings” for fast manipulation of large biological sequences or sets of sequences (36), “dplyr” to arrange and filter data (37), “tibble” for providing opinionated data frames, “ggplot2” for generating figures (38) and “RColorBrewer” to create graphics (39). A levenshtein distance of 0.25 was added to visualize multiple identical sequences. Nodes with identical sequences (levenshtein distance of 0.25) were manually replaced by pie-charts using Adobe Illustrator CC 2018.



Sequence Logo Plots

To identify which positions of PUB-I and PUB-HS CDR3β AA-sequences were conserved and which were variable, all CDR3β AA-sequences with the most frequent CDR3 length were included and the AAs were stacked for each position in the sequence. The overall height of the stacks indicates the sequence conservation at that position, while the height of symbols within the stacks indicates the relative frequency of each AA at that position. AAs have colors according to their chemical properties; polar AAs (G, S, T, Y, C, Q, N) show as green, basic (K, R, H) blue, acidic (D, E) red, and hydrophobic (A, V, L, I, P, W, F, M) AAs as black (40).



Generation of Independent TCR-Database From Virus-Specific T-Cell Products Generated for a Clinical Trial

As an independent TCR-database containing TCR-sequences from virus-specific T cells, we used the information obtained from the virus-specific T-cell products generated in the context of the phase I/II safety and feasibility study T Control (EudraCT-number 2014-003171-39) using the MHC-I-Streptamer isolation technology (Juno Therapeutics, Munich, Germany) (20, 41). Sequencing was performed as described above for all virus-specific T-cell populations per donor, resulting in unique identifiers for all virus-specific T-cell populations in the TCRβ-library.



Data Deposition

TCR-Sequencing data is deposited to the Sequence Read Archive (SRA); submission: SUB10993301 (access to bioproject: https://www.ncbi.nlm.nih.gov/bioproject/PRJNA803981).




Results


Generation and Validation of a Library of TCR-Sequences Derived From FACsorted Virus-Specific T-Cell Populations

To examine the composition of the virus-specific TCR-repertoires in different individuals, the CDR3β-regions of purified expanded pMHC-tetramer-binding virus-specific T-cell populations were sequenced (Supplementary Figure 2). We analyzed the TCR-repertoires of CMV, EBV and AdV-specific T cells, restricted to four prevalent HLA alleles (HLA-A*01:01, HLA-A*02:01, HLA-B*07:02 and HLA-B*08:01) and specific for 21 different peptides (Table 2). Purified CMV, EBV and AdV-specific T-cell populations targeting CMV (n=8), EBV (n=10) or AdV (n=3)-derived peptides were isolated from 17 HLA-A*01:01/B*08:01pos individuals and 12 HLA-A*02:01/B*07:02pos individuals (Tables 1, 2). In total, 190 virus-specific T-cell populations, each targeting a single viral epitope, were successfully isolated and showed high purity (>97% pMHC-tetramer positive). The mean precursor frequencies of the different T-cell specificities in the starting PBMC materials are shown in Supplementary Figure 3. Sequencing of the CDR3β-regions of these virus-specific T-cell populations resulted in 3346 CDR3β nucleotide-sequences that occurred at frequencies of more than 0.1%. 135 of these nucleotide-sequences were present at high frequencies (>5%) within one specificity, but were also found at low frequencies (around 0.1%) in another specificity, indicating contamination due to FACSorting impurities. These low frequency nucleotide-sequences were discarded from further analysis. 41 nucleotide-sequences were present at low frequencies in two unrelated specificities and could not be correctly annotated and these 41 duplicates (n=82) were also discarded from the analysis. Therefore, a total of 3129 nucleotide-sequences could be annotated. In total, 2224 (71%) of these nucleotide-sequences represented unique CDR3β AA-sequences that were found in only one individual and 905 nucleotide-sequences (29%) resulted in 131 different PUB-I CDR3β AA-sequences that were found in two or more unrelated individuals (Flowchart; Figure 1).




Figure 1 | Flowchart of included and excluded CDR3β nucleotide and AA-sequences. In total, 190 different virus-specific T-cell populations were FACsorted using pMHC-tetramers, followed by a short-term in vitro stimulation. The CDR3β nucleotide-sequences were determined using next-gen Illumina sequencing. CDR3β nucleotide-sequences that occurred at a frequency of less than 0.1% in each sample were excluded. CDR3β nucleotide-sequences that were identical and present in two different specificities, but present at high frequencies in one specificity, were only removed from the specificity that contained the sequences at very low frequencies (0.1-0.5%; n=135). CDR3β nucleotide-sequences that were identical and present in two different specificities at low frequency were considered contamination and removed from the library (82 sequences, 41 different-sequences). The numbers of different CDR3β AA-sequences that were encoded by the CDR3β nucleotide-sequence are shown at protein level. We then assessed how many CDR3β-AA-sequences were found in multiple individuals (shared) and how many were only found in a single individual (unique).



To investigate the relationship between the numbers of CDR3β nucleotide-sequences and the translated number of CDR3β AA-sequences, we compared the nucleotide-sequences of the 131 PUB-I CDR3β AA-sequences found in different individuals. Different nucleotide-sequences can result in the same CDR3β AA-sequence, a phenomenon known as convergent recombination. We found that PUB-I CDR3β AA-sequences present at high (representative example; Figure 2A) or low frequencies (range 0.1-1%) (representative example; Figure 2B) could be encoded by different CDR3β nucleotide-sequences in the junctional regions of the CDR3β-regions in TCRs of T cells isolated from different individuals (Figures 2C, D and Supplementary Figure 4). Because the majority of nucleotide-sequences encoding the same CDR3β AA-sequences were different between individuals, these data exclude contamination as an explanation for the finding of PUB-I CDR3β AA-sequences.




Figure 2 | PUB-I CDR3β-sequences can be found in different individuals with small nucleotide-differences as a result of convergent recombination. The library of virus-specific CDR3β AA-sequences contained 131 sequences that were found in multiple different individuals (≥2). The nucleotide-sequences of these CDR3β AA-sequences were analyzed to investigate differences and similarities. (A, B) Shown are two representative examples of the frequencies of the PUB-I CDR3β AA-sequences CASQDRLTGGYTF and CASSSLNTEAFF, that were specific for HLA-B*07:02-restricted EBV-EBNA3ARPP and HLA-B*08:01-restricted EBV-BZLF1RAK, respectively. (C, D) Shown are the nucleotide-sequences of the CDR3β AA-sequences CASSQDRLTGGYTF and CASSSLNTEAFF that were shared by different individuals. Underlined nucleotides represent differences between the different individuals. Nucleotides in red represent differences to the consensus sequence. Nucleotide-sequences in blue and green represent perfect alignment with the germline sequences of the TRBV-gene and TRBJ-gene, respectively. AA, amino-acids; nt, nucleotides.





PUB-I and PUB-HS CMV-, EBV- and AdV-Specific CDR3β AA-Sequences Are Abundant in Virus-Specific T-Cell Populations

We then investigated the distribution of the 131 PUB-I CDR3β AA-sequences within the 21 different specificities and the prevalence among individuals for each of the PUB-I CDR3β AA-sequences per viral-epitope. T cells with PUB-I CDR3β AA-sequences were found for 19 out of the 21 specificities (Supplementary Table 3). PUB-I CDR3β AA-sequences were not observed in AdV-IE1LLD and EBV-LMP2ESE-specific T-cell populations. Some T-cell populations (e.g. EBV-LMP2FLY) contained many different PUB-I CDR3β AA-sequences (n=24) that were all highly-similar. For this reason, we investigated the distribution of PUB-I CDR3β AA-sequences with unique TRBV and TRBJ-gene usage. This resulted in 29 different PUB-I CDR3β AA-sequences, distributed over 19 specificities (Figure 3A; grey bars). Six specificities contained two or three different (expressing different TRBV and/or TRBJ-genes) PUB-I CDR3β AA-sequences that were highly prevalent among individuals. To investigate how often these PUB-I CDR3β AA-sequences could be found in our cohort of healthy donors, we quantified the prevalence of each of these 29 PUB-I CDR3β AA-sequence (Figure 3A; grey bars). Because we classified a PUB-I CDR3β AA-sequence as being present in at least 2 individuals, the prevalence among donors could not be less than 2 out of 17 (12%; 17 is maximum number of T-cell populations for 1 specificity). Only 4 out of 29 PUB-I CDR3β AA-sequences were found in only 2 individuals (Figure 3A; grey bars). Overall, these 29 PUB-I CDR3β AA-sequences had a prevalence of 33% among healthy individuals (median; range 12%-82%). Importantly, most PUB-I CDR3β AA-sequences were found in at least 25% of individuals and 5 were even present in more than half the donors.




Figure 3 | PUB-I and PUB-HS CMV, EBV and AdV-specific CDR3β AA-sequences are common in different individuals and of high frequencies within the T-cell specificities. (A) Nine-teen different specificities contained PUB-I CDR3β-sequences, shared by at least 2 individuals. Six specificities contained 2 or 3 different (with different TRBV and/or TRBJ-genes) CDR3β AA-sequences that were found frequently in different individuals. The total numbers of different T-cell populations (different donors) that contained the PUB-I or PUB-HS CDR3β AA-sequences are indicated at the inner-side of the y-axis. The occurrence, shown as percentage among healthy individuals, is shown per CDR3β AA-sequence. PUB-I sequences are shown in grey. Individuals containing PUB-HS sequences with 1, 2 or 3 AA-differences (shown in light-dark orange) compared to the PUB-I sequence were stacked on top of the individuals where the PUB-I sequence was already identified. (B) Shown is the sum of frequencies of the PUB-I and PUB-HS (1, 2 and 3 AA-differences) CDR3β AA-sequences per individual. Each dot is one individual, and the red-lines represent the medians with interquartile ranges. AA, amino-acids; nt, nucleotides; Δ, difference(s).



We and others hypothesized that the binding/docking of TCRs to HLA-peptide complexes might allow for small changes/flexibility in the CDR3 AA-sequences without significantly changing the conformation or interaction (42). Therefore, we investigated if there were CDR3β AA-sequences present in our data set that were highly-similar (PUB-HS) to PUB-I CDR3β AA-sequences and differed by 1, 2 or 3 AAs. The 2224 unique TCR nucleotide-sequences identified in our previous analysis may contain PUB-HS CDR3β AA-sequences that are in fact part of the same public response as the respective PUB-I TCRs. In total, 379 PUB-HS CDR3β nucleotide-sequences were present that also resulted in 379 PUB-HS CDR3β AA-sequences that differed by 1, 2 or 3 AAs from one of the 131 PUB-I CDR3β AA-sequences. This shows that 41% of the total virus-specific TCR-repertoire contained PUB-I and PUB-HS CDR3β nucleotide-sequences. We investigated if these PUB-HS CDR3β AA-sequences were also present in individuals that did not contain the respective PUB-I CDR3β AA-sequences. PUB-HS CDR3β AA-sequences were present for 21 out of 29 PUB-I CDR3β AA-sequences (Figure 3A; shaded orange bars). When we include the PUB-HS CDR3β AA-sequences and quantified the 29 PUB-I and PUB-HS CDR3β AA-sequences, these had a median prevalence of 50% among healthy individuals (range 23%-100%). The AdV-IE1LLD and EBV-LMP2ESE-specific T-cell populations, where PUB-I CDR3β AA-sequences were not found, did contain PUB-HS CDR3β AA-sequences in multiple individuals at high frequencies (43) (Supplementary Figure 5). The frequencies of PUB-I combined with PUB-HS CDR3β AA-sequences were relatively high within each virus-specific T-cell population of each individual (Figure 3B). The frequencies of all PUB-I and PUB-HS CDR3β AA-sequences ranged from 0.1%-99.4% within the 19 different virus-specific T-cell populations with a median of 13.1%. When combined, all but one PUB-I plus PUB-HS CDR3β AA-sequences were found in at least 25% of individuals and 3 were even found in over 75% of individuals. These data show that for many PUB-I CDR3β AA-sequences we found sequences that were similar (1, 2 or 3 AA-differences), making up more than 40% of the total virus-specific TCR-repertoire and together these sequences were found in the majority of individuals at high frequencies.



Identical and Highly-Similar CDR3β AA-Sequences Contain Conserved Regions in the Junctional Region

To investigate how the PUB-HS CDR3β AA-sequences related to the PUB-I CDR3β AA-sequences, we analyzed if the PUB-HS (1, 2 or 3 AA-differences) CDR3β AA-sequences showed variations at random positions or at specific positions compared to the PUB-I CDR3β AA-sequences. We hypothesized that if the binding/docking of PUB-HS TCRs was not significantly different, conserved regions and regions that allow for some variation could be identified in the CDR3β AA-sequences. As Illustrated in Figure 4A for the EBV-LMP2FLY-specific PUB-I CDR3β AA-sequence CASSYQGGNYGYTF, two motifs were identified with AA-differences predominantly located at positions 5 and 9/10 of the CDR3β-region. The AAs [QGG] at positions 6-8 were conserved for both motifs. In total, the two motifs consisted of 86 PUB-HS CDR3β AA-sequences with 1 or 2 AA-differences. The majority (n=71) had the same CDR3 length of 14 AAs as the PUB-I CDR3β AA-sequence, implying that variations were caused by AA-substitutions. The remaining 15 PUB-HS CDR3β AA-sequences had a CDR3 length of 15 AAs, due to AA-inserts, compared to the PUB-I CDR3β AA-sequence (Figure 4B). Similar rules were found for the other 20 PUB-I CDR3β AA-sequences. Also here, some AA-positions were highly conserved, whereas others were variable. However, the precise locations of the variable AAs differed between specificities (Representative examples; Figure 4C). Interestingly, the corresponding CDR3-alpha sequences of a few highly-frequent PUB-I and PUB-HS CDR3β-sequences were also identical or highly-similar between different individuals (Supplementary Table 4).




Figure 4 | PUB-HS CDR3β AA-sequences show conserved regions and regions with high variability. The levenshtein distance was calculated (i.e. substitution, deletions or insertions of AAs) between CDR3β AA-sequences that express the same TRBV/TRBJ-genes as the PUB-I CDR3β AA-sequence. PUB-HS CDR3β AA-sequences were included with 1, 2 and 3 AA-differences compared to the PUB-I CDR3β AA-sequence. Sequence logos generated using WebLogo (http://weblogo.berkeley.edu/logo.cgi) show the relative frequency of each AA at each given position. The junctional regions (AAs that do not align with the germline TRBV or TRBJ-gene) are shown within the dotted-line box. (A) The CDR3β AA-sequences specific for HLA-A*02:01-restricted EBV-LMP2FLY with a CDR3 length of 14 and 15 AAs were stacked and show conserved and variable regions in the CDR3β-region. (B) Shown are the CDR3 length distributions of CDR3β AA-sequences specific for EBV-LMP2FLY-expressing TRBV6-5/TRBJ1-2. (C) Shown are representative examples of PUB-HS (1, 2 or 3 AA differences) and PUB-I CDR3β AA-sequences that were stacked per specificity and TRBV/TRBJ-usage.



As a control, we assessed if these conserved motifs were predictive for the specificity when searching in our database of 2355 unique CDR3β AA-sequences. The requirement was that each motif should not be present in another specificity. We observed that some specificities contained motifs of only 3 or 4 AAs that were exclusive for that specificity and were not observed in any other specificity (Table 3). Altogether, these data show that the variations in the CDR3β AA-sequences were not random, but occurred at specific positions that resulted in conserved regions that were predictive for the specificities.


Table 3 | Conserved motifs that predict the specificity.





Computational Analysis Reveals Conserved Regions in CDR3β AA-Sequences Despite Using Different TRBJ-Genes

We hypothesized that if the conserved junctional region is a crucial part of the peptide-HLA binding, virus-specific TCR-repertoires could also contain CDR3β AA-sequences with the same conserved region, while allowing different TRBJ-gene usage, as long as the 3-dimensional conformation would allow this. Since the TRBJ-regions often differ by more than 3 AAs, we were not able to include these as PUB-HS CDR3β AA-sequences. Such PUB-HS CDR3β AA-sequences that use different TRBJ-genes might even further increase the prevalence of PUB-I and PUB-HS CDR3β AA-sequences in the virus-specific TCR-repertoire. To investigate this, we performed a computational analysis using the levenshtein-distances (AA-differences) between all different CDR3β AA-sequences. For four different specificities (EBV-LMP2FLY, EBV-EBNA3ARPP, AdV-E1ALLD, and AdV-HEXONTDL) we observed clustering of CDR3β AA-sequences that expressed the same TRBV-genes while using different TRBJ-genes. For example (Figure 5A), the HLA-A*02:01-restricted EBV-LMP2FLY-specific CD8pos T-cell repertoire contained 2 clusters within the cluster of TRBV6-5-expressing T cells (TRBV6-5/TRBJ1-2 and TRBV6-5/TRBJ2-1). The majority of CDR3β AA-sequences within the TRBJ1-2 cluster had a length of 14 AAs, while CDR3β AA-sequences from the TRBJ2-1 cluster had a length of 13 AAs (Figure 5B). Analysis of the junctional regions of the TRBV6-5/TRBJ1-2 and TRBV6-5/TRBJ2-1-encoded CDR3β AA-sequences revealed strong conservation of AAs [QGG] on positions 6-8, despite different TRBJ-usage and CDR3 lengths (Figure 5C). Similarly, the HLA-A*01:01-restricted AdV-HEXONTDL-specific CD8pos T-cell repertoire contained two large clusters of CDR3β AA-sequences, using TRBV20-1 or TRBV5-1 (Figure 5D), all with a CDR3 length of 13 AAs. The first cluster (TRBV20-1) contained sub-clusters of CDR3β AA-sequences using TRBJ1-1, TRBJ2-3 or TRBJ2-7 and the second cluster (TRBV5-1) contained CDR3β AA-sequences using TRBJ2-1 or TRBJ2-7. AdV-HEXONTDL-specific CDR3β AA-sequences expressing TRBV20-1 revealed strong conservation of AAs [PGQG] on positions 4-7, which fell outside the region encoded by TRBJ (Figure 5E). Additionally, AdV-HEXONTDL-specific CDR3β AA-sequences expressing TRBV5-1 revealed strong conservation of AAs [N:D] on positions 4 and 7, despite different TRBJ-usage. These examples illustrate that virus-specific TCR-repertoires can have conserved CDR3β-regions, while using different TRBJ-genes, allowing substantial variability at specific positions encoded by the TRBJ-region. This will further increase the prevalence of PUB-I and PUB-HS CDR3β AA-sequences in the total virus-specific TCR-repertoire.




Figure 5 | Computation analysis reveals clustering of PUB-HS CDR3β AA-sequences that contained conserved regions in the CDR3β-region. Computational analysis was performed using the levenshtein distance (differences in AAs) between CDR3β AA-sequences of one specificity. CDR3β AA-sequences were plotted and colored according to the top 8 most frequent TRBV-genes and were clustered and linked by a line if they were similar, with a number (levenshtein distance of 1, 2 or 3) representing the differences in AAs. PUB-I CDR3β AA-sequences were plotted as a pie-chart, whereby the size and number of slices indicate in how many individuals this CDR3β AA-sequence was present. Sequence logos generated using WebLogo (http://weblogo.berkeley.edu/logo.cgi) show the relative frequency of each AA at each given position. The junctional region (AAs that do not align with the germline TRBV or TRBJ-gene) are shown within the box with the dotted-line (A) Shown is a representative example of a virus-specific CD8pos T-cell population, specific for EBV-LMP2FLY with overlapping clusters of sequences that express different TRBJ-genes, while expressing the same TRBV-gene. (B) The lengths of the CDR3β-regions of the two clusters of EBV-LMP2FLY-specific CDR3β-sequences are shown. Varying lengths of the CDR3β-region within a cluster would suggest deletions or insertions, whereby the same length would indicate AA substitutions. (C) Shown are the sequence motifs of the two EBV-LMP2FLY-specific clusters. (D) Shown is a second representative example of a virus-specific CD8pos T-cell population, specific for AdV-HEXONTDL, with overlapping clusters of sequences that express different TRBJ-genes, while expressing the same TRBV-gene. (E) Shown are the sequence motifs of the TRBV20-1 and TRBV5-1-expressing EBV-HEXONTDL-specific clusters.





Individuals With Heterozygous HLA Backgrounds Contain the Same Shared Identical and Highly-Similar CDR3β AA-Sequences

To determine whether the magnitude of PUB-I and PUB-HS CDR3β AA-sequences was particular for our cohort of individuals with a homozygous HLA background, we investigated if the same phenomenon was also present in individuals with a heterogeneous HLA background. We performed the same analyses on virus-specific CD8pos T-cell populations targeting 11 different viral epitopes that were generated and used in the context of a clinical study (20). A total of 1157 CDR3β nucleotide-sequences could be correctly annotated. In total, 695 (61%) nucleotide-sequences resulted in unique CDR3β AA-sequences, that were only found in one individual, and 462 nucleotide-sequences (39%) resulted in 89 different PUB-I CDR3β AA-sequences. From the 695 unique CDR3β AA-sequences, 134 PUB-HS CDR3β nucleotide-sequences were present that differed by 1, 2 or 3 AAs from one of the 89 PUB-I CDR3β AA-sequences. This shows again that also in this cohort a large part (51%) of the total virus-specific TCR-repertoire contained PUB-I and PUB-HS CDR3β nucleotide-sequences. Because the targeted viral epitopes were not fully identical in both cohorts, we could investigate the prevalence of 20 out of 29 PUB-I CDR3β AA-sequences in this cohort. In total, 17 out of 20 CDR3β AA-sequences that were previously identified, could also be identified in this independent cohort. When we included the PUB-HS CDR3β AA-sequences and quantified the 17 PUB-I and PUB-HS CDR3β AA-sequences, these sequences had a similar high prevalence of a median of 89% among healthy individuals (range 26-100%). (Figure 6A). These CDR3β AA-sequences were also present at high frequencies within each virus-specific T-cell population (Figure 6B). These data show that the same PUB-I or PUB-HS CDR3β AA-sequences are also present in virus-specific T cells isolated from an independent cohort of individuals with a heterogeneous HLA background with a similar prevalence among donors and frequency within donors.




Figure 6 | Individuals with a different HLA background from an independent database contain the same PUB-I and PUB-HS CDR3β AA-sequences. Virus-specific T-cell populations targeting 11 different viral-antigens, derived from an independent database, could be evaluated for the occurrence of PUB-I pr PUB-HS CDR3β AA-sequences. (A) Nine out of the 11 specificities contained the same PUB-I or PUB-HS CDR3β AA-sequences as in our database. The occurrence, shown as percentages among healthy donors, is shown per CDR3β AA-sequence. PUB-I sequences are shown in grey. PUB-HS CDR3β AA-sequences from other individuals with 1, 2 or 3 AA differences, were stacked on top of the already identified public-identical sequences. The total numbers of different T-cell populations (different donors) that contained the PUB-I or PUB-HS CDR3β-sequences are indicated at the inner-side of the y-axis. (B) Shown are the sum of frequencies of the PUB-I or PUB-HS CDR3β AA-sequences per donor. Each dot is one donor shown and the red-lines represent the medians with interquartile ranges. AA, amino-acid; Δ, difference(s); ND, Not detected.






Discussion

In this study, we quantitatively analyzed the magnitude, defined as prevalence within the population and frequencies within individuals, of public-identical (PUB-I) together with public-highly-similar (PUB-HS) TCRs in TCR-repertoires of CMV, EBV and AdV-specific CD8pos T-cell populations. In total, 2224 (71%) TCR-CDR3β nucleotide-sequences resulted in unique CDR3β AA-sequences, and 905 nucleotide-sequences (29%) resulted in 131 different PUB-I CDR3β AA-sequences that were found in two or more unrelated individuals. These PUB-I CDR3β AA-sequences were distributed over 19 out of 21 virus-specificities and contained 29 different PUB-I CDR3β AA-sequences that were often found in multiple individuals at high frequencies. The virus-specific T-cell populations additionally contained 12% PUB-HS CDR3β AA-sequences, which differed by 1, 2 or 3 AAs compared to the respective PUB-I CDR3β AA-sequences. PUB-HS CDR3β AA-sequences could be found in virus-specific T-cell populations of individuals who did not contain the PUB-I CDR3β AA-sequence as well as of individuals who already contained the PUB-I CDR3β AA-sequence. Analysis of the PUB-I and PUB-HS CDR3β AA-sequences revealed strong conservation of specific AA motifs in the junctional region together with variability of AAs at specific positions at the TRBV/TRBD- and/or TRBD/TRBJ-border regions. Positions with high variability were often adjacent to or even interspersed with the conserved motif. The conserved motifs that we identified were unique for each specificity, and could not be identified in any other specificity in our database. This makes it very likely that these motifs are important for binding of the TCRs to the peptide-HLA complexes. Combined, 41% of the total virus-specific TCR-repertoire consisted of PUB-I and PUB-HS CDR3β nucleotide-sequences. These findings were based on virus-specific T-cell populations derived from two homogeneous donor cohorts that homozygously expressed HLA-A*01:01/HLA-B*08:01 or HLA-A*02:01/HLA-B*07:02. However, we found similar high percentages (51%) of PUB-I and PUB-HS CDR3β nucleotide-sequences within virus-specific T-cell populations from healthy donors with heterogeneous HLA-backgrounds that were generated for a recent clinical study (20). These dominant PUB-I and PUB-HS TCRs probably are a reflection of the viral-antigen-specific T-cell responses that most optimally encountered the peptide-HLA complexes on the infected target cells and could be utilized for the design of future immunotherapy purposes including TCR-gene transfer strategies.

Various explanations have been suggested to underlie the development of public TCRs in T-cell responses targeting the same antigenic epitope (44). One was a high probability that these PUB-I sequences can be generated during V-D-J recombination (28, 45). Furthermore, various nucleotide-sequences can result in the same TCR AA-sequences that further increase the probability (46). Selection in vivo by optimal antigen-specific proliferation may result in a dominant antigen-specific memory T-cell population (47). These determinants may also lead to TCRs that are highly-similar to the PUB-I sequence, although they were often not included in the analyses of such public T-cell responses. It has been shown that conserved AAs in the CDR3 loop provide a structural framework that is required for the maintenance of the three dimensional TCR-structure (48). A similar structural framework between the PUB-I and PUB-HS sequences can thus lead to a conserved engagement with the peptide/HLA complex (49). Our rationale is that the PUB-I and PUB-HS sequences are part of the same public T-cell response when the same peptide-HLA complex is targeted, the same variable gene is expressed to have identical CDR1 and CDR2 regions and contains the same conserved AAs in the CDR3 loop. With this set of rules, we were able to quantitatively analyze the public T-cell responses and showed that T cells expressing PUB-I TCRs together with T cells that express PUB-HS TCRs made up at least 41% of the total TCR-repertoire. To assess the role of the alpha chains in PUB-I and PUB-HS TCRs, we identified the CDR3α sequence usage of a selection of virus-specific T-cell populations that contained shared TCRβ sequences and the corresponding CDR3α sequences all showed to be identical or highly similar between individuals. However, the high percentages of shared TCR-sequences contradict the findings observed by Madi et al. (50), where they performed immunization in mice with foreign ovalbumin (OVA)-derived peptide that resulted in dominant private TCR-repertoires and less public TCRs (51). Since virus-specific memory T-cell repertoires in the circulation are shaped based on antigen encounter and subsequent proliferation, the PUB-I and PUB-HS TCR-sequences most likely reflect highly functional T cells capable antigen-driven proliferation. For latent viruses such as CMV, EBV and AdV, virus-specific T cells frequently encounter antigen during episodes of viral reactivation. The presence of PUB-I and PUB-HS TCR-sequences for these virus-specific T cells could be rather high due to this frequent antigen encounter. However, multiple reports also observed shared CDR3β sequences in T-cell populations specific for non-latent viruses such as Influenza, RSV, and SARS-CoV-2 (16, 17, 26), suggesting that this phenomenon is not unique for latent viruses, although the unexpected high magnitude of PUB-I and PUB-HS TCR-sequences that we observed can be unique for latent viruses.

These percentages of PUB-I and PUB-HS TCRs within these virus specific T-cell responses may still be an underestimation since the prerequisite of the identification of a PUB-HS TCR was similarity to a PUB-I TCR that was present in at least 2 individuals. Highly similar TCRs with only mutual similarities without identity in at least 2 individuals were not included as PUB-HS TCRs. Therefore, some of the unique TCRs within the virus-specific T-cell repertoire may also be part of a public T-cell response. This was indeed illustrated by the growing percentages of PUB-I and PUB-HS sequences when including more sampled sequences (51). Although it was suggested that HLA polymorphisms might be a confounding factor that affect the sharing of TCRs (50, 52), we showed that our validation cohort with different HLA-backgrounds revealed frequencies of the PUB-I and PUB-HS TCRs with at least a similar magnitude. Our approach involved a short ex vivo expansion of the isolated virus-specific T cells that might have created a bias towards the expansion of the presently identified PUB-I and PUB-HS TCRs, indicating that the actual numbers of PUB-I and PUB-HS in unmanipulated peripheral blood may have even been higher.

In conclusion, our findings demonstrate that a large part of the virus-specific TCR-repertoire contains PUB-I and PUB-HS TCRs at high frequencies in multiple different individuals. Because virus-specific memory T-cell repertoires in the circulation are shaped based on antigen encounter and subsequent proliferation, the PUB-I and PUB-HS TCR-sequences most likely reflect highly functional T cells capable of antigen-driven proliferation. Since it is plausible that the highly-similar TCRs with conserved motifs similarly dock to the peptide-HLA complex as the identical shared TCR-sequences, these PUB-I and PUB-HS sequences can be considered part of the same public T-cell response. Such public TCRs may then be utilized for diagnostic purposes or therapeutic benefit in TCR-gene transfer-based immunotherapy strategies to effectively control viral-reactivation in immuno-compromised patients.
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Intestinal parasitic nematodes affect a quarter of the world’s population, typically eliciting prominent effector Th2-driven host immune responses. As not all infected hosts develop protection against reinfection, our current understanding of nematode-induced memory Th2 responses remains limited. Here, we investigated the activation of memory Th2 cells and the mechanisms driving early recall responses to the enteric nematode Heligmosomoides polygyrus in mice. We show that nematode-cured mice harbor memory Th2 cells in lymphoid and non-lymphoid organs with distinct transcriptional profiles, expressing recirculation markers like CCR7 and CD62-L in the mesenteric lymph nodes (mLN), and costimulatory markers like Ox40, as well as tissue homing and activation markers like CCR2, CD69 and CD40L in the gut and peritoneal cavity (PEC). While memory Th2 cells persist systemically in both lymphoid and non-lymphoid tissues following cure of infection, peritoneal memory Th2 cells in particular displayed an initial prominent expansion and strong parasite-specific Th2 responses during early recall responses to a challenge nematode infection. This effect was paralleled by a significant influx of dendritic cells (DC) and eosinophils, both also appearing exclusively in the peritoneal cavity of reinfected mice. In addition, we show that within the peritoneal membrane lined by peritoneal mesothelial cells (PeM), the gene expression levels of cell adhesion markers VCAM-1 and ICAM-1 decrease significantly in response to a secondary infection. Overall, our findings indicate that the host peritoneal cavity in particular harbors prominent memory Th2 cells and appears to respond directly to H. polygyrus by an early recall response via differential regulation of cell adhesion markers, marking the peritoneal cavity an important site for host immune responses to an enteric pathogen.
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Introduction

Following antigen exposure during a primary infection, the host immune system typically initiates molecular and cellular processes of immunological memory, reliant on functional long-lived CD4+ or CD8+ memory T cells (1, 2). These memory T cells normally seed lymphoid and non-lymphoid tissues as either tissue-resident memory (TRM), recirculating effector memory (TEM) or central memory T cells (TCM). While TCM cells with a typical CD4+CD44+CD62-L+ phenotype primarily recirculate between blood and secondary lymphoid organs, CD4+CD44+CD62-L- TEM migrate between blood and non-lymphoid tissues. In contrast, CD4+CD44+CD62-L- TRM express various tissue homing and retention markers like CD49d, CD69 or CD103 and take up residence in mucosal barrier tissues (3, 4). Upon pathogen re-exposure, TRM cells are thus able to coordinate a faster, localized recall immune response to re-infection.

Humans typically develop only limited protective immunity against re-infection with parasitic nematodes, evidenced by commonly occurring re-infections in endemic areas (5, 6). Nevertheless, some evidence exists of the development of effective, albeit partial protective immunity against nematodes with age (7, 8). In both humans and animals, the signature effector responses to a primary nematode infection rely on Gata3+ effector Th2 cells, IgE and IgG antibody production, alternatively-activated macrophages (AAM) and suppressive Foxp3+ regulatory T cells (Treg) (9–12). We have shown that mice infected with the strictly intestinal nematode Heligmosomoides polygyrus harbor prominent tissue-resident memory Th2 cells in various locations, including the small intestinal lamina propria (siLP) and the peritoneal cavity (PEC) 8 weeks post-cure of infection (4). These cells secrete high levels of IL-4, IL-5 and IL-13 cytokines upon in vitro restimulation, while upon adoptive transfer they reduce female worm fecundity, indicative of a protective role (4). Functional memory Th2 cells also accumulate in the lung following infection with the tissue-migratory nematode Nippostrongylus brasiliensis in mice, conferring protection to re-infection in an IL-4- and eosinophil-dependent manner (13, 14). H. polygyrus-induced activated T cells in the lung are also associated with cross-protection to a N. brasiliensis challenge infection (15), highlighting the systemic distribution and cross-protective potential of memory T cells against unrelated nematodes (16).

In light of our previous findings on the presence of highly functional peritoneal memory Th2 cells in H. polygyrus-cured mice, the local mechanisms driving immune cell recruitment and activation in the peritoneal cavity during an otherwise strictly intestinal infection remain unclear. Thus, here we focused on characterizing the transcriptional profiles of nematode-induced peritoneal memory Th2 cells, their activation during early recall responses to H. polygyrus and local mechanisms in the peritoneal compartment potentially influencing immune cell recruitment and activation following cure and reinfection.



Results


Nematode-Cured Mice Harbor Long-Lived, Phenotypically Distinct CD4+ T Cells in Lymphoid and Non-Lymphoid Organs

Building on our previous work, here we assessed the persistence of memory Th2 cells in lymphoid and non-lymphoid organs up to 3 months (12 weeks) following the cure of a primary nematode infection (Figure 1A). We could show that H. polygyrus-cured mice harbor overall stable frequencies (Figures 1B, S1A) and absolute numbers (data not shown) of memory Th2 cells up to 3 months post-cure in the PEC and siLP at 8 and 12 weeks post-cure, and a trend for mildly elevated frequencies of memory Th2 cells in the mLN and lungs of mice by 12 weeks post-cure, possibly as a contribution of recirculating populations of memory Th2 cells at these tissue sites.




Figure 1 | Memory T cells persist long-term and display distinct transcriptional profiles in lymphoid versus non-lymphoid tissues following primary nematode infection. (A) Experimental set-up. Mice were infected via oral inoculation with 225 infective L3 H. polygyrus larvae and were cured of infection 14 days later via oral administration of 2 mg/mouse pyrantel pamoate anthelminthic on two consecutive days. The mice were then allowed to rest and were sacrificed 8- and 12-weeks post-cure. (B) Frequencies of memory Th2 cells in peritoneal cavity (PEC), small intestinal lamina propria (siLP), mesenteric lymph nodes (mLN) and lung of naïve and cured mice. (C) UMAP of single-cell RNA-seq data of sorted CD4+ T cells from PEC, siLP, mLN and lungs of mice sacrificed at 8 weeks post-cure. (D) Bar graph illustrating the five different clusters defined by hierarchical clustering of hyper-variable expressed genes in the single cell transcriptomes and the frequencies of cells from each tissue contributing to each cluster. (E) Heatmap representation of selected marker genes. The order of the columns derived from the hierarchical clustering of the hyper-variable expressed genes and the order of the rows was predefined by the authors. Different colours correspond to the scaled expression (Z-score) of each gene in each cell. The data in (B) are pooled from two independent experiments with n = 3-5 mice per group. Statistical analysis in (B) was done using one-way ANOVA combined with Tukey’s multiple comparison test. * p < 0.05, *** p < 0.001, n.s., not significant. For sorting of CD4+ T cells for RNA-seq analysis, two mice were infected and cured as described in (A). 8 weeks post-cure the mice were killed for single cell sorting.



To characterize the transcriptional profiles of nematode-induced memory T cells, next we performed single cell transcriptomics on sorted CD4+CD45.2- T cells from two H. polygyrus-cured mice at 8 weeks post-cure (Figures 1C–E and S1B, S2; Tables S1–3). CD4+ T cells sorted from PEC, siLP, mLN and lung at a purity of > 90% and displayed distinct clustering primarily based on their tissue origin (Figures 1C, D and S1B). Expectedly, mLN-sorted cells (cluster I) clustered more distinctly from CD4+ T cells sorted from non-lymphoid organs (cluster II-V), while clusters comprising high proportions of cells sorted from the same organ (e.g. clusters IV and V) related more closely to each other. Interestingly, for clusters II and III comprising predominantly PEC and siLP-sorted cells, respectively, we observed a shared transcriptional profile of peritoneal-resident and gut-resident CD4+ T cells (Figure 1D). We also found upregulated expression of several genes like Ccr7 (CCR7) and Sell (CD62-L) in mLN cells, markers typically associated with recirculating TCM cells (Figure 1E; Table S1). In contrast, Th2-associated genes like Gata3, Il4, Il5, Il13, costimulatory markers Icos, Tnfrsf4 (Ox40), Tnfrsf9 (CD137) and Tnfrsf18 (GITR), as well as genes like Cd69 and CD40l encoding tissue-homing and activation markers were differentially expressed in PEC, siLP and lung, consistent with the expected tissue-resident phenotype of memory cells in these tissues (Figure 1E and Table S1).

To better evaluate the heterogeneous transcriptional profile of peritoneal T cells in nematode-cured mice, we further analyzed the three smaller sub-clusters of peritoneal sorted CD4+ T cells (Figures 1C–E, S1B, S2). Here, marker genes of cluster 1 (PEC1) showed prominent over-representation in gene ontology (GO) terms like cell migration, cell-cell adhesion, interleukin-4 secretion and CD4-positive alpha-beta T cell differentiation, but no cellular response to interleukin-7, in line with the expected transcriptional profile of quiescent memory T cells. In contrast, over-representation of genes in cluster 3 (PEC3) can be found in GO terms like positive regulation of T cell mediated cytotoxicity, positive regulation of T-cell tolerance induction and regulation of T-cell anergy, rather indicative of a cluster of peritoneal regulatory T cells (Treg) (Figure S2). Thus, a diverse pool of memory Th2 cells could be identified in the peritoneal cavity 8 weeks after cure of infection.

Overall, our RNAseq analysis in H. polygyrus-cured mice revealed that, at 8 weeks following cure of a primary nematode infection, mice harbor both a circulating pool of central memory-type CD4+ cells in secondary lymph organs like the mLN, and CD4+ T cells with a tissue-resident, antigen-experienced Th2 phenotype. Moreover, distinct sub-clustering of PEC cells further highlights the presence of both memory Th2 and Treg-like populations, highlighting the accumulation of diverse CD4+ populations in the peritoneal cavity of nematode-cured mice.



Re-Infected Mice Display a Strong Th2 Recall Response to H. polygyrus

To better characterize the early memory Th2 recall responses to a secondary nematode infection, we infected and cured C57BL/6 mice of H. polygyrus (cured). 8 weeks post-cure, 8-12 of the cured mice were challenged with a secondary H. polygyrus infection and were analyzed 3 days post-challenge (reinfected, Figure 2A). One major novel finding here was the significant expansion of Gata3+CD44+CD62-L-Foxp3- memory Th2 cells observed in the peritoneal compartment only, but not in the siLP, mLN or lungs of reinfected mice (Figure 2B). Furthermore, the expanding population of peritoneal memory Th2 cells was strongly cytokine competent, evidenced by the significantly elevated numbers of IL-4, IL-5 and IL-13-producing memory Th2 cells detected in the PEC (Figures 2C, D). In contrast, a significant expansion of cytokine+ memory Th2 cells was not observed in the siLP, mLN or lung of reinfected mice 3 days post-challenge infection (Figures 2B, D and S3B–D). Interestingly, the marked increase in peritoneal IL-5+ Th2 cell numbers in the H. polygyrus-reinfected group was further paralleled by a significant influx of eosinophils into the peritoneal cavity, but not in other tissue sites, indicative of memory Th2-driven peritoneal eosinophilia (Figure S4). This finding was further emphasized by a lack of notable eosinophil infiltration into the peritoneal cavity of mice at 3 days post-primary infection (data not shown) and therefore confirms peritoneal eosinophilia as a particular feature of host recall responses to a secondary nematode infection. Thus, our results reveal the presence of a prominent Th2 recall response, localized specifically in the peritoneal cavity early following secondary H. polygyrus infection.




Figure 2 | The peritoneum harbours significant memory Th2 cell expansion and cytokine release following H. polygyrus challenge infection. (A) Experimental set-up. Briefly, mice were infected via oral inoculation with 225 infective L3 H. polygyrus larvae and were cured of infection 14 days later via oral administration of 2mg/mouse pyrantel pamoate anti-helminthic on two consecutive days. All the cured mice were then allowed to rest. 8 weeks post-cure (day 53), a number of cured mice received a challenge H. polygyrus infection (reinfected group) and were sacrificed 3 days post-challenge (day 56) alongside un-challenged cured mice (cured group) and naïve controls for further analysis. (B) Frequencies (top panel) and absolute cell numbers (bottom panel) of Gata3+CD4+CD44+CD62-L-Foxp3- memory Th2 cells in the peritoneal cavity (PEC), small intestinal lamina propria (siLP), mesenteric lymph nodes (mLN) and lungs of naïve, cured and reinfected mice. (C) Representative FACS plots showing cytokine+ PEC-resident memory Th2 cells following in vitro PMA/Ionomycin stimulation and corresponding unstimulated controls. (D) Frequencies (top panel) and absolute cell numbers (bottom panel) of IL-4+, IL-5+ and IL-13+ memory Th2 cells in the PEC of naïve, cured and reinfected mice. The data are pooled from two independent experiments with n = 3-5 mice per group. Statistical analysis was done using one-way ANOVA combined with Tukey’s multiple comparison test. * p < 0.05, ** p < 0.01, *** p < 0.001. n.s., not significant.





The Peritoneal Cavity Harbors Activated Parasite-Specific Ox40+ Memory Th2 Cells

Among the several upregulated costimulatory markers highlighted by the scRNA-seq analysis of non-lymphoid organs, including the PEC, was Ox40 (CD134) (Figure 1E and Table S1). Ox40 is an early inducible costimulatory molecule, normally promoting the survival and function of memory Th2 cells. Mice deficient for its only known ligand Ox40L (Ox40L-/- mice) show impaired adult worm expulsion, lower IL-4 production and parasite-specific IgE responses following a secondary H. polygyrus infection, highlighting Ox40-Ox40L interactions as key for host immunity to a challenge nematode infection (17). Here, we profiled the ex vivo Ox40 expression on memory Th2 cells, comparing our cured and reinfected groups as a measure of the early induction and reactivation of host T cell responses. We found that H. polygyrus induces a prominent expansion of Ox40+ memory Th2 cell numbers specifically in the PEC, but not in other organs, as early as 3 days post-challenge infection (Figure 3A). Furthermore, peritoneal Ox40+ memory Th2 cells expressed significantly higher levels of the activation marker CD69 compared with Ox40- memory Th2 cells, in line with the early inducible nature of Ox40 upon T-cell engagement with antigen-presenting cells (APCs) (Figure 3B).




Figure 3 | Parasite-specific Ox40+ memory Th2 cells and Ox40L+ DCs accumulate in the peritoneum during early recall responses to H. polygyrus. (A) Exemplary contour plots of Ox40 and Gata3 expression and absolute cell numbers of Ox40+Gata3+ memory Th2 cells in the PEC, siLP, mLN and lung of naïve, cured and reinfected mice. (B) Exemplary overlay plots and mean fluorescence intensity of CD69 expression by Ox40+Gata3+ (blue) and Ox40-Gata3+ (yellow) memory Th2 cells in the PEC of reinfected mice. (C) Schematic representation of the antigen-specific in vitro restimulation of whole PEC and mLN cells. (D) Exemplary plots of Ox40 and Gata3 expression by CD4+CD44+CD62-L-Foxp3- memory Th2 cells following a 72-hour in vitro restimulation with αCD3/CD28 monoclonal antibodies and H. polygyrus excretory/secretory antigen (HES) of whole PEC cells from naïve and cured mice. (E) Frequencies of Ox40+Gata3+ memory Th2 cells following antigen-specific in vitro restimulation. (F) IL-5 cytokine levels in cell culture supernatants following the in vitro restimulation of whole PEC cells. (G) Exemplary FACS plots and absolute cell numbers of peritoneal CD11c+MHC-II+CD45+ dendritic cells (DC) in a naïve, cured and reinfected mouse. (H) Mean fluorescence intensities (MFI) of Ox40L on DCs in PEC, siLP, mLN and lung of naïve, cured and reinfected mice. (I) Correlation analysis of Ox40L expression on PEC-resident DCs and Ox40 expression on PEC-resident memory Th2 cells. Statistical analysis in (A-C) was done using one-way ANOVA combined with Tukey’s multiple comparison test. Statistical analysis in (I) was performed using Pearson’s r test. * p < 0.05, ** p < 0.01, *** p < 0.001, n.s., not significant.



Next, we asked whether this early memory Th2 cell reactivation in the peritoneal cavity constitutes a parasite-specific recall response. For this, we restimulated whole PEC and mLN cells from naïve and cured mice in vitro with anti-CD3/CD28 antibodies or with H. polygyrus excretory-secretory products (HES, 10µg/mL) for 72h (3 days), matching the ex vivo end-point of secondary infection in the reinfected group (Figures 3C–F and S5). While HES failed to induce a detectable parasite-specific Ox40 expression in naïve mice, we observed a significant increase in Ox40 expression on PEC, but not mLN cells from cured mice (Figures 3E and S5A). This was paralleled by increased levels of HES-specific IL-5 release in restimulated samples from the PEC of cured mice (Figure 3F). In contrast, no significant parasite-specific IL-5 was detected in restimulated mLN cells (Figure S5B). These findings therefore clearly indicate that the murine peritoneal compartment specifically conditions an early parasite-specific memory Th2 recall response against an intestinal parasitic nematode.



Early Peritoneal Recall Responses to H. polygyrus Involve Ox40/Ox40L Interactions

To establish whether a corresponding increase in Ox40L expression on peritoneal APCs occurs during early recall responses to H. polygyrus, next we assessed the expression of Ox40L on CD11c+MHC-II+ dendritic cells (DCs) in the PEC, siLP, mLN and lungs of naïve, cured and reinfected mice (Figures 3G, H). DCs are a known source of Ox40L and provide key signaling for the priming and induction of both primary and memory Th2 cell responses (17, 18). Here, analysis of total CD11c+MHC-II+ DC numbers revealed a significant influx of DCs in the peritoneal compartment and to a lesser extent into the mLN of H. polygyrus-reinfected mice (Figure 3G). More importantly, however, a significant increase in Ox40L expression was only detectable on peritoneal DCs following secondary nematode infection (Figure 3H). A correlation analysis also revealed that the upregulated Ox40L expression on peritoneal DCs strongly correlates with the increased Ox40 expression on peritoneal memory Th2 cells (Figure 3I). Overall, these results therefore suggest that the murine peritoneal cavity is an early site of Ox40-Ox40L interactions between DCs and resident memory Th2 cells as early as 3 days post-challenge infection with H. polygyrus.



The Peritoneum Downregulates VCAM-1 and ICAM-1 Expression in Response to H. polygyrus

Considering the notable peritoneal localization of early host recall responses to secondary H. polygyrus infection shown here, next we aimed to decipher what mechanisms potentially drive this influx of immune cells into the peritoneal cavity of nematode-reinfected mice. The peritoneal membrane is typically lined by a layer of squamous peritoneal mesothelial (PeM) cells, expressing various cell adhesion and migration markers (19–21). Returning to our scRNAseq analysis, we found that compared with sorted gut CD4+ T cells, peritoneal T cells show elevated gene expression levels of cell adhesion-associated markers like Itgb2 (encodes lymphocyte function associated antigen-1 (LFA-1), which binds induced cell adhesion marker 1 (ICAM-1)), Ccr2 (encodes chemokine receptor 2 (CCR2), which binds monocyte chemoattractant proteins 1 and 3 (MCP-1/3)), Itga4 and Itgal (encode the integrin α4β1 (CD49d/CD29), which binds vascular cell adhesion marker 1 (VCAM-1)) (Figure 4A).




Figure 4 | Peritoneal mesothelial cells (PeM) express several cell adhesion markers consistent with the influx of immune cells during early recall responses to H. polygyrus into the peritoneum. (A) Differential gene expression levels of Itgb2, Ccr2, Itga4 and Itgal in sorted CD4+ T cells from the PEC in comparison with siLP-sorted cells, as quantified via scRNAseq (top) and a graphical legend of cell adhesion marker-ligand binding pairs (bottom). (B) Immunofluorescence staining of a peritoneal membrane snip from a naïve C57BL/6 mouse. DAPI nuclear staining is shown in blue and VCAM-1 staining in red. (C) Relative gene expression of Vcam1 and Icam1 in peritoneal membrane snips from naïve, cured and reinfected mice, against GAPDH as a housekeeping gene. (D) Absolute cell numbers of Gata3+CD4+CD44+CD62-L-Foxp3- Th2 cells in the PEC and mLN of H. polygyrus-reinfected mice at 3 and 14 days post-challenge infection. Quantification of secreted (E) cytokines and (F) chemokines in peritoneal exudates from naïve, cured and reinfected mice. The data are pooled from two to three independent experiments with n = 2-4 mice per group. Statistical analysis was done using one-way ANOVA combined with Tukey’s multiple comparison test. * p < 0.05, ** p < 0.01, *** p < 0.001. n.s., not significant.



Assessing the gene expression of Vcam1 and Icam1 on PeM cells via immunofluorescence microscopy and qPCR, we found that while in naive and cured mice there are stable gene expression levels of both Vcam1 and Icam1, reinfected mice display significantly lower expression of both genes (Figures 4B, C). In contrast, a similar downregulation of Vcam1 or Icam1 gene expression was not observed in mice killed at 3 days post-primary infection (data not shown). Next, to see whether these changes in Vcam1 and Icam1 expression potentially correlate with later shifts in host Th2 recall responses towards the site of infection in the gut, we also assessed the numbers of Th2 cells in both the PEC and the gut-draining mLN of mice at 14 days post-challenge infection (Figure 4D). Here, by day 14 post-challenge we found that while total numbers of Gata3+ Th2 cells in the PEC were no longer increasing, there was a contrasting significant increase in Th2 cell numbers in the mLN (Figure 4D). In summary, these findings indicate that while the host peritoneum maintains stable levels of cell adhesion marker expression of VCAM-1 and ICAM-1 under homeostasis and following cure of a primary infection, a H. polygyrus challenge induces a significant downregulation of gene expression levels of both markers, likely enabling immune cell influx out of the peritoneal compartment. In addition, the peritoneal cavity appears to prime and support only early host recall responses to a strictly intestinal pathogen, as by day 14 post-challenge we start observing stronger host Th2 responses in the gut-draining lymph nodes instead.

Considering the high gene expression levels of cell adhesion and chemokine receptors LFA-1, α4β1 and CCR2 found on peritoneal compared with intestinal CD4+ T cells (Figure 4A), we also quantified the amounts of secreted cytokines and chemokines in peritoneal exudates of naïve, cured and reinfected mice using a magnetic bead multiplex assay (Figure 4E). We detected expectedly elevated levels of Th2 cytokines like IL-4, IL-5, IL-6 and IL-13, in line with the marked reactivation and expansion of peritoneal memory Th2 cells shown earlier. One novel finding here was the markedly elevated levels of the APC-secreted immunomodulatory cytokine IL-27 in the peritoneal cavity of reinfected mice, fitting well with the observed influx of peritoneal DCs following H. polygyrus challenge (Figure 4E). Considering the known immunomodulatory functions of both IL-27 and nematode-derived molecules, we also checked whether HES/IL-27-mediated signaling potentially contributes to the observed downregulation of Vcam1 and Icam1 in the peritoneum of reinfected mice. For this, we performed an in vitro restimulation of whole peritoneal membrane snips with either the pro-inflammatory cytokine IFNγ, known to increase ICAM-1 and VCAM-1 expression on human pleural mesothelial cells (22), or with HES either in the presence or absence of IL-27. Here, while IFNγ restimulation induced an increase in gene expression of Icam1, but not Vcam1, HES and IL-27 did not significantly modulate neither Vcam1 nor Icam1 expression on murine PeM cells in vitro, indicating that alternative signaling mechanisms in the peritoneum regulate cell adhesion marker expression in response to a nematode infection (Figure S6). Finally, we found that reinfected mice displayed significantly elevated levels of several chemokines. including MCP-1/3 and the eosinophil-attracting chemokine Eotaxin (CCL11) (Figure 4F), fitting with the differential gene expression of CCR2 on peritoneal T cells and the marked peritoneal eosinophilia, respectively (Figure 4F).

In summary, we could show that within the murine peritoneal cavity, the peritoneal membrane lined by PeM cells expresses stable levels of cell adhesion markers VCAM-1 and ICAM-1 under steady state and following cure of a primary infection, and significantly downregulates the gene expression of both markers in response to a challenge nematode infection. In line with this finding, within our scRNA-seq data we also observe high differential gene expression of the binding molecules for both VCAM-1 (α4β1) and ICAM-1 (LFA-1) on peritoneal CD4+ T cells, therefore indicating that the notable recruitment and retention of memory Th2 cells in the peritoneal cavity of mice cured of a primary H. polygyrus infection is potentially cell adhesion marker-driven. Finally, we highlight the presence of significantly elevated levels of several APC-derived and signature Th2 cytokines, as well as chemokines associated with monocyte recruitment and activation in peritoneal exudates of reinfected mice, further highlighting the murine peritoneal compartment as a site of diverse immune cell recruitment, retention and reactivation in response to an otherwise strictly enteric pathogen.




Discussion

The formation, distribution and rapid recall abilities of memory T cells are crucial elements of immunological memory responses. Here, we focused on characterizing the early Th2 recall responses to a challenge infection with the small intestinal nematode H. polygyrus in mice. We could show that along with the siLP and the lung, the peritoneal cavity harbors a pool of CD4+ T cells with a typical tissue-resident memory transcriptional profile, including upregulated expression of costimulatory markers like Ox40 and tissue retention markers like CD69 (23, 24). As an early inducible marker, Ox40 normally promotes the survival and function of memory Th2 cells via positive regulation of anti-apoptotic proteins like Bcl-2 and Bcl-xl (25–27). Several studies have shown that Ox40/Ox40L signaling is critical for memory Th2 cell functionality during allergic airway inflammation in mice (27–29). For nematode infections, Ox40L-/- mice have been shown to exhibit impaired adult worm expulsion, and weaker IL-4 and IgE responses to secondary H. polygyrus infection, confirming Ox40/Ox40L interactions as important for efficient host recall responses to intestinal parasitic nematodes (17). Here, we highlight for the first time the host peritoneal cavity as a key site of parasite-specific upregulation of Ox40 expression on memory Th2 cells, paralleled by an influx of peritoneal Ox40L+ DCs as early as 3 days following a secondary infection with an otherwise strictly enteric nematode. Moreover, even though nematode infections are typically associated with eosinophil infiltration at the site of infection, we now demonstrate that a secondary H. polygyrus infection also induces a significant early eosinophil accumulation at distal sites such as the peritoneal cavity. This therefore further highlights a novel importance of the peritoneal compartment for priming and harboring early recall responses to infections with gut-restricted pathogens.

Under homeostasis, during infection or inflammation the cellular composition of the peritoneal cavity is typically regulated via the bidirectional migration of immune cells, a process reliant on chemokine receptors and cell adhesion markers (30–33). In our previous study, we found that the majority of memory Th2 cells from the peritoneal cavity of nematode-cured mice express the α4 integrin subunit (CD49d), while less than 10% of intestinal memory Th2 cells were CD49d+ (4). Importantly, via interactions with their complementary receptors α4β1 and LFA-1, the cell adhesion markers VCAM-1 and ICAM-1 have been shown to mediate mononuclear leukocyte infiltration, increase T cell and APC avidity and thus to modulate T cell activation and differentiation (34, 35). In line with previous findings (20) and expanding on our own work (4), here we can now show that the murine peritoneal membrane, lined by PeM cells, is a source of both VCAM-1 and ICAM-1 under homeostasis and following cure of a primary H. polygyrus infection, thus explaining the prominent recruitment and retention of tissue-resident CD49d+ memory Th2 cells in the peritoneal compartment, rather than the gut of nematode-cured mice.

Several studies have previously shown that human pleural mesothelial cells upregulate their ICAM-1 expression and serve as chemokine sources in response to bacterial infection, thus directly participating in the recruitment of monocytes and CD4+ T cells (22, 36, 37). In contrast, blocking ICAM-1 leads to lower CD4+ T cell activation in vitro (22) and to a significant reduction in monocyte transmigration in response to chemotactic stimuli (36). In light of this data, an additional new finding in our current study is that the murine peritoneum can directly respond to a challenge intestinal nematode infection by rather decreasing its gene expression levels of Vcam1 and Icam1 early during recall responses to H. polygyrus, likely enabling the immune cell efflux out of the peritoneal cavity. Furthermore, considering the initial expansion of peritoneal Th2 cells during early recall responses at 3 days post-challenge in the PEC only, and the contrasting later expansion of Gata3+ cells in the gut-draining lymph nodes by 14 days post-challenge infection, our findings therefore suggest that the host peritoneal compartment participates in and supports specifically early recall responses to the enteric parasite H. polygyrus. Considering the gut-restricted colonization of H. polygyrus, efficient control of this pathogen ultimately relies on strong host Th2 responses in the siLP and mLN, rather than in peripheral sites like the peritoneal cavity. The efflux of immune cell subsets like B cells out of the peritoneum requires the downregulation of integrin molecules, correlating with a corresponding increasing appearance of B cells in lymph nodes (33). Even though here we don’t show evidence of lower integrin expression on peritoneal-resident Th2 cells following H. polygyrus reinfection, we rather present evidence of significantly downregulated Vcam1 and Icam1 gene expression levels in the peritoneum of nematode-reinfected mice at 3 days post-challenge, coupled with increasing numbers of Th2 cells in the mLN by 14 days post-secondary infection. Our findings therefore support one potential new mechanism of immune cell recirculation via the peritoneum, where nematode-induced LFA-1 and CD49d-expressing CD4+ T cells take up residence in the host peritoneal cavity, attracted by the stable expression levels of ICAM-1 and VCAM-1 following the cure of a primary H. polygyrus infection. Upon nematode reinfection, the peritoneal membrane starts downregulating its cell adhesion marker expression to allow for immune cell efflux out of the peritoneum and towards the site of infection in the gut, complementing the already initiated de novo induction of Th2 effector cells expected in the mLN of reinfected mice.

Despite the upregulated levels of secreted chemokines like MCP-1/3 and Eotaxin in peritoneal exudates, we did not observe a corresponding elevated gene expression of either marker in the peritoneal membrane of reinfected mice 3 days post-challenge (data not shown). This therefore indicates that other immune cell subsets such as peritoneal macrophages, rather than PeM cells, serve as important chemokine sources, potentially complementing APC-driven immune cell reactivation.

Several studies in recent years have highlighted the APC-derived IL-27 as an immunomodulatory cytokine, capable of regulating Th1 cell differentiation (38), chemokine production in human bronchial epithelial cells (39), as well as mediating intestinal epithelial barrier function (40). IL-27 also appears to inhibit activation-induced cell death (AICD) of CD4+ T cells, sustaining their expansion upon activation (41). Similarly, IL-27 is reported to enhance eosinophil survival, migration and activation (42). The high concentrations of IL-27 in the peritoneal exudates are therefore in line with the strong expansion and parasite-specific reactivation of peritoneal Th2 cells, as well as with the prominent peritoneal eosinophil influx in H. polygyrus-reinfected mice and points to a role for IL-27 in T cell and granulocyte attraction and activation in the host peritoneal cavity during early recall responses to infection. Finally, H. polygyrus itself is also a potent immunomodulator and can regulate host immune responses via the release of a diverse cocktail of parasite-derived molecules (43–45). In the current study, we observed a significant increase of both DCs and secreted IL-27 levels in the peritoneal cavity of reinfected mice, but neither H. polygyrus-released products (HES), nor IL-27 induced a decrease in the cell adhesion markers VCAM-1 and ICAM-1 in vitro, possibly as a result of a lack of IL-27 receptor expression on murine PeM cell.

In summary, our study places a novel focus on the involvement of the host peritoneal cavity in driving the recruitment and reactivation of memory Th2 cells, DCs and eosinophils during early recall responses to a gut-restricted parasitic nematode. We could show that the peritoneal compartment of nematode-reinfected mice harbors notable numbers of parasite-specific, functional memory Th2 cells, as well as a significant influx of both DCs and eosinophils. Furthermore, we show for the first time that the murine peritoneum, typically lined by PeM cells, responds to an intestinal nematode infection by decreasing its gene expression of the cell adhesion markers VCAM-1 and ICAM-1 as early as 3 days post-challenge infection, despite otherwise stable expression of both markers following cure of a primary infection. We therefore highlight the host peritoneal compartment as an important player in the development of early Th2 recall immune responses to challenge infections with an enteric pathogen.



Materials and Methods


Mice and Nematode Infection

Wild-type female C57BL/6 mice (age 8-10 weeks) were purchased from Janvier Labs (Saint-Berthevin, France). All animals were maintained under specific pathogen-free (SPF) conditions and were fed standard chow ad libidum. H. polygyrus was maintained by serial passage in C57BL/6 mice (H0099/13). Mice were infected with 225 third-stage infective (L3) H. polygyrus larvae via oral gavage in 200µL drinking water. For cure of infection, mice were treated on two consecutive days during the acute stage of infection (day 14-15) with 2mg pyrantel pamoate (Sigma, St. Louis, MO, USA) in 200µL drinking water via oral gavage. On indicated days, mice were sedated via isofluorane inhalation, followed by cervical dislocation. The efficacy of curative treatment with pyrantel pamoate was confirmed at dissection by the lack of adult worms in the small intestine of cured mice. All animal experiments were performed in accordance with the National Animal Protection Guidelines and approved by the German Animal Ethics Committee for the Protection of Animals (LAGeSo, G0176/20).



Preparation of Single Cell Suspensions

The isolation of PEC, siLP and mLN was performed as previously described (4). For the isolation of lung cells, the chest cavity was opened via incision and the whole lung was perfused with 20mL ice-cold PBS via puncture to the heart using a 27G needle and syringe. Each lung was then removed and manually minced into small pieces. The minced tissue was then transferred to a 50mL falcon tube containing 10mL digestion medium (150µg/mL collagenase D and DNase I in PBS). The samples were incubated for 1 hour at 37°C under continuous shaking at 250rpm. Following the digestion step, the lung tissue was passed through a 70µm cell strainer into a fresh 50mL falcon tube. After erythrocyte lysis, the lung samples were washed and resuspended in cRPMI. All cell suspensions were counted using a CASY automated cell counter (Roche-Innovatis, Reutlingen, Germany).



CD4+ T Cell Sorting and Library Preparation

Cell suspensions from PEC, siLP, mLN and lung were obtained and counted as described above from two H. polygyrus-cured C57BL/6 mice at 8 weeks post-cure. Immediately prior to dissection, each mouse was injected intravenously with anti-mouse CD45.2-A700 (clone 104) to allow for the exclusion of any blood-derived cells in circulation. Each sample was stained with anti-mouse CD4-PerCP (clone RM4-5) and was sorted for live single CD4+CD45.2- T cells on a FACS Aria cell sorter (BD Biosciences, Heidelberg, Germany).

Capture and processing of single CD4+ T cells was performed using the Fluidigm C1 autoprep system. Sorted CD4+ T cells (50 cells/µl) were mixed with (ratio 6/4) C1 Cell Suspension Reagent (Fluidigm) and subsequently loaded onto a 5-10-μm-diameter C1 Integrated Fluidic Circuit (IFC; Fluidigm From the nine chips used, we captured 517 single cells (59.8%). ERCC (External RNA Controls Consortium) spike-in RNAs (Ambion, Life Technologies) were added to the lysis mix. Reverse transcription and cDNA preamplification were performed using the SMARTer Ultra Low RNA kit (Clontech). Sequencing libraries were prepared using Nextera XT DNA Sample Preparation kit with 96 indices (Illumina), according to the protocol supplied by Fluidigm. Size distribution in final libraries was analyzed by Bioanalyzer High Sensitivity DNA assay (Agilent) and library concentrations were quantified by Qubit High Sensitivity DNA assay (ThermoFisher). A total of 384 libraries were pooled equimolar and sequenced on an Illumina HiSeq 1500 system in rapid mode v1 by a paired-end dual-indexing run with 2x 125 cycle reads. Subsequently, the generation and trimming of fastq files was performed followed by alignment of the reads to mm10 mouse genome version.

Quality control of the raw fastq files was done with FastQC (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/). Trimming of the raw reads was done with Trimmomatic v0.36, with the following filters and settings in this order: Nextera adaptors, ILLUMINACLIP:${ADAPTER}:2:30:10 (adapter trimming), LEADING:3 (5’ Trimming phred<3), TRAILING:3 (3’ Trimming phred<3), SLIDINGWINDOW:3:20 (mean phred score in sliding window size 3 had to be at least 20), MINLEN:36 (discard reads shorter than 36bp) (46).



RNA Sequencing and Data Analysis

Single cell RNA-Seq data were analyzed using R and the indicated R-packages. At first, counts per gene were calculated from the bam files by adding all counts mapped to the region of a corresponding gene (Rsamtools) (47). Quality control of the count data was performed with the R-package scater (48, 49). Cells with low library size, low numbers of features or a high number of mitochondrial sequences were filtered out using the quickPerCellQC function. Features (genes) without any count in all remaining cells were removed from the dataset and count data were normalized and log2-transformed after adding a pseudocount to each value. Variances in the expression profile of each gene were modelled based on a fitted mean-variance trend (scran - modelGeneVar) (50), decomposing it into technical and biological components. Hypervariable expressed genes were identified by applying a threshold of 4 for the variances of the biological component. 500 genes with the highest biological variances were selected for dimension reduction using the UMAP algorithm (scater) (48). In order to further stratify the dataset to genes driving systemic substructures and to remove noise, pairwise correlations between all genes were calculated (scran - correlatePairs) (50). P-values were adjusted for multiple testing by calculating the false discovery rates and significant genes were selected by a fdr below 0.05. These genes were used in a hierarchical clustering with euclidean distances and ward.D2 linkage (R - inbuilt dist and hclust function) (49). Five clusters were defined by the cutTreeDynamic function (dynamicTreeCut) (51). The dendrogram information (order of the columns), as well as the cluster definitions were used in the heatmap representation of pre-selected genes (heatmap3) (52).

Differential expression of genes between PEC and other tissues were determined by fitting negative binomial generalized linear models combined with likelihood ratio tests (edgeR - glmFIT and glmLRT) (53). Ranks were determined for each comparison and the whole set was ordered according to the minimal rank of each gene.

Marker genes for the three PEC clusters were determined by combined pairwise comparisons (t-Tests) using the findMarkers function of the scran package. Significant genes were selected by a combined p-value below 0.05. Functional annotation and overrepresentation analysis of these gene sets was done by DAVID using the R package “RDAVIDWebService” (54). Comparison of functional aspects between the three PEC clusters was done using the R-package “clusterProfiler” (55). Results for the biological branch of the gene ontology system were further processed. GO terms with overrepresentation in all PEC clusters were removed to focus for the differences. Each term was mapped (if possible) to the significant most specific (child) term. 15 top-ranking terms from this processed set for each PEC cluster were then compared in a dotplot.



Flow Cytometry

The antibodies used for the detection of surface and intracellular markers are described in Table S4. Dead cells were excluded using eFluor780 or eF560 fixable viability dye (Thermo Fisher, Waltham, USA). For intracellular staining of cytokines and transcription factors, cells were fixed and permeabilized using the Fixation/Permeabilization kit and Permeabilization buffer from ThermoFisher/eBioscience. Samples were analyzed on a Canto II flow cytometer and on an Aria cell sorter (BD Biosciences, Heidelberg, Germany). The data was analyzed using FlowJo software Version 10 (Tree star Inc., Ashland, OR, USA). The data for naïve, cured (8wpc and 12wpc) and reinfected mice presented in this study are pooled from two independent experiments with 3-5 mice per group in each experiment.



Cell Culture and In Vitro Re-Stimulation

For the analysis of parasite-specific Ox40 expression and IL-5 secretion, 5x105 whole PEC or mLN cells were plated out per well in a round-bottom 96-well cell culture plate in a final volume of 200µL RPMI medium, containing 10% FCS, 100U/mL penicillin and 100µg/mL streptomycin (all from PAA, Pasching, Austria). The cells were stimulated with either anti-CD3/CD28 antibodies (1µg/mL) or H. polygyrus excretory-secretory (HES) antigen (10µg/mL). The cells were then incubated for 72 hours at 37°C and 5% CO2. After 72 hours, the cell pellets were collected and stained for flow cytometric analysis, as described above, while the culture supernatants were collected and used for quantifying IL-5 secretion via ELISA, as described below. The data presented for this assay are pooled from two independent experiments with 2-4 mice per group in each experiment.



Quantification of Parasite-Specific IL-5 Production In Vitro

Parasite-specific IL-5 production of restimulated PEC and mLN cells was measured via sandwich ELISA using the Mouse IL-5 Uncoated ELISA kit as per the manufacturer’s instructions (Invitrogen). Absorbance was measured on a Biotek Synergy H1 Hybrid Reader at a 450nm wavelength.



Eosinophil Peroxidase Quantification in Serum

Eosinophil peroxidase (EPO) levels in blood serum were quantified using the Mouse Eosinophil Peroxidase (EPX) ELISA Kit as per the manufacturer’s instructions (DLdevelop, Jiangsu, PRC). Serum samples were diluted 1:5 in Diluent Buffer and were added to the plate with serially diluted standards. Absorbance was measured on a Biotek Synergy H1 Hybrid Reader at a 450nm wavelength. The data presented for this assay are pooled from two independent experiments with 3-5 mice per group in each experiment.



Immunohistochemistry

Sections were cut from formalin-fixed and paraffin-embedded tissues, dewaxed and subjected to a heat-induced epitope-retrieval step. For immunofluorescence, endogenous peroxidase was blocked (Dako REAL Peroxidase-Blocking Solution, Agilent, Santa Clara, CA, U.S.) and sections were incubated with anti-VCAM-1 (clone EPR5047, Abcam, Cambridge, U.K.). For detection, the EnVision+ Single Reagent (HRP. Rabbit, Agilent) and the Opal 570 reagent (Akoya Biosciences, MA, U.S.) were used. Nuclei were stained with DAPI (Sigma-Aldrich Chemie GmbH, Munich, Germany) and slides were cover-slipped in Fluoromount G (Southern Biotech, Birmingham, AL, U.S.). Stained sections were analyzed in a blinded manner using an AxioImager Z1 microscope (Carl Zeiss Microscopy Deutschland GmbH, Oberkochen, Germany). The immunohistochemistry data shown here are representative of two independent experiments with 2-4 mice per group in each experiment.



Quantitative Real-Time PCR (qPCR)

At necropsy, 1cm2 tissue snips of peritoneal membrane were excised, flash-frozen in liquid nitrogen and were stored at -80°C. RNA was isolated using the Monarch Total RNA Miniprep kit (New England BioLabs, MA, USA) according to the manufacturer’s instructions. 2μg of RNA was then reverse-transcribed to cDNA using the High-Capacity RNA-to-cDNA kit (Applied Biosystems, Foster City, CA, USA). Relative gene expression was determined via quantitative real-time PCR (qPCR) using 10 ng of cDNA and FastStart Universal SYBR Green Master Mix (Roche). Primer pairs are described in Table S5. Efficiencies for each primer pair were determined by generating a standard curve. mRNA expression was normalized to the housekeeping gene glyceraldehyde 3-phosphate dehydrogenase (GAPDH) and was calculated by the Roche Light Cycler 480 software. The qPCR data are pooled from three independent experiments with 2-4 mice per group in each experiment.



Magnetic Bead Immunoassay and Peritoneal Analyte Quantification

At necropsy, 1mL of PBS buffer was carefully injected and retracted from the cavity of naïve, cured and reinfected mice using a 20G needle and syringe. These peritoneal exudate samples were then centrifuged, the supernatants were collected and stored at -20°C for performing a multiplex sandwich ELISA-based Luminex immunoassay using the Mouse Cytokine & Chemokine 26-plex ProcartaPlex kit as per the manufacturer’s instructions. The results were read using a Luminex MagPix machine. The data presented for this assay are pooled from two independent experiments with 3-4 mice per group in each experiment.



In Vitro PeM cell restimulation

For the in vitro restimulation of murine PeM cells, snips from naïve C57BL/6 mice were carefully excised and were plated out in 200µL cRPMI medium in 96-well plates (one snip per well). Snips from each mouse were then either left unstimulated as a negative control or were incubated with IFNγ (10ng/mL), HES (10µg/mL) or HES and IL-27 (10µg/mL + 50ng/mL, respectively) for 24h at 37°C, 5% CO2. After the 24h incubation, the snips were then snap frozen and stored at -80°C for later RNA extraction, reverse transcription and qPCR analysis of Vcam1 and Icam1 gene expression levels as described above. The data presented for this assay are pooled from two independent experiments with 2-4 mice per group in each experiment.



Statistical Analysis

Statistical analysis of FACS data was performed using GraphPad Prism software version 9.0.1 (La Jolla, CA, USA). Results are displayed as mean ± SD and significance is displayed as *p<0.05, **p<0.01, ***p<0.001. Results were tested for normal distribution using the Shapiro-Wilk normality tests, followed by ANOVA or Kruskal-Wallis combined with Tukey’s or Dunn’s multiple comparison testing.
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Under steady-state conditions, conventional CD4+ T lymphocytes are classically divided into naïve (CD44lo CD62Lhi) and memory (CD44hi CD62Llo) cell compartments. While the latter population is presumed to comprise a mixture of distinct subpopulations of explicit foreign antigen (Ag)-specific “authentic” memory and foreign Ag-independent memory-phenotype (MP) cells, phenotypic markers differentially expressed in these two cell types have yet to be identified. Moreover, while MP cells themselves have been previously described as heterogeneous, it is unknown whether they consist of distinct subsets defined by marker expression. In this study, we demonstrate using combined single-cell RNA sequencing and flow cytometric approaches that self-driven MP CD4+ T lymphocytes are divided into CD127hi Sca1lo, CD127hi Sca1hi, CD127lo Sca1hi, and CD127lo Sca1lo subpopulations that are Bcl2lo, while foreign Ag-specific memory cells are CD127hi Sca1hi Bcl2hi. We further show that among the four MP subsets, CD127hi Sca1hi lymphocytes represent the most mature and cell division-experienced subpopulation derived from peripheral naïve precursors. Finally, we provide evidence arguing that this MP subpopulation exerts the highest responsiveness to Th1-differentiating cytokines and can induce colitis. Together, our findings define MP CD4+ T lymphocytes as a unique, self-driven population consisting of distinct subsets that differ from conventional foreign Ag-specific memory cells in marker expression and establish functional relevance for the mature subset of CD127hi Sca1hi MP cells.




Keywords: CD4+ T lymphocytes, memory, homeostasis, innate immunity, phenotypic analysis



Introduction

Conventional CD4+ T lymphocytes are classically divided into two main compartments in the steady state: naïve (CD44lo CD62Lhi) and memory (CD44hi CD62Llo) cells. The latter cell population is thought to comprise a mixture of “authentic” memory cells derived from naïve T lymphocytes responding to explicit stimulation with foreign antigens (Ags), together with cells of a similar phenotype that are formed from naïve precursors independently of foreign Ag recognition (1–3). While the function of these foreign Ag-independent “memory-phenotype (MP)” T cells is not fully understood, we have recently shown that they are able to exert innate immune function. Thus, MP CD4+ T cells can contribute to host defense against Toxoplasma infection by producing IFN-γ in response to IL-12 in the absence of Ag recognition (4, 5). Based on these findings, we proposed that together with their CD8+ counterparts [referred to as virtual memory (TVM) cells], CD4+ MP T cells are participants in the lymphocyte-mediated innate immunity known to be provided by natural killer (NK) and innate lymphoid cells as well as unconventional T lymphocytes such as NKT and mucosal-associated invariant T cells (6–10).

Because of the abovementioned phenotypic similarities between CD4+ MP and foreign Ag-specific memory cells, MP T lymphocytes were initially presumed to represent memory cells specific for foreign Ags derived from commensal microflora and/or food (1–3). Moreover, while previous studies attempted to define signals that are essential for the maintenance and survival of MP cells (11–13), most of the findings on the properties of these cells have proven to be equally applicable to foreign Ag-specific memory cells (12, 14, 15). Hence, the question of whether MP cells do indeed represent a phenotypically distinct cell population has remained unclear.

Nonetheless, there is accumulating evidence suggesting that MP and foreign Ag-specific memory cells arise from different developmental pathways. Traditionally, the generation of CD4+ MP cells was studied using lymphopenic animals such as irradiated or gene-manipulated mice (16–20). When naïve T lymphocytes are transferred to such animals, a few clones can generate robust proliferative responses as a result of homeostatic proliferation and acquire a memory phenotype even in the absence of explicit foreign Ag recognition. More recently, we showed that this homeostatic expansion can be driven in physiologic, lymphoreplete conditions as well (4). Thus, when transferred to lymphosufficient hosts, some naïve cells proliferate to generate a CD44hi CD62Llo phenotype in an Ag-recognition- and CD28-dependent fashion. Because these MP cells are equally present in unimmunized specific pathogen-free (SPF) and germ-free (GF) mice (4), self Ags are thought to be the major stimulus for their steady-state development as opposed to foreign Ags that induce conventional memory T lymphocytes. Moreover, once generated, MP cells further differentiate into an innate T-bet+ subset in the presence of IL-12 tonically produced by type 1 dendritic cells (5). Because this cytokine production occurs in the absence of foreign agonist-derived stimuli, T-bet+ MP differentiation is considered to be a self-dependent process, unlike conventional Th1 development where foreign agonist-induced IL-12 plays a critical role (21).

In addition to being expanded by different agonists, MP and foreign Ag-specific memory T cells are known to be maintained differently once generated. Thus, in a lymphopenic environment, MP cells display two different types of homeostatic proliferation referred to as slow and fast cell division, while foreign Ag-specific memory T lymphocytes exhibit a homogeneous mild rate of proliferation (12). This suggests the involvement of distinct mechanisms for MP maintenance. Under more physiologic, lymphosufficient conditions, foreign Ag-specific memory T lymphocytes are known to be quiescent (15, 22). By contrast, more than 30% of MP cells are in the cell cycle at any given time point during homeostasis (22), and during a 4-week period, ~60% have divided at least once (23). These observations suggest that MP T lymphocytes in the steady state are maintained as two different (rapidly expanding and more quiescent) subpopulations in contrast to foreign Ag-specific memory cells that divide infrequently, again supporting the concept that MP cells are qualitatively distinct.

In the present study, we have employed transcriptomic and phenotypic analyses to address the unresolved issue of whether MP and foreign Ag-specific memory CD4+ T lymphocytes are distinguishable from each other. Our data identify CD127, Sca1, and Bcl2 as key markers differentially expressed in these two cell populations and demonstrate the use of these markers in defining a previously unappreciated functional heterogeneity within the MP population.



Results


Memory-Phenotype CD4+ T Lymphocytes Consist of Four Subpopulations Based on CD127 and Sca1 Expression, While Foreign Antigen-Specific Memory Cells Are All CD127hi Sca1hi

In the case of CD8+ T lymphocytes, the population of CD44hi CD62Llo but not CD44hi CD62Lhi cells expands in response to immunization with foreign Ags (24). Indeed, the former cell compartment is large in feral mice while small in animals housed under SPF conditions (25). As a first step in comparing MP CD4+ T lymphocytes with foreign Ag-driven memory cells, we wished to determine if a similar foreign Ag-driven expansion of the CD44hi CD62Llo population occurs in CD4+ T cells as well. To do so, we infected SPF C57BL/6 mice with lymphocytic choriomeningitis virus (LCMV) Armstrong and waited for 6 weeks to generate foreign Ag-specific memory cells defined by tetramer staining. The CD44hi CD62Llo but not CD44hi CD62Lhi CD4+ T-cell fraction was found to be significantly larger in infected versus uninfected control animals, while the naïve (CD44lo CD62Lhi) cell compartment if anything was decreased in size (Figure 1A). As expected, viral Ag GP66-specific as well as NP309-specific memory CD4+ T cells were detected exclusively in the infected CD44hi CD62Llo cell population (Figures 1B, Figure S1A). These findings suggested that the CD44hi CD62Llo CD4+ T-cell population seen in infected animals represents a mixture of preexisting MP cells and LCMV-driven foreign Ag-specific memory cells.




Figure 1 | CD44hi CD62Llo CD4+ T lymphocytes represent a mixture of memory-phenotype (MP) and foreign antigen (Ag)-specific memory cells. (A, B) CD44hi CD62Llo CD4+ T-cell population size is larger in lymphocytic choriomeningitis virus (LCMV)-infected versus uninfected mice because of the presence of foreign Ag-specific memory cells. (A) The representative dot plots show CD44 and CD62L expression in Foxp3neg CD4+ T lymphocytes from uninfected and infected animals, while the bar graphs indicate the number (mean ± SD) of CD44hi CD62Llo, CD44hi CD62Lhi, and CD44lo CD62Lhi (naïve) cells in the same T-cell population (n = 5 mice). (B) Dot plots displaying GP66-tetramer binding in CD44hi CD62Llo CD4+ T lymphocytes from each group as well as a bar graph indicating the number (mean ± SD) of GP66-tetramer+ cells in the indicated cell populations are shown (n = 5 mice). Data are representative of 3 independent experiments performed. (C, D) Comparison of MP versus foreign Ag-specific memory T lymphocytes by single-cell RNA sequencing (scRNAseq) analysis. (C) The plot displays single cells determined by the Uniform Manifold Approximation and Projection (UMAP) algorithm. Each dot represents a cell. (D) The violin plots show relative expression of genes from the indicated signatures across populations. The gene list for each signature is provided in Materials and Methods and Table S1. (E, F) Ki67 expression is high and low in MP and foreign Ag-specific memory cells, respectively. The histograms display Ki67 expression in the indicated cell populations, while the bar graphs indicate the frequency (mean ± SD) of Ki67+ cells among each population (n = 3 mice). Data shown are representative of 3 independent experiments performed. (G, H) MP cells consist of CD127hi Sca1lo, CD127hi Sca1hi, CD127lo Sca1hi, and CD127lo Sca1lo subpopulations, while foreign Ag-specific memory cells are all CD127hi Sca1hi. Representative dot plots display CD127 and Sca1 expression in the indicated cell populations, while the bar graphs show (G) the number (mean ± SD) and (H) the frequency (mean ± SD) of each cell subpopulation (n = 5 mice). Data are representative of 2 independent experiments. (I, J) Ki67 levels are the lowest in the CD127hi Sca1hi cell subpopulation in both infected and uninfected mice. Bar graphs depicting the frequency (mean ± SD) of Ki67+ cells among the indicated cell subsets from (I) infected and (J) uninfected animals are shown (n = 3 mice). Representative histograms displaying Ki67 expression are also included. Data are representative of 2 independent experiments. Statistically significant differences are indicated as *p < 0.05, **p < 0.01, ***p < 0.001.



To search for markers that are differently expressed in MP and foreign Ag-specific memory T lymphocytes, we compared the CD44hi CD62Llo cell population preexisting in the SPF environment with GP66-specific memory cells in infected mice by means of single-cell RNA sequencing (scRNAseq). Uniform Manifold Approximation and Projection (UMAP) analysis revealed that these two populations are transcriptomically distinct (Figure 1C), and subsequent scoring analysis indicated that expression of genes encoding positive regulators in the cell cycle (26) was higher in MP versus foreign Ag-specific memory cells, while the opposite was true for negative regulators (Figure 1D). Consistent with this finding, the uninfected CD44hi CD62Llo cell population displayed significantly higher Ki67 expression than did its counterpart in infected mice (Figure 1E), and closer analysis of the latter cell population revealed that GP66-specific memory cells are almost all Ki67neg (Figure 1F). The above observations are in agreement with previous findings demonstrating that MP cells are rapidly proliferating while foreign Ag-specific memory cells are quiescent (22) and confirm the scRNAseq data shown in Figure 1C. Our data also support the hypothesis that the CD44hi CD62Llo CD4+ T-cell population is flexible in size, with CD44hi CD62Llo cells from infected mice, and especially their tetramerneg subpopulation, representing a mixture of MP and foreign Ag-specific memory T lymphocytes since their Ki67+ fraction was intermediate in magnitude between those observed in uninfected CD44hi CD62Llo and infected foreign Ag-specific memory cells (as defined by GP66-tetramer staining) (Figures 1E, F).

Through further scoring analysis of the above scRNAseq data, we found that the expression of genes associated with memory T-cell formation (27) was significantly lower in the MP compared to the foreign Ag-specific memory compartment (Figure 1D). Because CD127 (IL-7 receptor α chain) and Sca1 (also referred to as Ly6a) are known to be expressed on foreign Ag-specific memory T lymphocytes (12, 28–30), we next compared their expression on CD4+ T cells in uninfected versus infected animals. MP (and minor population of CD44hi CD62Lhi) cells in uninfected mice were found to consist of CD127hi Sca1lo, CD127hi Sca1hi, CD127lo Sca1hi, and CD127lo Sca1lo subsets, while naïve cells were largely CD127hi Sca1lo (Figures 1G, S2A). In CD44hi CD62Llo cells, the CD127hi Sca1hi but no other subpopulations increased in size in infected CD4+ T lymphocytes (Figure 1G). These results suggested that in comparison with heterogeneous MP cells, foreign Ag-specific memory cells are CD127hi Sca1hi. Consistent with this hypothesis, GP66- as well as NP309-tetramer+ memory cells were essentially all CD127hi Sca1hi, while the tetramerneg cells that presumably represent a mixture of MP and foreign Ag-specific memory populations as described above contained a frequency of CD127hi Sca1hi cells intermediate between that in uninfected MP and tetramer+ memory cells (Figures 1H, S1B). Furthermore, in CD44hi CD62Llo CD4+ T lymphocytes, the CD127hi Sca1hi subset had the lowest Ki67 expression in both infected and uninfected mice (Figures 1I, J). Together, these data demonstrate that MP cells preexisting in an SPF environment are subdivided into four different populations based on CD127 and Sca1 expression, while foreign Ag-specific memory T lymphocytes are all CD127hi Sca1hi, with both populations constituting the CD44hi CD62Llo CD4+ T-cell compartment at homeostasis.



Self-Driven Memory-Phenotype T Lymphocytes Are Distinguishable From Foreign Antigen-Specific Memory Cells Based on Bcl2 Expression

Because foreign Ag-driven memory cells are CD127hi Sca1hi and this phenotype is partially shared by MP cells (Figures 1G, H), we sought to determine whether or not MP lymphocytes with the same phenotype represent a subpopulation of foreign Ag-specific memory cells. For this purpose, we re-analyzed the scRNAseq data obtained in Figure 1C and found that expression of anti-apoptotic genes (31) was significantly lower in MP versus foreign Ag-specific memory cells (Figure 2A). Given that Bcl2 plays a critical role as an anti-apoptotic factor in T lymphocytes (32), we measured its protein expression levels in these two populations. While CD127hi Sca1hi MP cells were largely Bcl2lo, ~90% of CD127hi Sca1hi GP66- and NP309-tetramer+ memory T lymphocytes were Bcl2hi (Figures 2B, S1C). Thus, CD127hi Sca1hi MP cells appear to represent a unique population that is distinct from foreign Ag-specific memory T lymphocytes in terms of Bcl2 expression. In addition, we observed a small fraction (~10%) of Bcl2hi cells in CD127hi Sca1hi MP CD4+ T cells, and this fraction was more enriched in CD44hi CD62Lhi cells (Figures 2B, S2B). The significance of this finding will be discussed later.




Figure 2 | Bcl2 marks foreign antigen (Ag)-specific memory versus self-driven memory-phenotype (MP) cells. (A) Comparison of gene expression between MP versus foreign Ag-specific memory cells. The violin plot shows relative expression of anti-apoptotic genes across populations. The anti-apoptotic gene list is provided in Materials and Methods and Table S1. (B) Foreign Ag-specific memory cells are Bcl2hi. The representative dot plots display expression levels of CD127, Sca1, and Bcl2 in the indicated CD44hi CD62Llo cell populations, while the bar graph shows the frequency (mean ± SD) of Bcl2hi cells among the indicated CD127hi Sca1hi subpopulations (n = 3–4 mice). Data are representative of 2 independent experiments. (C, D) Commensal or food Ags do not significantly contribute to generation of CD127hi Sca1hi MP cells in specific pathogen-free (SPF) environment. Dot plots depicting expression of (C) CD44 and CD62L in CD4+ T lymphocytes as well as (D) CD127 and Sca1 in MP cells from the indicated animals together with bar graphs indicating (C) the number (mean ± SD) of CD44hi CD62Llo (MP), CD44hi CD62Lhi, and CD44lo CD62Lhi (naïve) CD4+ T cells as well as (D) the frequency (mean ± SD) of MP subpopulations among total MP cells from each group are displayed (n = 3–4 mice). Data are representative of 2 independent experiments performed. (E, F) Expression levels of Ki67 and Bcl2 in MP cells are largely unaltered in the absence of commensal and/or food Ags. (E) The bar graph shows the frequency (mean ± SD) of Ki67+ cells among the indicated MP subpopulations (n = 3–4 mice). (F) A bar graph indicating the frequency (mean ± SD) of Bcl2hi cells among CD127hi Sca1hi MP cells from the indicated groups (n = 3–4 mice). Data are representative of 2 independent experiments. Statistically significant differences are indicated as *p < 0.05, **p < 0.01, and ***p < 0.001.



To further investigate whether the development of the CD127hi Sca1hi MP subset is foreign Ag-dependent or Ag-independent, we examined MP cells from SPF, GF, and antigen-free (AF) mice, the latter being deprived of both food and commensal Ags (33). MP as well as CD44hi CD62Lhi and naïve CD4+ T cells were essentially intact in SPF, GF, and AF mice (Figure 2C). Surprisingly, CD127hi Sca1hi MP cells were largely unchanged in the three animal groups (Figure 2D). In addition, Ki67 expression was not significantly increased in GF or AF mice, and Bcl2 levels were not decreased and instead were elevated in the former animals (Figures 2E, F). This was also the case in the minor CD44hi CD62Lhi CD4+ T-cell population (Figure S2C, D). Thus, CD127hi Sca1hi Bcl2lo MP cells can be generated in the absence of foreign Ags, presumably in response to self Ags.



Among the Four Memory-Phenotype Subsets, CD127hi Sca1hi Cells Represent the Most Mature Subpopulation Generated From Peripheral Naïve Precursors

The above results identify CD127, Sca1, and Bcl2 as markers that are differently expressed in foreign Ag-specific memory versus MP cells and indicate that MP CD4+ T lymphocytes comprise 4 distinct subsets: CD127hi Sca1lo, CD127hi Sca1hi, CD127lo Sca1hi, and CD127lo Sca1lo. Because CD127hi Sca1hi MP cells are present in almost equal numbers in SPF, GF, and AF mice, self Ags are thought to be the major stimuli for the generation of CD127hi Sca1hi as well as the other MP subsets in an SPF environment. To address how the four MP subpopulations defined by these phenotypic markers are generated and maintained, we measured CD127 and Sca1 levels in MP cells from mice of different ages. As expected, MP cells were rare in 1-week-old animals, and most of these cells were CD127hi Sca1lo (Figures 3A, B). Thereafter, the proportion of CD127hi Sca1hi lymphocytes increased progressively with age, in parallel with the total MP pool size.




Figure 3 | Memory-phenotype (MP) T lymphocytes are composed of four subsets representing different stages of maturation. (A, B) CD127hi Sca1hi MP cells develop with age. The graphs indicate the fractions (mean ± SD) of (A) CD44hi CD62Llo among CD4+ T cells and (B) each subpopulation among MP cells (n = 3–5 mice). Representative dot plots displaying expression of (A) CD44 and CD62L in CD4+ T lymphocytes and (B) CD127 and Sca1 in MP CD4+ T cells are also included. Data shown are pooled from 2 independent experiments performed. (C, D) CD127hi Sca1hi MP cells are generated from naïve precursors. Naïve CD4+ T lymphocytes sorted from CD45.2 mice were transferred to CD45.1 wild-type (WT) recipients and analyzed several weeks later. Dot plots show (C) CD44 and CD62L expression in the donor cell population and (D) CD127 and Sca1 levels in the newly generated MP donor cells, while the graphs indicate the frequency (mean ± SD) of (C) MP cells in the donor cell population and (D) the indicated subpopulations among MP donor cells (n = 3–4 mice). Data are representative of 2 independent experiments. (E) All four MP subsets eventually differentiate into CD127hi Sca1hi cells. Four MP subpopulations sorted from CD45.2 mice were transferred to CD45.1 WT recipients and analyzed for their CD127 and Sca1 expression 2 weeks later. Dot plots in the indicated donor MP subpopulations are shown. Data are representative of 4–5 recipient mice from 3 independent experiments performed. (F) CD127hi Sca1hi MP T lymphocytes have the lowest amount of TRECs. A bar graph indicating the amount (mean ± SD) of TRECs relative to Gapdh that was calculated by the ΔCt method in each MP subpopulation is depicted (n = 5 mice). Data are representative of 2 independent experiments performed. Statistically significant differences are indicated as *p < 0.05, **p < 0.01, and ***p < 0.001.



In the case of CD8+ MP cells, a subpopulation referred to as innate memory cells are directly generated in the thymus (34). To ask whether CD127hi Sca1hi CD4+ MP cells arise in the thymus, we prevented lymphocyte egress from the thymus by injecting mice with FTY720 for 2 weeks. As expected, numbers of both CD4+ and CD8+ single-positive thymocytes accumulated in the thymus (Figure S3A), and in parallel, naïve CD4+ T cells decreased in number in secondary lymphoid tissues (Figures S3B, C). By contrast, peripheral MP CD4+ T lymphocytes as well as their four subfractions were largely unaffected by the treatment (Figures S3B–D), suggesting that MP cells are self-maintained in the periphery once generated. Consistent with this conclusion, the four MP subpopulations were not altered by adult thymectomy (Figure S3E). Based on these results, it is unlikely that peripheral CD127hi Sca1hi and other MP subpopulations are actively replaced by emigrants generated in the thymus.

To test the possibility that CD127hi Sca1hi MP cells are generated from peripheral naïve precursors, we transferred sorted naïve CD4+ T lymphocytes into wild-type (WT) recipients and analyzed the donor cells 1 to 4 weeks later. MP cells developed slowly with time (Figure 3C), with the CD127hi Sca1hi subset dominating by 4 weeks after transfer (Figure 3D). Thus, the four MP subsets including the CD127hi Sca1hi fraction appear to be generated from naïve T lymphocytes in the periphery.

To further examine the dynamics of MP cell maintenance following their development, we sorted for CD127hi Sca1lo, CD127hi Sca1hi, CD127lo Sca1hi, and CD127lo Sca1lo MP subpopulations and transferred them individually to WT recipients. When the donor cell population was analyzed 2 weeks later, Sca1lo cells were found to increase their Sca1 expression, while Sca1hi cells remained Sca1hi (Figure 3E). In addition, some CD127hi cells converted to CD127lo and vice versa (Figure 3E). Overall, these data argue that while naïve cells are CD127hi Sca1lo, as they differentiate into MP cells, they eventually acquire a CD127hi Sca1hi phenotype, either directly from CD127hi Sca1lo precursors or via CD127lo intermediates. Consistent with this notion, when the levels of T-cell receptor (TCR) excision circles (TRECs) were measured in the four MP subpopulations sorted from intact mice, levels were the highest and lowest in CD127hi Sca1lo and CD127hi Sca1hi cell populations, respectively, with CD127lo cells expressing TRECs at an intermediate level (Figure 3F). Together, these data identify CD127hi Sca1hi MP cells as the most mature of the four subsets, their generation reflecting extensive cell division of their precursors.



Memory-Phenotype Subpopulations Are Maintained Through T-Cell Receptor and CD28 Signaling

We previously reported that, as a whole population, MP cells become less dependent on TCR signaling once generated (4). This notion was based on the observation that treatment of SPF mice with either anti-I-Aβ monoclonal antibody (mAb) or cyclosporin A significantly inhibits the generation of MP cells from naïve precursors but has only a negligible effect on their steady-state proliferation. While these data established a lesser dependence of MP cell maintenance on Ag recognition, it was still unclear whether this function is completely independent of TCR signaling.

To address this issue, we analyzed the strength of TCR signaling that MP subpopulations receive at baseline. Initial experiments revealed that the four MP subsets express equivalent levels of TCRβ and CD3 as well as CD5 (Figures 4A, B), a marker that reflects TCR affinity to self Ags (35). Nevertheless, in Nur77-GFP reporter mice where the sum of TCR signal strength that T cells receive is reflected by reporter expression (36), CD127lo Sca1hi and CD127lo Sca1lo MP subpopulations showed significantly higher levels of GFP as well as CD69 than did their CD127hi counterparts (Figures 4C, D). Given that CD127hi and CD127lo subsets are interchangeable in the steady state (Figure 3E), it is possible that the former MP subpopulation downregulates CD127 immediately after TCR ligation.




Figure 4 | The four memory-phenotype (MP) subpopulations are maintained via T-cell receptor (TCR) and CD28 signaling. (A–D) CD127lo MP subsets represent cell populations that have recently received TCR signaling. Representative histograms display (A) TCRβ, CD3, (B) CD5, (C) CD69, and (D) GFP expression in the indicated MP subpopulations from Nur77-GFP reporter mice, while the bar graphs indicate (C) the frequency (mean ± SD) of CD69+ and (D) the mean fluorescence intensity (MFI) (mean ± SD) of GFP among the MP subpopulations (n = 5 mice). Filled histograms show negative control staining, whereas black and open histograms display naïve CD4+ T cells. (E, F) TCR signaling is essential for proliferation and dynamic equilibrium of MP subpopulations. CD4-CreERT2 TCRαflox mice received tamoxifen (TMX) and were analyzed 10 days later. Bar graphs indicating the frequency (mean ± SD) of (E) Ki67+ cells among both TCRβ+ and TCRβneg fractions from each MP subset and (F) the indicated subpopulations among the TCRβ+ or TCRβneg MP cells are depicted (n = 5 mice). (G, H) CD28 signals are critical for optimal maintenance of MP subpopulations. Mice received CTLA4-Ig and were analyzed 10 days later. The bar graphs show the frequency (mean ± SD) of (G) Ki67+ cells among the indicated MP subpopulations from each group and (H) the indicated subsets among total MP T lymphocytes (n = 5 mice). Data are representative of 2 independent experiments. Statistically significant differences are indicated as *p < 0.05, **p < 0.01, and ***p < 0.001.



To test this hypothesis in vivo, we utilized CD4-CreERT2 TCRαflox mice in which we previously established that ~50% of MP cells lose their TCR expression as a consequence of tamoxifen (TMX) treatment (5). Thus, by examining the four MP subfractions in TCRβ+ and TCRβneg MP subpopulations 10 days after TMX treatment, we could compare their steady-state proliferation in the presence or absence of normal levels of tonic TCR signaling in the same mouse. Using these animals, we found that Ki67 expression was significantly reduced by TCR ablation in all four MP subpopulations (Figure 4E). Moreover, the CD127hi fraction increased while the CD127lo decreased in size when TCR levels were reduced (Figure 4F). These results show that the four MP subpopulations proliferate in the presence of tonic TCR signaling, presumably delivered by self Ag recognition, and further suggest the existence of TCR-dependent interchangeability between CD127hi and CD127lo MP cells in a dynamic steady state.

In addition to TCR engagement, CD28 ligation plays an essential role in MP cell maintenance (4). To assess the function of the same signaling pathway in the four MP subpopulations, we treated mice with CTLA4-Ig for 10 days. In a similar manner to that induced by TCR signal blockade, Ki67 expression was reduced in the CTLA4-Ig-treated group, and CD127hi cells increased while their CD127lo counterparts decreased in the same animals (Figures 4G, H). Thus, optimal proliferation and dynamic equilibrium of MP cell subpopulations require tonic CD28 engagement in addition to TCR signaling.



CD127hi Sca1hi Memory-Phenotype Cells Have a Th1 Cytokine Signature

The above observation that CD127, Sca1, and Bcl2 are differently expressed in MP and foreign Ag-driven memory CD4+ T cells revealed an unexpected phenotypic heterogeneity within the former lymphocyte population (Figures 1–4). This finding prompted us to ask whether these four MP cell subpopulations possess different functions. The experiments performed above defined MP subpopulations based on markers (CD127 and Sca1) that are well known to characterize foreign Ag-driven memory cells, but left open the possibility that other molecules might better characterize functional MP subsets. To address this question, we analyzed the MP cell population in the scRNAseq dataset generated in Figure 1C by unsupervised clustering, to define its components based on the full transcriptome rather than on predefined markers. This analysis divided the MP cell population into four clusters (I–IV) (Figures 5A, B). Comparing the expression of Il7r and Ly6a among these four clusters showed a clear demarcation into Il7rhi Ly6alo, Il7rhi Ly6ahi, Il7rlo Ly6ahi, and Il7rlo Ly6alo gene expression patterns for clusters (I), (II), (III), and (IV), respectively; importantly, these correspond respectively to the CD127hi Sca1lo, CD127hi Sca1hi, CD127lo Sca1hi, and CD127lo Sca1lo MP subpopulations defined in Figure 1G. The results of this analysis thus provide independent support to the conclusion that CD127 and Sca1 expression define four transcriptomically distinct MP subpopulations. Further clustering and scoring analyses revealed that the cluster (II), that is Il7rhi Ly6ahi and thus equivalent to the CD127hi Sca1hi MP subpopulation, has the highest Th1-associated gene signature (27) (Figures 5B, C), suggesting that this subset displays Th1-related function.




Figure 5 | CD127hi Sca1hi memory-phenotype (MP) T lymphocytes can exert innate Th1-like activity in vitro. (A–C) Clustering analysis of MP T lymphocyte population. Single-cell RNA sequencing (scRNAseq) data of MP cells in Figure 1C were analyzed by unsupervised clustering. (A) The plot displays single cells determined by the Uniform Manifold Approximation and Projection (UMAP) algorithm. Each dot represents a cell, and colors highlight unsupervised cell clusters. Clusters representing less than 5% of the total MP population were excluded. (B) A heatmap showing row-standardized expression of selected genes among MP clusters. (C) A violin plot depicting relative expression of Th1-associated genes in the indicated MP clusters. (D) CD127hi Sca1hi MP cells express the highest levels of T-bet. A representative histogram showing T-bet levels in each MP subset from 3 mice is depicted. (E) CD127hi Sca1hi MP subpopulation can produce IFN-γ in response to Th1-differentiating cytokines in the absence of antigen (Ag) recognition. Sorted MP as well as naïve CD4+ T cell subpopulations were stimulated with IL-12, IL-18, and IL-2 for 24 h. The dot plots show IFN-γ production by the indicated cells, while the bar graph depicts the IFN-γ+ fraction (mean ± SD) among the MP and naïve subpopulations (n = 4 mice). Data shown are representative of 2 independent experiments performed. (F) The CD127hi Sca1hi MP subset expresses high amounts of Il12rb2, Il18r1, and Il18rap. Bar graphs showing relative expression levels of the indicated genes in each MP subpopulation are depicted (n = 4 mice). Data are representative of 2 independent experiments. (G, H) CD127hi Sca1hi MP cells express functional IL-2 receptors under the presence of Th1-differentiating cytokines. Representative histograms in (G) display CD122 and CD132 expression in each MP subset from 4 mice in steady state, while those in (H) show CD25 expression in IFN-γneg and IFN-γ+ fractions of sorted CD127hi Sca1hi MP cells that were cultured in the presence or absence of IL-12, IL-18, and IL-2 for 24 h. A bar graph indicating the frequency (mean ± SD) of CD25+ cells among each group is also depicted (n = 3 mice). Data are representative of 2 independent experiments performed. Statistically significant differences are indicated as *p < 0.05, **p < 0.01, and ***p < 0.001. ND, not detected.



We have previously shown that MP CD4+ T lymphocytes can respond to IL-12 and produce IFN-γ in vivo (4). Consistent with this finding, when whole splenocytes were cultured in the presence of IL-12, IL-18, IL-2, or a combination of these cytokines in vitro, CD4+ MP cells produced IFN-γ in response to IL-12 (Figure S4A). The latter response increased with the addition of IL-18 and IL-2 and peaked at 24–48 h after cytokine stimulation (Figures S4A, B). With this in vitro system, we asked which of the MP subpopulation(s) can generate the above-described Th1-like response. To do so, we first checked the expression of T-bet, which we previously reported to play an essential role in the determination of Th1-like MP cell activity (4, 5). As shown in Figure 5D, CD127hi Sca1hi cells expressed the highest levels of T-bet, confirming the result of clustering analysis in Figure 5B. Consistent with this observation, when each MP subpopulation as well as naïve cells was sort-purified and cultured individually in the presence of IL-12, IL-18, and IL-2, CD127hi Sca1hi MP cells produced high amounts of IFN-γ (Figure 5E). Furthermore, the same MP subpopulation expressed high levels of Il12rb2, Il18r1, and Il18rap in the steady state (Figure 5F). In terms of IL-2 receptor expression, CD122 and CD132 were expressed on all four MP subsets (Figure 5G). However, CD25 (IL-2 receptor α chain) was only induced when CD127hi Sca1hi MP cells were stimulated by Th1 cytokines (Figure 5H), consistent with previous reports showing that IL-12 upregulates CD25 on Th1 cells (37, 38). Together, these results identify CD127hi Sca1hi MP T lymphocytes as a resting population with selective Th1 effector potential.

Finally, we sought to validate the above functional observations in vivo. Naïve CD4+ T lymphocytes are known to induce severe colitis when transferred to Rag2 knockout (KO) mice (39, 40). Using this approach, we tested the capacity of MP cell subpopulations to induce colitis by individually transferring CD127hi Sca1lo, CD127hi Sca1hi, CD127lo Sca1hi, and CD127lo Sca1lo Foxp3− MP CD4+ T cell subsets from Foxp3-reporter mice to Rag2 KO recipients. CD127hi Sca1hi cells were found to induce mild body weight loss and clinical as well as histological colitis (Figures 6A–C). Consistent with this observation, the total number of recovered donor cells was the highest in the CD127hi Sca1hi recipient group (Figure 6D). Thus, among the four MP subpopulations, the CD127hi Sca1hi subset induces the most severe colitis when transferred to Rag2 KO mice. We further asked whether colitis driven by the CD127hi Sca1hi MP subpopulation is dependent on IL-12 and/or IL-23. To do so, we blocked IL-12 p40 using mAb specific for the cytokine after donor cell transfer. As shown in Figures 6E–G, body weight loss, clinical symptoms, and histological colitis were almost completely abrogated as a result of mAb treatment. Consistent with this, the total number of donor cells and their IFN-γ+ fraction were dramatically reduced in the same mAb-treated animals (Figures 6H, I). These data suggest that in Rag2 KO mice, CD127hi Sca1hi MP cells can generate inflammatory responses, thus supporting their functional relevance.




Figure 6 | The CD127hi Sca1hi memory-phenotype (MP) cell subset can induce colitis in Rag2 knockout (KO) mice. (A–D) Among the four MP subsets, CD127hi Sca1hi cells can induce the most severe colitis. Sorted MP subpopulations were individually transferred to Rag2 KO recipient mice. Graphs indicate (A) relative body weight (mean ± SD) and (B) disease activity index (DAI) score (mean ± SD) in each group at different time points as well as (C) histological score (mean ± SD) and (D) the number (mean ± SD) of donor cells in the colon on day 50 (n = 3 mice). Representative images showing histology of the colon from each group are also included in panel (C). (E–I) Blockade of IL-12 p40 ameliorates MP-induced colitis. Sorted CD127hi Sca1hi MP cells were transferred to Rag2 KO mice that were then treated with anti-IL-12 p40 mAb or control IgG. Graphs show (E) relative body weight (mean ± SD) and (F) DAI score (mean ± SD) in each group at different time points as well as (G) histological score (mean ± SD), (H) the number (mean ± SD) of donor cells, and (I) their IFN-γ+ fraction (mean ± SD) in the colon on day 28 (n = 3 mice). Histological images of the colon from each group on day 28 are displayed in (G). Data shown are representative of 2 independent experiments. Scale bars in histological images show 100 μm. Statistically significant differences are indicated as *p < 0.05, **p < 0.01, and ***p < 0.001.






Discussion

CD4+ T lymphocytes with a memory phenotype present in normal, unimmunized animals have been known for more than 30 years and have been presumed to comprise a mixture of explicit foreign Ag-specific “authentic” memory and foreign Ag-independent MP cells (1–3). A number of previous studies have addressed the features of these two CD4+ T-cell populations. Thus, we and other groups showed that nearly all conventional foreign Ag-specific memory cells are resting cells with a slow turnover and are largely major histocompatibility complex (MHC)-independent while heavily dependent on the cytokines IL-7 and/or IL-15. In contrast, naturally arising MP cells comprise a mixture of fast-proliferating, MHC-dependent cells together with slowly proliferating, IL-7-dependent cells (12, 22, 23). However, a definitive comparison of these subsets was not possible because of the lack of phenotypic markers.

Our present study addressed this long-standing problem by searching for phenotypic differences between MP and foreign Ag-specific memory CD4+ T cells. As shown here, we have identified CD127, Sca1, and Bcl2 as key markers that are differently expressed in these two lymphocyte populations. Thus, our data demonstrate that foreign Ag-specific memory T lymphocytes comprise a homogeneous population of CD127hi Sca1hi Bcl2hi cells, while MP cells are a heterogeneous mixture of CD127lo~hi Sca1lo~hi that are mostly Bcl2lo (summarized in Figure S5). While in the case of CD8+ T lymphocytes TVM and foreign Ag-specific memory cells have been previously reported to be distinguishable from each other based on their levels of integrins α4, α1, and β1 as well as NKG2D (41, 42), our findings are the first to demonstrate differential marker expression between CD4+ MP and foreign Ag-specific memory cells and strongly support the notion that these two cell types are qualitatively distinct. Furthermore, employing these markers, we have identified distinct types of subsets within the MP population, with inflammatory activity predominantly associated with the CD127hi Sca1hi phenotype.

The mechanisms responsible for the generation and maintenance of foreign Ag-specific memory CD4+ T lymphocytes are well defined (2). Thus, in conventional adaptive immune responses against pathogens, naïve T lymphocytes that are specific for challenge Ags robustly proliferate to give rise to effector cells that contribute to host defense. After pathogen clearance, most effector cells die, leaving a small residual population of foreign Ag-specific memory cells that protects the host from secondary infection with the same pathogen. For memory cells to exert such long-term host-protective function, they need to survive long term in the absence of stimulation by cognate foreign Ags. IL-7 serves a major role in this function (12, 14, 15). This cytokine triggers T cells through its receptor to promote their survival by inducing Bcl2 upregulation and basal turnover in memory cells. In this context, our finding that foreign Ag-specific memory cells express high levels of CD127 and Bcl2 is not surprising.

In contrast, the mechanisms responsible for MP cell maintenance have been less clearly understood (1–3). In the past, this process has been investigated primarily by transferring MP cells to congenic, usually lymphopenic, recipient mice and analyzing the donor cells 1~2 weeks later. Previous reports established that under such situations, MP CD4+ T lymphocytes exhibit two different types of cell division (i.e., slow and fast homeostatic proliferation) as compared to foreign Ag-specific memory cells that exhibit mild and homogeneous cell expansion, and that slow proliferation requires IL-7 while rapid cell division is more dependent on TCR and costimulatory signaling (11–13). Here we provide new evidence suggesting that IL-7-dependent slow expansion can occur homeostatically in physiologic, non-transferred conditions since we observed that some MP cells express functional IL-7 receptors as evidenced by the joint presence of CD127 and CD132 (Figures 1G, 5G) and that such CD127hi subsets display lower levels of Ki67 than their CD127lo counterparts (Figure 1J). In addition, under these normal lymphoreplete conditions, TCR-dependent fast cell division was the most conspicuous for CD127lo MP cells and was marked by a Ki67+ phenotype (Figure 1J) together with evidence of strong TCR and CD28 signaling (Figure 4).

In lymphosufficient conditions, we previously suggested that rapid proliferation of MP CD4+ T lymphocytes is balanced by comparable cell death (4), a situation distinct from that observed with quiescent foreign Ag-specific memory cells (15, 22). Our present data are consistent with this difference since Bcl2, which is critical for T lymphocyte longevity (32), was significantly lower in MP as compared to foreign Ag-specific memory cells (Figure 2B). This low Bcl2 expression in MP cells was maintained after LCMV infection, a situation that is particularly apparent in the CD127lo or Sca1lo subsets within the CD44hi CD62Llo population in infected mice (Figure 2B). Together with our observation that the CD127lo or Sca1lo subsets (i.e., CD127hi Sca1lo, CD127lo Sca1hi, and CD127lo Sca1lo cells) were largely unchanged after LCMV infection (Figure 1G), these data argue that the Bcl2lo as well as CD127lo~hi and Sca1lo~hi phenotype is a unique feature of MP T lymphocytes regardless of whether animals have been pathogen exposed. The above findings are also consistent with our hypothesis based on previous studies with Toxoplasma infection that during the early stages following pathogen challenge, the short-lived Bcl2lo MP cell population contributes to transient host protection until this function is replaced through the development of Bcl2hi foreign Ag-specific memory cells (4, 5).

In addition to the large low Bcl2 expression in MP cells, we observed that ~10% of CD127hi Sca1hi MP cells are Bcl2hi (Figures 2B, S1C). In this regard, a previous study pointed out that MP cells contain a minor fraction of cells that closely resemble Ag-specific memory cells, although whether the Ags driving the MP cells are foreign or self was unclear (12). In the present study, the minor CD127hi Sca1hi Bcl2hi MP cells were not reduced in GF or AF mice and even increased in the former animals (Figure 2F), arguing that these cells can arise through contact with self Ags, although the explanation for why the same fraction was elevated in GF mice remains unclear. Interestingly, the Bcl2hi MP cell compartment was enriched in CD44hi CD62Lhi CD4+ T cells (Figure S2), i.e., the counterpart of the “central memory” cells that form the bulk of CD44hi MP CD8+ T lymphocytes (41, 43). These CD62Lhi cells may be viewed as fully differentiated MP cells, for both CD4+ and CD8+ T cells.

For CD4+ MP cells, the relative paucity of CD44hi CD62Lhi cells correlates with low expression of CD122 on CD4+ versus CD8+ T cells, thereby making mature CD4+ MP cells poorly reactive to IL-15 and therefore largely dependent on IL-7 for their survival (12). Since levels of IL-7 are low in lymphoreplete animals (44), one can envision that survival of MP CD4+ T cells is heavily dependent on contact with self Ag/MHC complexes, with only a few of the responding cells able to slowly differentiate into an MHC-independent resting state. This small fraction of Bcl2hi cells may reflect the self-driven counterparts of foreign Ag-specific memory CD4+ T cells. In the case of the latter population, their rapid switch to a fully differentiated state after initial induction may simply reflect that, unlike MP cells, foreign Ag-specific memory cells rapidly lose contact with stimulatory Ags when the pathogen concerned is eliminated, forcing the surviving cells to become MHC-independent.

The factors controlling the generation and maintenance of MP cells through contact with available ligands including self Ags are still poorly understood (1–3). For CD4+ MP cells, it is striking that the component of fast-proliferating cells in lymphoreplete hosts is far more conspicuous than for CD8+ cells (12, 16) and, as mentioned above, is accompanied by prominent signs of TCR activation on the responding CD4+ T cells (Figures 4C, D). The reason for this difference is unclear but it could reflect higher intrinsic TCR affinity for self ligands by CD4+ than CD8+ T cells. Thus, CD5 expression is substantially higher on naïve CD4+ than CD8+ T cells (45). Furthermore, this higher affinity to self Ags in CD4+ T lymphocytes may account for their capacity to regulate T-cell homeostasis. Indeed, a previous report showed that CD4+ T cells that react to subthreshold, endogenous peptide ligands compete with other T-cell clones with similar TCR specificities, thus preventing their outgrowth (46). However, why some naïve T lymphocytes spontaneously initiate responses to self Ags and then differentiate into resting cells remains unclear.

Despite their still undefined origin, MP CD4+ T cells can exert host protective effector function in response to IL-12 (4, 5). Our finding that these cells vary in their expression of CD127, Sca1, and Bcl2 allowed us to examine which subsets of CD4+ MP cells possess this cytokine reactivity. We observed that the capacity to respond to IL-12 and exert Th1-dependent inflammation in vitro is controlled largely by the mature CD127hi Sca1hi subset (Figure 5). We further identified that the same subset induces the most severe colitis when transferred to Rag2 KO mice (Figure 6), demonstrating its potential role in inflammation in vivo. Because in the present study we employed an artificial transfer model where MP subsets are individually transferred to host mice deficient in B and T lymphocytes including regulatory T cells (Tregs), further investigation using more physiological settings is needed to confirm this proposed function.

The above evidence that CD127hi Sca1hi MP cells can exhibit inflammatogenic properties in vitro and in vivo supports our previous hypothesis that MP cells may have the ability to drive and/or exacerbate inflammation because of their self-specificity and tonic T-bet expression (4, 5). Given that MP cells can also contribute to Th1 cytokine-dependent host resistance to infection (4, 5), the inflammatory CD127hi Sca1hi subset can be regarded as a double-edged sword. This raises the interesting question of how their potentially immunopathologic function is inhibited in healthy animals. One possibility is that the activity of MP T lymphocytes is normally dampened by Tregs. In support of this notion, acute depletion of Tregs is known to induce systemic inflammation even in the absence of foreign Ags (47, 48). In addition, pathological autoreactivity might be repressed by other cell-intrinsic mechanisms. Indeed in CD8+ T cells, TCR signaling is known to be inhibited by upregulation of CD5 and CD45 and by downregulation of CD8 (49–51). Whether this is also the case in CD4+ MP lymphocytes remains to be investigated.

The findings reported here define MP CD4+ T lymphocytes as a unique but heterogeneous population that differs from conventional foreign Ag-specific memory cells in marker expression and establishes functional relevance for the mature subset of CD127hi Sca1hi MP cells. With defined markers now available, it will be of interest to search for further phenotypic and functional differences between the two cell types in future studies. Similarly, it will be important to determine if similar phenotypic differences between self-driven MP and foreign Ag-specific memory cells occur in humans. The existence of an MP-like population in humans is suggested by the observation of CD4+ T lymphocytes with an activated phenotype in cord blood and fetal tissues where an encounter with foreign Ags is likely to be very limited or non-existent (52, 53). Should such a population exists, one would predict it to display a low-level expression of CD127 and Bcl2. If an MP subpopulation can be demonstrated in humans, the subset could serve as a potential therapeutic target, either by boosting its activity to limit infection or by inhibiting its function to treat autoimmune and other inflammatory conditions.



Materials and Methods


Mice

C57BL/6 CD45.2+ WT mice were purchased from Taconic Biosciences (Rensselaer, NY, USA) or Japan SLC (Hamamatsu, Japan). Rag2 KO and CD45.1+ WT mice were obtained from the National Institute of Allergy and Infectious Diseases (NIAID) contract facility at Taconic Biosciences or breeding stock maintained at Tohoku University Graduate School of Medicine. Nur77-GFP and Foxp3-RFP reporter mice were obtained from Jackson Laboratory (Bar Harbor, ME, USA). CD4-CreERT2 TCRαflox mice are previously described (5). All mice were maintained in SPF animal facilities in the NIAID, National Cancer Institute (NCI), National Institutes of Health (NIH), or Tohoku University Graduate School of Medicine except for GF and AF mice, which were bred and maintained in the animal facility of Pohang University of Science and Technology as previously described (33). All mice were used at the age of 8–16 weeks except in the case of Figures 3A, B, where mice of indicated ages were utilized. The care and handling of the animals used in our studies were in accordance with the animal study protocols approved by the NIAID or NCI Animal Care and Use Committee, by the Institutional Committee for the Use and Care of Laboratory Animals of Tohoku University, or by the Institutional Animal Care and Use Committees of the Pohang University of Science and Technology.



Thymectomy

Thymectomy was performed on 8~12-week-old mice under aseptic conditions. Sham thymectomy was conducted with the same procedure except that thymic lobes were left intact. At the end of the experiments, the thymic deficiency was confirmed by careful macroscopic inspection.



Lymphocytic Choriomeningitis Virus Infection

LCMV Armstrong was propagated in baby hamster kidney-21 fibroblast cells [American Type Culture Collection (ATCC)]. Viral titers were determined by plaque assay using Vero African-green-monkey kidney cells (ATCC). Viral stocks were frozen at −80°C until use. For infection, mice were intraperitoneally injected with 2 × 105 plaque-forming unit/mouse of the virus as previously described (22).



In Vivo Chemical and mAb Treatment

To activate CreERT2 recombinases, mice received an intraperitoneal injection of TMX (20 mg/mouse) dissolved in corn oil (both Sigma-Aldrich, St. Louis, MO, USA) as previously described (5). To block IL-12 p40 or CD80/86 signals, anti-IL-12B p40 (C17.8), CTLA4-Ig, or control IgG (300 μg/20 g body weight; all from Bio X Cell, West Lebanon, NH, USA) were administered every 3 days as reported (4, 5). To inhibit lymphocyte egress from the thymus and lymph nodes, FTY720 (20 μg/20 g body weight; Cayman Chemicals, Ann Arbor, MI, USA) dissolved in phosphate-buffered saline (PBS) or control PBS was given to mice every day (20).



Cell Sorting and Adoptive Transfer

Total CD4+ T lymphocytes were obtained from pooled splenocytes and lymph node cells of donor mice using a CD4+ T Cell Isolation Kit or CD4 Microbeads (Miltenyi Biotec, Bergisch Gladbach, Germany). Naïve CD4+ T cells were then purified by sorting for CD4+ CD25neg CD44lo CD62Lhi cells using a fluorescence-activated cell sorting (FACS) Aria II (BD Biosciences, San Jose, CA, USA). To obtain MP cell subsets, CD127hi Sca1lo, CD127hi Sca1hi, CD127lo Sca1hi, and CD127lo Sca1lo subpopulations among CD4+ CD25neg CD44hi CD62Llo cells from WT mice or CD4+ Foxp3neg CD44hi CD62Llo cells from Foxp3-RFP reporter mice were sorted. Purity was >96%. For adoptive transfer experiments, depending on the experiments, 2 × 105 to 1 × 106 donor cells were intravenously injected into recipient animals.



Assessment of Severity of Colitis

After MP subpopulations were transferred to Rag2 KO mice, the animals were monitored for body weight. The disease activity index (DAI) score was assessed based on clinical symptoms as previously described (54). The histological score of the proximal portion of the colon was measured as previously reported (55).



Flow Cytometric Analysis

Single-cell suspensions were prepared from spleens and red blood cells lysed in ACK buffer. In some experiments, splenic cells were further enriched for CD4+ T lymphocytes using a CD4+ T Cell Isolation Kit or CD4 Microbeads (Miltenyi Biotec). To obtain colonic cells, lamina propria mononuclear cells were isolated as previously described (54). Cells were suspended in staining buffer (PBS supplemented with 2% fetal bovine serum (FBS)) and incubated with CD16/32 mAb (2.4G2; Harlan Bioproducts, Indianapolis, IN, USA) for 10 min on ice. Cells were then incubated with the following mAbs or their combination for 20 min on ice: CD4 (RM4-5), CD8 (53-6.7), CD44 (IM7), CD62L (MEL-14), anti-NK1.1 (PK136), anti-TCRβ (H57-597) (Thermo Fisher Scientific, Waltham, MA, USA), CD3 (17A2), CD5 (53-7.3), CD25 (PC61), CD45.1 (A20), CD45.2 (104), CD69 (H1.2F3), CD122 (TM-β1), CD127 (A7R34), CD132 (TUGm2) (BioLegend, San Diego, CA, USA), and Sca1 (D7) (BD Biosciences). Tetramer staining used CD1d (PBS-57), I-Aβ-GP66, and I-Aβ-NP309 tetramers, obtained from the NIH Tetramer Core Facility (Emory University, Atlanta, GA, USA). To detect intracellular products, cells were fixed and permeabilized using Foxp3/Transcription Factor Staining Buffer Set for 30 min on ice after surface staining and then stained with mAbs against Bcl2 (10C4), Foxp3 (FJK-16s), Ki67 (SolA15) (Thermo Fisher Scientific), and/or IFN-γ (XMG1.2) (BioLegend) for 20 min on ice. For T-bet detection, fixed cells were stained with anti-T-bet (O4-46; BD Biosciences) mAb for 2 h at room temperature. Flow cytometry was performed using either Canto II, LSR II, Fortessa, or Symphony cytometers, and the data were analyzed with FlowJo software (BD Biosciences). Gating strategies are previously described (4, 5) and briefly summarized in Figure S6.



Single-Cell RNA Sequencing Analysis

MP and foreign Ag-specific memory CD4+ T lymphocytes were obtained by sorting for TCRβ+ CD4+ CD25neg CD44hi CD62Llo CD1d-tetramerneg cells from uninfected mice and TCRβ+ CD4+ CD25neg CD44hi CD62Llo GP66-tetramer+ cells from LCMV-infected mice, respectively. Sorted cells were then loaded onto the 10× Chromium platform using the Chromium Single Cell 3′ Library & Gel Bead Kit V2 according to the manufacturer’s instructions (56). Libraries were sequenced on the Illumina NextSeq using paired-end 26 × 98 bp, and sequencing files were processed to extract count matrices using the Cell Ranger Single Cell Software Suite (v2.2.0). Further analyses were performed in R using the Seurat package (3.0) (57). Scoring analyses for memory and Th1 signatures were performed as previously described (27). For cell cycle and anti-apoptotic signatures, genes were determined based on previous studies (26, 31) (Table S1). The obtained dataset is deposited on the Gene Expression Omnibus (GEO) (GEO number: GSE145999; token: kdspeciofrwhdod).



Real-Time qPCR

For detection of Il12rb1, Il12rb2, Il18r1, and Il18rap mRNA, total RNA was extracted from sorted cells using the RNeasy Mini Kit (Qiagen, Hilden, Germany) and reverse-transcribed with SuperScript III Reverse Transcriptase (Thermo Fisher Scientific). For detection of TRECs, total DNA was isolated from sorted cells using the DNeasy Blood & Tissue Kit (Qiagen). Real-time PCR was performed using the THUNDERBIRD SYBR qPCR Mix (Toyobo, Osaka, Japan). qPCR analysis was carried out using a 7500 real-time PCR system (Thermo Fisher Scientific). Relative gene expression was calculated by the ΔCt method and normalized to the amount of Gapdh. The following primer sets were used: Il12rb1, 5′-CCCCAGCGCTTTAGCTTT-3′ and 5′-GCCAATGTATCCGAGACTGC-3′ (58); Il12rb2, 5′-AATTCTTCTTCACTTCCGCATACG-3′ and 5′-GCTCCCAGAAGCATTTAGAAAGT-3′ (59); Il18r1, 5′-GCTCAGACCCTAATGTGCAAG-3′ and 5′-TGCAGTTTGCCTTCAGAAATC-3′; Il18rap, 5′-TGCAATGAAGCGGCATCTGT-3′ and 5′-CCGGTGATTCTGTTCAGGCT-3′ (60); TRECs, 5′-CATTGCCTTTGAACCAAGCTG-3′ and 5′-TTATGCACAGGGTGCAGGTG-3′ (61); and Gapdh, 5′-CCAGGTTGTCTCCTGCGACTT-3′ and 5′-CCTGTTGCTGTAGCCGTATTCA-3′ (4).



In Vitro Cell Culture and Cytokine Detection

In Figures 5, S4, total splenocytes or FACS-sorted MP subsets were stimulated with IL-12p70 (10 ng/ml; PeproTech, Cranbury, NJ, USA), IL-18 (10 ng/ml; MBL, Nagoya, Japan), and/or IL-2 (10 ng/ml; Ajinomoto, Tokyo, Japan) in Roswell Park Memorial Institute (RPMI) complete media for the indicated period at 37°C. At the last 6 h of incubation, Brefeldin A (1 μg/ml; BioLegend) was added. In Figure 6I, total cell suspensions were incubated in RPMI complete media supplemented with phorbol myristate acetate (PMA) (20 ng/ml) and ionomycin (1 μg/ml; both from Sigma-Aldrich) for 5 h at 37°C in the presence of Brefeldin A. Cells were then harvested and subjected to intracellular staining as described above.



Statistical Analysis

A Student’s t-test was employed to establish statistical significance. p-Values <0.05 were considered significant.
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Bidirectional cross-talk between commensal microbiota and the immune system is essential for the regulation of immune responses and the formation of immunological memory. Perturbations of microbiome-immune system interactions can lead to dysregulated immune responses against invading pathogens and/or to the loss of self-tolerance, leading to systemic inflammation and genesis of several immune-mediated pathologies, including neurodegeneration. In this paper, we first investigated the contribution of the immunomodulatory effects of microbiota (bacteria and fungi) in shaping immune responses and influencing the formation of immunological memory cells using a network-based bioinformatics approach. In addition, we investigated the possible role of microbiota-host-immune system interactions and of microbiota-virus interactions in a group of neurodegenerative diseases (NDs): Amyotrophic Lateral Sclerosis (ALS), Multiple Sclerosis (MS), Parkinson’s disease (PD) and Alzheimer’s disease (AD). Our analysis highlighted various aspects of the innate and adaptive immune response systems that can be modulated by microbiota, including the activation and maturation of microglia which are implicated in the development of NDs. It also led to the identification of specific microbiota components which might be able to influence immune system processes (ISPs) involved in the pathogenesis of NDs. In addition, it indicated that the impact of microbiota-derived metabolites in influencing disease-associated ISPs, is higher in MS disease, than in AD, PD and ALS suggesting a more important role of microbiota mediated-immune effects in MS.
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1 Introduction

Gut microbiota play an essential role in maintaining homeostasis in the human host, with more than 100 trillion microorganisms (including bacteria, viruses, fungi and archaea) colonizing our gastrointestinal (GI) tract (1, 2). These microbes do not just habitat our GI tract but rather help to regulate various host physiological functions, including metabolic, endocrine and immune functions (3). Gut microbiota have key role in human metabolism as they encode enzymes that are not found in the human genome which are important for the degradation of exogenous and endogenous substrates, resulting in the production of a range of metabolic products (4–6).These microbiota-derived metabolites are key orchestrators of the bidirectional cross-talk that exists between host and microbiota. This molecular dialogue is essential for the regulation of immune responses and the formation of immunological memory, which are important for maintaining body homeostasis and human health.

Symbiosis between commensal microbiota and the immune system is a fine-tuned dynamic process. On the one hand, the immune system plays an important role in maintaining health homeostasis by reacting and eliciting innate immune responses against invading pathogenic organisms such as viral infections, and at the same time maintaining tolerance to beneficial microbiota (7, 8). On the other hand, commensal gut microbiota can regulate and shape immune responses such as influencing various steps of the hematopoiesis process, influence the intestine immune cell population, affecting myeloid cells and lymphoid cell functions and differentiation, thus affecting responses to viral infections (9). In addition, commensal microbiota can also influence the formation of both innate and adaptive memory via the production of microbiota-derived bioactive molecules, such as short-chain fatty acids (SCFAs) and neurotransmitters (NTs) (10, 11). However, although several mechanisms have been identified on how commensal microbiota can influence the immune system, the exact mechanisms on how they can affect the formation of innate and adaptive immune memories is still an emerging area of investigation (10).

Perturbations of the microbiome-immune system cross-talk due to microbiome-host dysbiosis can lead to the dysregulation of immune responses against invading pathogens and/or the loss of self-tolerance, leading to systemic inflammation and the genesis of several immune-mediated diseases. Perturbations of microbiome-host symbiosis, resulting in dysbiosis, can be caused by both environmental and genetic factors. However it is believed that the environmental-mediated perturbations outweigh host genetic polymorphism-mediated perturbations in shaping microbiome-host interactions (12).Important environmental factors that can contribute to microbiome-host dysbiosis is diet, antibiotic use, lifestyle (stress) and infection with pathogenic organisms, such as viral infections (13, 14).

Gut microbiota dysbiosis has been associated with the development and/or progression of several NDs, including ALS, AD, MS and PD via perturbations of the microbiota-brain-gut axis (15). Microbiota are involved in the production of several metabolic products, such as NTs and SCFAs, which are important for gut-brain communication, brain homeostasis, neurogenesis and neuroinflammation (3, 16–21). Several pathological mechanisms have been suggested by which microbiota can contribute to the development and/or progression of NDs, for example they can increase blood brain barrier (BBB) permeability, augment neuroinflammation and affect the production of several NTs produced by gut microbiota, such as dopamine which is dysregulated in PD (17, 18). However, although gut microbiota dysbiosis is associated with the development of NDs, it remains unknown how ND-associated microbiota profiles contribute to neuroinflammation and lead to the development of specific disease phenotypes.

Interestingly, evidences also suggests that commensal microbiota can suppress or promote certain viral infections via microbiota- mediated direct or indirect mechanisms (13, 22). The development of several NDs is associated with numerous viral infections (23–25), hence this bidirectional interaction between viruses and commensal microbiota could possibly contribute to the onset or progression of a ND. According to the “multiple hit” hypothesis the development of NDs requires the combinatorial action of multiple ND-associated risk factors (26). However, it still remains undetermined how the combinatorial effect of multiple risk factors contributes to disease development. Therefore, as both microbiota and viral infections are environmental factors associated with NDs, it is important to investigate how microbiota-virus interactions might contribute to ND development.

Network-based approaches have been extensively utilized to provide insight into microbe-host interactions, through the analysis of various single-omics data including proteomics, transcriptomics and metabolomics (27–30).Various network-based methodologies have been employed to analyze microbe-host interaction networks, with the most common methods being topological analysis, such as modules and community detection, as well as functional analysis (31, 32). In addition, some studies have used multi-omics approaches to investigate pathogen-host interactions (33). However, only a few studies used multi-omics network approaches to investigate microbiome data (27). Moreover, several studies have used network approaches to investigate microbe-microbe interactions, with the majority investigating bacteria-to-bacteria interactions, whereas only a few studies have investigated viral or fungal interactions (27, 34). Although several studies have used network approaches to investigate the role of viruses in the triggering of diseases, there is a lack of studies that focus specifically in the development of NDs (35). In our previous work, we have developed our own integrative network-based bioinformatics methodology which was utilized to identify viral-mediated pathogenic mechanisms by which viruses associated as risk factors for MS could lead to its development, through virus-host protein-protein interactions (PPIs) (36).

In this paper, we extend upon the methodology developed in our previous work (36) and use an integrative multi-omics network-based bioinformatics approach to investigate the immunomodulatory effects of both microbiota (bacteria and fungi) and viruses in general and ND specific states. To our knowledge, this is the first study that uses network-based approaches to investigate how microbiota-virus interactions might contribute to NDs development. We first, investigate the contribution of the immunomodulatory effects of microbiota (bacteria and fungi) in shaping immune responses and influencing the formation of immunological memory cells via the production of their metabolic products. We aim to also identify microbiota components which, through their immunomodulatory effects, might be able to influence ISPs involved in the pathogenesis of NDs. In addition, as a case study, we explore how microbiota-Epstein-Barr Virus (EBV)-immune system interactions might facilitate the development and/progression of several NDs.



2 Methods

Our pipeline approach consists of the following steps: (A) Collection from well-known Data Sources, (B) Network Reconstruction and Enrichment Analysis, (C) Similarity-Based Analysis, (D)Network Topology Analysis, and (F) Network Re-Wiring Analysis. Figure 1 illustrates the main components of our methodology.




Figure 1 | Schematic representation of our methodology used in this paper. We present the various data sources that we used to collect the data (A). Then we represent the data used for enrichment analysis and how the networks are reconstructed, including the MMI network, MMDI networks, EBV-ND PPI networks and EBV-host PPI network (B). Then we also present the two similarity-based analysis methods used to analyze the data, the agglomerative hierarchical clustering analysis and the pairwise similarity network analysis (C). We also indicate the three network topology metrics (degree, strength and articulation points) (D), that were used to analyze the pairwise similarity network (microbiota-to-microbiota association network). Finally, we present the re-wiring analysis that was used to perform pairwise network comparison between the MMDI networks (E).




2.1 Data sources


(i) Collection of microbiota data

To investigate the effects of microbiota-derived metabolic products on ISPs we first mined the Human Metabolome Database (HMDB) (version 4.0) (37) to collect microbiota derived-metabolites found in the feces, blood and cerebrospinal fluid (CSF) of human samples. We used an in-house developed R script to parse the feces, serum and CSF xml datasets (datasets downloaded in xml format) from the HMDB with the aim to identify and extract only the metabolites that had biological disposition in bacteria and/or fungi (release date:2020-09-10). Specifically, for each of the metabolite’s data contained within each of the three xml datasets, our script examined whether the metabolite in their biological disposition section was containing the terms “Fungi” or “Bacteria”. If these terms were present in the metabolite data, the algorithm classified the corresponding metabolites as associated to fungi and/or bacteria and it also extracted the names of these fungi or bacteria, if they were available Overall, from the feces, serum and CSF xml datasets, after removing duplicates, we identified 188 metabolites that were indicated to be produced by bacteria and fungi. From these 188 metabolites, 157 were indicated to be produced only by bacteria and 11 to be produced only by fungi, whereas 20 of them were indicated to be produced by both bacteria and fungi. Based on the data extracted after parsing the xml datasets from HMDB, we were able to collect the names of microbiota that produce most of the 188 identified microbiota-derived metabolites, which included either species or strains or genera names. More specifically, we extracted 397 names (genera/species/strains) of bacteria or fungi which were associated with 138 out of the 188 identified microbiota-derived metabolites. However, although the other 50 of the microbiota-derived metabolites were indicated to have biological disposition in bacteria or fungi, no specific names were provided by the HMDB database. From these 50 microbiota-derived metabolites, 49 were indicated to be produced by bacteria and 1 by fungi. Therefore, in total we extracted 671 microbiota names-to-metabolite associations, including the 50 microbiota-derived metabolites without associated names, which were indicated under the general annotation of bacteria or fungi associated.

Through the above-mentioned parsing of HMDB, we generated metabolite-to-gene associations by collecting the associated genes for each metabolite. For the same set of the 188 metabolites, we also collected metabolite-to-gene associations using the MetaboAnalyst tool (version 5.0) (38), that provides metabolite-to-gene associations which are extracted from STITCH (‘search tool for interactions of chemicals’) database (39). Then we combined the metabolite-to-gene associations obtained from HMDB and STITCH databases, and we removed duplicate entries. These resulted in 5931 metabolite-to-gene associations between 130 out of the 188 microbiota-derived metabolites and 2085 human genes, whereas no metabolite-to-gene association data were available for the rest 58 microbiota-derived metabolites.



(ii) Collection of NDs disease-associated data

Using the same approach as in our previous work (36), we obtained disease-associated gene data for each of the four NDs (ALS, AD, PD and MS) using the STRING: disease query of the StringApp in Cytoscape, which is a network visualization and analysis tool (40). The STRING: disease app allows to easily import disease-associated data which are extracted from the DISEASES database (41) into Cytoscape, which automatically creates a PPI disease network. We obtained the top 200 highly disease-associated genes, which had the highest disease association score, for each of the four NDs. The confidence cut-off score of interactions between the human proteins was set at 0.8 for all four ND disease-associated networks. The confidence cut-off score determines the quality of the evidence on whether the interaction between the proteins is likely to be true, with confidence values ranging from 0 (low) to 1.0 (high) (42).



(iii) Collection of viruses-host PPI data

Virus-host PPI data for EBV were obtained from PHISTO (43) and VirHostNet 3.0 (44) databases, which provide experimentally validated pathogen-host PPIs. Then we combined the virus-host PPIs data that we obtained from these two databases and removed duplicated entries, resulting into 7069 EBV-human host PPIs. The data contains 153 EBV proteins from four EBV viral strains (GD1, B95-8, AG876, HHV4 type 2) that target 1247 human proteins. Based on its genome, EBV has been found to have a coding potential of around 80 viral proteins, however not all proteins have yet been identified. The generated EBV-human host PPIs dataset contains 48, 59, 45 and 1 viral proteins from the EBV strains GD1 (taxid id:10376), B95-8 (taxid id: 10377), AG876 (taxid id: 82830) and HHV-4 type 2 (taxid id: 12509), respectively.




2.2 Network reconstruction and enrichment analysis

For the purpose of this investigation, using the data collected above we reconstructed and visualized the following three types of networks:


(i) Microbiota - metabolites - GO ISP terms network

To model the immunomodulatory effects of microbiota-derived metabolites produced by bacteria and fungi, we constructed a microbiota - metabolites -Gene Ontology Immune System Processes (GO ISPs) network, called MMI network, using visNetwork package in R (45). The constructed network contains three types of nodes, (a) microbiota (bacteria and fungi), (b) metabolites and (c) GO ISPs terms. It also contains three types of edge interactions between the nodes: (a) microbiota-to-metabolite, (b) metabolite-to-GO ISP and (c) GO ISPs-to-GO ISPs. To identify the GO ISPs that are modulated by microbiota-derived metabolites, we performed enrichment analysis on the 2085 human genes that are targeted by the 130 microbiota-derived metabolites. Enrichment analysis was performed using the ClueGO app (46) in Cytoscape using the GO ISPs database and keeping only significantly enriched terms with adjusted P -value ≤0.05 (corrected with Benjamini-Hochberg). Then the enriched GO ISPs terms were merged with the microbiota-to-metabolite associations obtained from the HMDB database, in order to construct the MMI network. Table 1 indicates the characteristics of the MMI network, which is composed of 472 nodes and 3770 edges.


Table 1 | Characteristics of the MMI network.





(ii) Microbiota-metabolites-ND associated genes- GO ISPs networks


To identify disease-associated genes that can be modulated by microbiota components in each of the four NDs (ALS, MS, AD and PD), we merged the microbiota-metabolites-genes interactions, collected in Section 2.1 (i), with each of the 200 disease-associated genes of these diseases. For each of the four NDs we then constructed a microbiota-metabolites-ND associated genes- GO ISPs (MMDI) network. More specifically, to create the four MMDI networks we first performed enrichment analysis on the 200 disease-associated genes for each of the four NDs, using the same parameters as in the enrichment analysis performed in part (i). Then we merged the microbiota-metabolites-genes interactions with the ND-associated genes and the ND siginificantly enriched GO ISP terms, allowing to construct the four MMDI networks. Then for each of the four MMDI networks we only retained microbiota components and metabolites that interact with the ND-associated genes. This allowed to identify microbiota components which produce metabolites that target genes associated with these diseases and therefore can modulate ND-associated GO ISPs. The characteristics of each of the four MMDI networks are described in Table 2.


Table 2 | Characteristics of the MMDI networks of MS, PD, ALS and AD.





(iii) EBV-ND PPI Networks

To investigate the possible contribution of microbiota - virus interactions in the development of NDs, we used the case of EBV, which has been associated with the development of three out of the four selected NDs, namely AD, MS and PD (47–49). The development of ALS was not strongly associated with EBV and hence was excluded from this part of the analysis. First, we created an EBV-host PPI network in Cytoscape using the virus-host PPI data collected in Section 2.1 (iii), resulting in a network of 1400 nodes and 7069 edges. We then performed enrichment analysis on the 1247 human protein targets of EBV proteins in the EBV-host PPI network, using the same parameters as before, with the aim to identify GO ISPs that can be modulated by EBV.

In order to identify the immunomodulatory effects of EBV in the three remaining NDs, we merged the EBV-host PPI network with each of the 200 disease-associated proteins (from the corresponding genes), resulting in the construction of three integrated EBV-ND PPI networks. Then we performed enrichment analysis on the human protein targets of EBV and their first neighbors, extracted from each of the three integrated EBV-ND PPI networks. The human proteins used to perform enrichment analysis were 1392, 1389 and 1381 for AD, PD and MS respectively.




2.3 Similarity-based analysis


(i) Microbiota and microbiota-derived metabolites based on GO ISPs interactions

Using the MMI network, we extracted three network projections that involve the direct relationships between (A) metabolites and GO ISPs, (B) microbiota and GO ISPs and (C) microbiota and metabolites, illustrated in Figure 2. From the MMI network we isolated the edge interactions between metabolites and GO ISPs, and the edge interactions between microbiota and metabolites, to generate the two projections respectivelly, namely the (A) metabolites and GO ISPs and the (C) microbiota and metabolites. In addition, in order to extract the projection (B) microbiota-to-GO ISPs, we had to first identify for each microbiota in the MMI network all the connected metabolites and also identify the GO ISPs that interact with these metabolites. For the last two network projections, (B) and (C), we only retained microbiota with known genera/species/strain name, thus removing microbiota with unknown name. Then, we performed similarity-based analysis to identify clusters of (A)microbiota-derived metabolites, shown in Figure 2A, and (B) microbiotas (genera/species/strains), shown in Figure 2B, that have similar or dissimilar immunomodulatory effects, based on the GO ISPs that they can modulate. By using the two projections that involve the direct relationships between (A) metabolites and GO ISPs and (B) microbiota and GO ISPs we created two binary matrices. The microbiota to GO ISPs matrix included 256 microbiota and 120 GO ISPs, whereas the microbiota-derived metabolites to GO ISPs included 73 metabolites and 120 GO ISPs. Then by using the vegan package in R (50) we measured the similarity between metabolites and microbiota based on GO ISP terms effects using the Jaccard similarity index. Then, by using the factoextra package in R (51) we performed agglomerative hierarchical clustering on the two projection similarity results, using the average method. Agglomerative hierarchical clustering is an unsupervised clustering method that allows to group objects into clusters based on their similarity. It works very well for small datasets and allows to easily extract information from the analyzed data. There are several methods that can be used to compute the distance between the clusters in hierarchical clustering, such as “average”, “single” or “median” methods. In analyzing these datasets, we used the “average” method because it had the highest correlation coefficient value between the cophenetic distance (distance in the vertical axis of the tree) and the original distance metric used for the clustering. This was a marker of validity of the clustering method that we used. The similarity-based analysis that was performed on the metabolites and GO ISPs projection, Figure 2A, and the microbiota to GO ISPs projection, Figure 2B, were used to identify metabolites and microbiota, respectively, which had similar or dissimilar immunomodulatory effects.




Figure 2 | Schematic representation of the three network projections extracted from the MMI network, that involves the direct relationships between: (A) metabolites and GO ISPs, (B) microbiota and GO ISPs and (C) microbiota and metabolites. For each projection the illustration indicates the main methodology used and the output obtained from each projection.





(ii) Synergestic relatioships between microbiota components in modulating ISPs

Microbiota components that produce the same metabolites influence the same ISPs and thus have the same effects on those processes. Thus, we used the direct relationships of microbiota components and their metabolic products, Figure 2C, to investigate the possible presence of synergestic actions between microbiota components in modulating ISPs. To identify the microbiota components that can affect the same GO ISPs we created a microbiota-to-microbiota associations network, based on pairwise similarity using List2Net (https://c-big.shinyapps.io/list2net/), a shiny application created by our group, that transforms lists of data to networks based on pairwise commonalities. Therefore, within the network, a microbiota component is connected with an edge with another microbiota component based on the common metabolites they produce. The weight of each edge is the sum of the common metabolites between each two connected microbiota components. The application also provides network metrics of various topological analysis measures, including degree and strength centralities. The degree centrality indicates the number of connections between two microbiota components and it was used to identify the microbiota components that have the highest number of associations with other microbiota components. The strength centrality, indicates the sum of the weights of all the links each node has and it was used to identify the Top 10 microbiota components with the highest potential to exert synergistic ISP effects. In addition, List2Net also provides other network metrics, such as identifying articulation points within the network whose removal will disconnect the largest connected microbial module within the network into several smaller modules. The articulation points metric was used to identify microbiota components within the network whose presence was important for ensuring network connectivity.



(iii) EBV and microbiotas common ISP effects in general and ND specific states

We used a Venn diagram, to compare the 53 EBV significantly enriched GO ISP terms obtained from the EBV-host PPI network with the 120 GO ISP terms associated with microbiota from the MMI network. The comparison revealed 24 common GO ISPs that can be modulated by EBV and microbiota components. The number of the microbiota components that co-modulate with EBV these 24 GO ISPs was found to be 241. Similarity-based analysis was performed between the 241 microbiotas and EBV based on their similarity to modulate the 24 common GO ISPs, by using the same methodology as in part (i). The similarity-based analysis was used to arrange the 241 microbiotas based on how similar or dissimilar immunomodulatory effects they had in respect to these 24 common GO ISPs with EBV.

In addition, we compared the EBV significantly enriched GO ISPs per disease (AD, MS and PD) with the GO ISPs that have been identified to be modulated by microbiota components in the corresponding MMDI networks identified in Section 2.2 parts (ii) and (iii). This allowed to identify ND-associated GO ISPs that can be modulated by both microbiota components and EBV.




2.4 Network re-wiring of the immunomodulatory effects of microbiota in ND states

Microbiota-host interactions are not static, but rather a dynamic process that changes in different conditions, such as in disease states. Network re-wiring allows to capture how the connectivity of molecular interactions changes under different disease states. Therefore, to investigate the role of microbiota-host interactions in influencing ISPs in the four NDs, we used the DyNet app in Cytoscape which allows to visualize and analyze dynamic changes in molecular interactions in multi-states (52, 53). The DyNet app performs pairwise network comparison, where two networks are compared based on their similarity of their nodes and edges. Therefore, it allows to identify nodes and edges which are present in both networks and are indicated in white color, Figure 7. It also indicates nodes/edges that are only present within one of two networks, indicated in the one network as red and in the other as green, Figure 7. Network-rewiring analysis allows to identify differences and commonalities of the interaction of microbiota with the GO ISPs associated with the four ND states.




3 Results


3.1 Comparison between bacterial-versus fungi-derived metabolites

Based on the data collected from the HMDB, we were able to identify 188 metabolites in the feces, serum and CSF human samples that can be produced by bacteria and fungi. From these metabolites, 157 can be produced only by bacteria, 11 can be produced only by fungi, whereas 20 can be produced by both bacteria and fungi. Comparison between the bacterial-derived metabolites found in the different human samples, Figure 3A, indicates that from the 152 metabolites that were found in the feces samples, 125 can also be found in the serum samples and 48 of these metabolites are also in the CSF samples. This possibly suggests that 125 metabolites from the gut can pass into the bloodstream (systemic circulation) and then 48 of these metabolites can also reach the brain. In addition, comparison between the fungi-derived metabolites found in the different human samples, Figure 3B, indicates that 21 of the metabolites found in the gut (feces samples) can enter into the bloodstream and then 12 of these metabolites can also possibly reach the brain.




Figure 3 | Comparison of the (A) bacterial-derived and (B) fungi-derived metabolites found in the feces, serum and CSF human samples, obtained from the HMDB database.



However, we also observe that some bacterial-derived metabolites, Figure 3A, are not found in the feces samples. More specifically, 17 metabolites are only found in the serum, 6 both in the serum and CSF and 2 only in the CSF. Also, similarly few fungi-derived metabolites, Figure 3B, are not found in the feces samples. Specifically, 2 metabolites are only found in the serum and 2 metabolites are found in both the serum and CSF. This is probably because these microbiota-derived metabolites are not produced by microbiota located in the gut, but are rather produced by other commensal microbiota in other tissues.



3.2 GO ISPs associated with the gene targets of the microbiota-derived metabolites

The GO ISPs enrichment analysis results of the 2085 human genes that are targeted by the 130 microbiota-derived metabolites revealed 120 statistically significant GO ISPs, which are associated with 542 out of the 2085 of the human genes used for enrichment analysis, Table 3. These 542 human genes are targeted by 93 microbiota-derived metabolites, of which 81 are known to be produced only by bacteria and 12 are produced by both bacteria and fungi.


Table 3 | GO ISPs enrichment analysis results of the 2085 human gene targets of the 130 microbiota-derived metabolites indicating the % of terms that belong into each functional group.



The GO ISPs results, shown in Table 3, indicated that 20.49% of the GO ISP terms belong to the group of positive regulation of leukocyte migration and 7.38% belong to the group of myeloid leukocyte differentiation. This indicates that microbiota can regulate and shape myeloid and lymphoid cells function and differentiation, which is also supported by existing literature (9). For example, microbiota-derived metabolites were shown to be able to stimulate the migration of neutrophiles at the site of inflammation or injury (54–56).

In addition, 14.75% of the enriched terms belong to the group of complement activation, classical pathway that involves processes that lead to the negative or positive regulation of the complement system via activation through the classical pathway. The results of our analysis is consistent with existing evidence indicating that pathogenic bacteria and commensal microbiota can hijack regulatory proteins of the complement system (57) and its activation (58). The complement system plays an important role in innate immune system defenses against pathogens and it also complements antibody responses against pathogens by the adaptive immune system (59). It also plays a critical role in commensal microbiota-immune system symbiosis and health homeostasis (60, 61). Improper complement system recognition of commensal microbiota as pathogenic will result in excessive immune responses and lead to the emergence of immune-mediated diseases (60, 61). Therefore, the ability of microbiotas to modulate the classical complement pathway indicates that they can affect both innate and adaptive immune responses against opportunistic pathogens and improper activation of this system can contribute to disease emergence.

The enrichment analysis results also indicated that 11.48% of the enriched GO ISPs terms belong to the group of antigen receptor-mediated signaling pathway, that involves the molecular signals that are initiated by the cross-linking of an antigen receptor on B or T cells. This pathway is essential for the activation of B-cells and their differentiation into either short-lived plasma cells that produce and secrete antibodies or memory B cells (62). In addition, this pathway is also essential for the activation of T cells and their differentiation into effector T cells that have different functions: cytotoxic T cells, helper T cells, regulatory T cells and memory T cells (63). Therefore, the results of our analysis indicate that microbiota have the ability to modulate through metabolite -gene interactions the signaling pathways that are involved in the activation and differentiation of B and T cells and thus the formation of immunological memory.

Moreover, 10.66% of the enriched terms belong to the group of humoral immune response mediated by circulating immunoglobulin, which involves immune responses mediated by antibodies produced by plasma B cells. Interestingly, 1.64% of the terms belong to the group of antimicrobial humoral immune response mediated by antimicrobial peptides, which suggests that microbiota can also specifically modulate antibody immune responses against microbes. In addition, 3.28% of terms belong to the group of neutrophil-mediated killing of symbiont cell that involves the direct killing by a neutrophil of symbiotic microbiota. Therefore, microbiota can upregulate or downregulate humoral immune responses against invading pathogens and also modulate ISPs that are involved in host-symbionts interactions. This is supported by evidence that indicates that gut commensal microbiota can affect antibody production, particularly immunoglobulin A (IgA), and the production of autoantibodies (64, 65).

Furthermore, 1.64% of the terms belong to the group of microglia cell activation, which are considered as the resident macrophages of the CNS and play an important role in inflammation and infection within the brain (66). Therefore, the results of our analysis indicate that microbiota can also affect the regulation of innate immune responses in the CNS. This is supported by experimental evidence indicating that microbiota can affect the maturation and activation of microglia cells through the production of SFCAs and NTs (67, 68).



3.3 Similarity-based analysis results on the immunomodulatory effects of microbiota and their metabolites

The agglomerative hierarchical clustering of the 93 microbiota-derived metabolites that interact with the 542 genes that are associated with the 120 GO ISPs, indicated the presence of 14 clusters of metabolites based on similarity of GO ISP effects, shown in Figure 4. The clustering analysis results showed that several NTs, such as acetylcholine, gamma-aminobutyric acid, serotonin, norepinephrine, epinephrine, histamine and dopamine belong to the same cluster and descent from the same branch indicating that they exert similar immunomodulatory effects. Interestingly, acetaldehyde metabolite which is a byproduct of alcohol and the metabolite ethanol also belong to the same cluster and descent from the same branch as these NTs. Also, the hormone metalonin and the gasotransmitter hydrogen sulfide belong the the same cluster. In addition, the SCFAs butyric acid,proprionic acid, and salicylic acid which is the major metabolite of aspirin are also in the same cluster. This indicates that these microbiota-derived metabolites can exert similar immunomodulatory effects.




Figure 4 | Clustering dendrogram of the 93 metabolites that target the 542 genes that were found to be associated with the 120 GO ISPs, based on their interaction similarity with GO ISPs.



Whereas, contrary to formic acid and proprionic acid, acetic acid which is also an SCFA, belongs in a distant cluster, inidicating dissimilar immunomodulatory effects between acetic acid and these two SCFAs. Disimilar effects can also be seen between L-lactic acid and its harmful enantiomer D-lactic acid, where the former is in the same cluster as 4-hydroxcinammic acid and the neurotransmitter phenylethylamine. Whereas, D-lactic acid is in a distant cluster and exert similar effects with the metabolites hydrocinammic acid, which is a carboxylic acid, and tyrosol, which is a phenolic antioxidant compound that can be found in natural sources, such as wine an virgin olive oil.

Moroevoer, the clustering results indicated that several metabolites can exert exactly the same immunomodulatory effects, such as the SCFA formic acid which exerts exactly the same ISP effects as flutaric acid. Exactly the same immunomodulatory effects can also be observed between the metabolites phenol, glycolic acid and ascorbic acid, also known as vitamin C.

Furthermore, the agglomerative hierarchical clustering results of the 256 microbiotas based on GO ISP terms similarity indicated the presence of 14 clusters. The results of the agglomerative hierarchical clustering can be found in Figure 1 of Supplementary File 1. The analysis results indicated that several microbiotas can affect exactly the same ISPs via their metabolic products. This suggests that groups of microbiota can influnce the same ISPs, however it does not necessarily mean that their effect on these processes is the same as they might Interact with different genes. Therefore, the composition of the metabolites they produce and their respective gene targets will determine the outcome of the interaction between a microbiota and an ISP, resulting in its activation or inhibition.



3.4 Synergistic combinatorial effects of microbiota components on ISPs

To identify modules of microbiota that produce the same metabolites and thus affect the same ISPs, we created a microbiota-to-microbiota associations network (256 nodes, 2654 edges) based on pairwise similarity of the 72 metabolites the 256 microbiotas (genera/species/strain) produce. Visualization of the network indicated that the majority of microbiota components produce at least one metabolite that is also produced by another microbiota component, forming a large connected microbial module. This suggests that several pairwise groups of microbiota components can modulate ISPs via similar mechanisms through their metabolic products, resulting in synergistic immune mediated effects. In addition, based on the constructed network, only 6 microbiota components produce unique metabolites. The network is also composed by two small connected microbial modules. The first one contains only methane producing bacteria, known as methanogens, thus these microbiota components modulate the immune system in the same way. The second microbial module contains two Lactobacillus species, the Lactobacillus plantarum and Lactobacillus paracasei, where they share 1 metabolite that is not shared by other microbiota components.

In addition, network analysis of the microbiota-to-microbiota associations network, revealed 9 microbiota components that can act as articulation points within the network, namely: Clostridium beijerinckii species, Pseudomonas putida species, Micrococcus genus, Klebsiella genus, Pseudomonas fluorescens species, Escherichia coli species, Lactobacillus genus, Corynebacterium glutamicum species and Alcaligenes genus. Articulation points are nodes within the network, whose removal will disconnect the largest connected microbial module into several smaller modules, thus these microbiota components are essential for ensuring network connectivity. Some of the identified articulation points are known opportunistic pathogenic organisms, such as Escherichia coli species, Klebsiella genus, Alcaligenes genus and Pseudomonas putida species. Whereas, other articulation points, such as Lactobacillus genus, are known beneficial gut microbiota, which are also found in probiotic supplements. Pseudomonas fluorescens species, which act as an articulation point, reside in low levels in various body sites and are considered non- pathogenic. However, they can cause acute opportunistic infection in rare occasions, and interestingly they have been associated with the development of Chron’s disease (69, 70). In addition, Clostridium beijerinckii is also a non-pathogenic clostridia species, unlike other known clostridia species, like Clostridium difficile and Clostridium botulinum that are known human disease-causing pathogens (71).

Network analysis also allowed to identify the microbiota components which have the highest degree of pairwise similarity of metabolites which are also produced by other microbiota components, with the Top 10 high degree indicated in Figure 5A. Interestingly, almost all of the Top 10 high degree microbiota components are either known human pathogenic or opportunistic pathogens, with the exception of Ruminococcus genus which are not considered to be opportunistic pathogens. However, several members of the Ruminococcus genus are commensal gut microflora and alternations in their abundance has been found in several NDs, including MS (72, 73), PD (74–76), AD (77) and ALS (78), but also other diseases such as Chron’s disease (79–81). Escherichia coli genus which has the highest degree of pairwise similarity of metabolites which are also produced by other 129 microbiota is also a commensal gut microbiota, but it can become pathogenic when it infects other tissues. Moreover, several of the other high degree microbiota components are also commensal microbiota that can become pathogenic when their abundance increases or they migrate to other tissues, such as the genera Staphylococcus, Streptococcus, Alcaligenes and Enterococcus. Therefore, the network analysis results indicate that human pathogenic bacteria have a high degree of pairwise similarity with other microbiota components, which not only allows them to influence multiple ISPs, but also allows them to exert synergistic immunomodulatory effects. In addition, Figure 5B, indicates the Top 10 microbiota components which have the highest node strength, which is the sum of weights of the links connected to the node, hence node strength indicates the microbiota components with the highest potential of synergistic immunomodulatory effects.




Figure 5 | (A) The Top 10 microbiota components with the highest degree of pairwise similarity of metabolites that are also produced by another microbiota component. (B) The Top 10 microbiota components with the highest strength topology, thus having the highest potential to exert synergistic effects. Figure also illustrates the associated microbiota pairs of each of the Top 10 synergistic microbiota components as a microbiota-to-microbiota association network.





3.5 Possible microbiome-host-immune system interactions in NDs

Perturbations in microbiome-immune system interactions have been associated with the development of NDs (82, 83). Therefore, to investigate the possible role of the immunomodulatory effects of microbiota-metabolic products in NDs we first identified for each of the four NDs (AD, PD, MS and ALS) the number of disease-associated genes that can be also targeted by microbiota components via their metabolic products, which are termed intersections nodes. More specifically, we identified 68, 91, 72 and 93 intersection nodes in MS, AD, ALS and PD, respectively. Table 4, indicates the number of genes out of the top 200-disease associated genes included in the analysis for each ND, which can act as intersection nodes, including also the number of microbiota components and their metabolic products that interact with these intersection nodes. The results indicate that AD and PD have the highest number of disease-associated genes that are targeted by microbiota-derived metabolites, as they have 91 and 93 intersection nodes, respectively. In addition, the number of microbiota components that can interact with these intersection nodes is also higher in AD and PD compared to MS.


Table 4 | Characteristics of the interaction of microbiota and their metabolites with NDs-associated genes.



Moreover, through the reconstruction and visualization of the MMDI networks for the four NDs, we were able to identify specific disease-associated genes associated with ISPs that are also interactors and modulated by microbiota via metabolite-to-gene interactions. Table 5 indicates for each of the four MMDI networks the number of intersection nodes that are associated with ISPs and the number of microbiota nodes and their metabolic products that interact with the ISP- associated intersection nodes. These results indicate that although MS has the least number of disease-associated genes that are targeted by microbiota-derived metabolites, the majority of these genes are associated with GO ISP enriched terms. On the contrary, in AD and PD which have the highest number of disease-associated genes that are targeted by microbiota-derived metabolites, only approximately one-third of these intersection nodes are also associated with GO ISPs. In addition, in ALS less than one-third of intersection genes are associated with GO ISP enriched terms. However, the results also indicated that these GO ISP- associated intersection nodes in each of the four NDs can influence either all or the majority of the GO ISP terms associated with these diseases. More specifically, the GO ISP-associated intersection nodes participate in 295 out of the 303, 63 out of the 63, 28 out of the 30 and 95 out of the 97 ISPs, in MS, PD, ALS and AD, respectively. This suggest that the GO ISPs-associated intersection nodes which are targeted by microbiota have pleiotropy in ISP effects, which possible allows microbiota to affect multiple disease related ISPs.


Table 5 | Characteristics of the immunomodulatory effects of microbiota and their metabolites in the MMDI networks.



Comparison between the microbiota components and microbiota-derived metabolites that have been identified to influence the ISP-associated intersection nodes for the four NDs, indicated that there are 65 common microbiotas and 21 common metabolites between all four NDs. In addition, comparison between the GO ISPs that can be modulated by microbiota in the four ND states indicated that they share 19 common GO ISPs, that can be modulated by microbiota components, shown in Figure 6.




Figure 6 | Comparison of the GO ISPs that can be modulated by microbiota components in the four ND states AD, MS, ALS and PD, highlighting the 19 common GO ISPs.





3.6 Network re-wiring of the immunomodulatory effects of microbiota in NDs

The immune system at equilibrium has a certain set of interactions and nodes, whereas at disequilibrium new nodes and interactions will emerge due to the activation of ISPs associated with the inflammatory trigger or the disease state. This dynamic change of immune system molecular interactions gives rise to specific disease immune phenotypic profiles. This “re-wiring” in the network of molecular interactions due the presence of a disease state could be also reflected in the re-wiring in the networks of microbiota-host interactions. Therefore, it is expected that the effect of the same microbiotas might be different in different diseases due to the different immune profiles and different perturbations that will emerge from microbiota-host interactions. This is because immune system re-wiring due to a disease condition will lead to the emergence of new interactions and nodes which would also change the immunomodulatory effects of microbiota-host interactions.

To investigate the level of re-wiring of the immunomodulatory effects of microbiota via metabolite-gene interactions under the four NDs we used the DyNet app in Cytoscape, where we performed pairwise network comparison which allowed to identify nodes and edges that differ between two networks. Figure 7, illustrates the pairwise comparison between all the pairs of MMDI networks. The pairwise comparison between the four MMDI networks, indicated that MS compared to the other three NDs (ALS, PD and AD) has a higher level of network re-wiring due to the presence of several nodes and edges that are not present in the other three networks. In addition, the pairwise comparison indicated that ALS has the least level of network re-wiring compared to the other three NDs (AD, PD and MS). Moreover, the comparison indicated that the level of re-wiring between AD and PD is not high, as they share several common nodes and edges, and have relatively few different nodes and edges.




Figure 7 | Pairwise network comparisons between the MMDI networks, with red nodes/edges indicating nodes only present in one network and green nodes/edges indicating nodes that are only present in the other network, whereas white nodes indicate common nodes between the two networks.





3.7 Possible contribution of microbiota - EBV interactions in the development of NDs

Both microbiota and viruses have the ability to influence ISPs, with microbiota exerting their immunomodulatory effects via their metabolic products and viruses through their viral proteins. In addition, both viruses and microbiota have been associated with the development of NDs, hence microbiota-virus interactions might contribute to the development of NDs as well. Viruses, through PPIs can manipulate host ISPs and lead to their dysregulation, which might contribute to the development or progression of NDs. Therefore, we explored whether microbiota components that have immunomodulatory effects can modulate similar ISPs as viruses associated with NDs. To explore these similarities, we used the case of EBV which is associated with the development of three NDs (AD, PD and MS) and because EBV is a well-studied virus that has lots of available PPI data.

We first performed enrichment analysis on the 1247 human protein targets of EBV proteins to investigate the effects of EBV in general, which revealed 53 significantly enriched GO ISP terms. Then we compared the EBV significantly enriched GO ISP terms with the 120 GO ISP terms associated with microbiota from the MMI network, which revealed 24 common GO ISPs that can be modulated by both EBV and the 241 microbiotas. Subsequently by using the microbiota-to-GO ISPs projection of the MMI network we extracted and identified the microbiota components which can influence these 24 GO ISPs which are also modulated by EBV. Then we performed similarity-based analysis between the 241 microbiotas and EBV to group them into clusters based on their ability to modulate these 24 common GO ISPs. The clustering results indicated the presence of 24 clusters of microbiotas. The clustering results (see Figure 2 of Supplementary File 1) indicated that 9 out of the 241 microbiotas belong to the same cluster with EBV and thus, like EBV, they can modulate all of the 24 GO ISPs, Figure 8. More specifically these microbiota components are: Roseburia genus, Lactobacillus genus, Hansenula polymorpha species, Faecalibacterium prausnitzii species, Eubacterium genus, Coprococcus comes species, Coprococcus eutactus species, Anaerostipes genus and Baccillus genus. Lactobacillus are considered as “friendly” bacteria that live symbiotically within the human host exchibiting health promoting effects and protect against pathogenic organisms (84). In addition, the Lactobacillus and Bacillus genera are found in probiotic supplements, with Lactobacillus being the most common genus used for probiotics (85, 86).




Figure 8 | Cluster from the similarity results of EBV with the 241 microbiota that can affect the 24 ISPs that can be modulated by both microbiota components and EBV, highlighting the branch that EBV belongs to and the microbiota components that can also affect all 24 of the common GO ISPs.



However, as already mentioned, pathogen-host interactions in disease states differ from healthy state due to the emergence of new interactions and processes that arise based on the pathological mechanisms activated as a result of the disease. Therefore, in order to investigate the possible microbiota-EBV interactions in modulating GO ISPs associated with NDs, we first created three integrated EBV-ND PPI networks, where the EBV-host PPI network was merged with the disease-associated proteins of each of the three NDs (AD, PD and MS). Then, to identify GO ISPs that can be modulated by EBV in each of the three NDs, we performed enrichment analysis on the human protein targets of EBV proteins and their first neighbors in each of the integrated EBV-ND PPI networks. The enrichment analysis of EBV PPI in NDs, indicated that the number of significantly enriched GO ISPs that can be modulated by EBV in MS disease states are 235, in PD state are 87 and in AD state are 99.

Then we compared the EBV GO ISP enriched results in the three NDs, with the GO ISPs that can be modulated by microbiota components in the three ND states, which allowed to identify for each ND state the GO ISPs that can be modulated by both microbiota components and EBV. The comparison between the immunomodulatory effects of EBV and microbiota in MS disease, indicated that 169 MS-associated GO ISPs can be modulated by both microbiota components and EBV. Similarly, comparison of the immunomodulatory effects of EBV in PD and AD diseases with the immunomodulatory effects of microbiota on the GO ISPs associated with these disease states, indicated 18 and 36 common ISPs that can be modulated by both microbiota components and EBV, respectively. These results indicate that in MS there is a higher number of disease-associated ISPs that can be modulated by both microbiota and EBV infection, than in PD and AD. Therefore, it is possible that microbiota-EBV interactions, in terms of their immunomodulatory effects, might play a more significant role in MS pathogenesis rather than PD and AD.




4 Discussion

In this study we performed a network-based bioinformatics approach with the aim to first investigate the immunomodulatory effects of microbiota (bacteria and fungi) through their metabolic products. We also explored how various microbiota components, through their immunomodulatory effects, might be able to influence ISPs associated with NDs, and thus possibly contribute to their development and/or progression. In addition, we explored the immunomodulatory effects of EBV, which is associated with the development of the three NDs, MS, AD and PD, both in general and ND specific states. Moreover, we examine how microbiota-virus interactions might contribute to the modulation of ISPs associated with pathogenic mechanisms involved in NDs. Our network-based methodology is summarized in Figure 1.

Statistically significant enrichment analysis revealed 120 GO ISP terms that can be modulated by 93 microbiota-derived metabolites through their interaction with 542 human gene targets. The GO ISPs results, Table 3, indicated that 20.49% of the GO ISP terms belong to the group of positive regulation of leukocyte migration. During tissue damage or infection migration of circulating blood leukocyte cells are an important component in the elimination of the inflammatory triggers and tissue repair process (87). Leukocyte migration is also essential for the resolution of inflammatory processes and uncontrolled migration of leukocytes cells is observed in inflammation and NDs. Therefore, microbiotas through their metabolic products can influence immune responses during inflammatory triggers.

In addition, 7.38% of the enriched terms belong to the group of myeloid leukocyte differentiation. Myeloid cells are important in mounting effective inflammatory responses during viral infections (88). Therefore, microbiota by affecting myelopoiesis can possibly affect innate immune responses and the formation of immunological memory against viral infections.

Moreover, 14.75% of the GO ISP terms belong to the group of complement activation, classical pathway, which plays an important role in innate immune system defenses against pathogens and also complements antibody responses against pathogens by the adaptive immune system. The complement system also plays a critical role in commensal microbiota-immune system symbiosis and health homeostasis. Improper complement system recognition of commensal microbiota as pathogenic would lead to excessive immune responses and hence to the emergence of immune-mediated diseases (60, 61). Therefore, microbiota, by interfering with the complement system, not only have the ability to affect both innate and adaptive immune responses against pathogens, but also regulate host responses against symbionts.

The enrichment analysis results also indicated that microbiota can affect the formation of memory B and T cells by modulating the signaling pathways that are involved in the differentiation of B and T cells, as 11.48% of the GO ISPs terms belong to the group of antigen receptor-mediated signaling pathway. In addition, the enrichment results indicated that microbiota can affect humoral immune response mediated by circulating immunoglobulin. This suggests that microbiota can affect antibody production. This is supported by evidence that indicates that gut commensal microbiota can affect the production of IgA, and the production of autoantibodies (64, 65). Evidence also indicates that SFCAs, which are produced by gut microbiota from dietary intake, can influence antibody production. Reduced intake of dietary fiber leads to the production of low levels of SFCAs, and this was shown to result in defective pathogen-specific antibody responses (89). Autoantibodies are a common feature of autoimmune diseases, but also of NDs, like MS, therefore improper diet in combination with altered microbiota composition might lead to the loss of self-tolerance and impaired immune responses to pathogenic organisms.

Furthermore, 1.64% of the terms belong to the group of microglia cell activation. Gut microbiota can affect the maturation and activation of microglia cells via the production of SCFAs (67) and microbiota-derived NTs (68). These microbiota-mediated effects on microglia were shown to also affect innate immune responses in the CNS against viral infections, mediated by the production of SCFAs (67). Microglia dysfunction has been implicated in the pathogenesis of several NDs, including MS, AD, PD and ALS, as they contribute to neuroinflammation (90). Altered microbiota composition has also been associated with the development of NDs, therefore microbiome-microglia interactions might influence NDs pathogenesis (68). Viruses which are also associated with the development of NDs and can also interfere with microglia functions (91). Therefore, since alternation in microbiota can influence microglia immune responses against viral infection, microbiota-virus-microglia interactions could also influence the pathogenesis of NDs.

The next step of our methodology involved the reconstruction and visualization of the MMI network that contained microbiota - metabolites - GO ISP terms interactions. From the MMI network, we extracted three network projections that involve the direct relationships between (a) metabolites and GO ISPs, (b) microbiota and GO ISPs and (c) microbiota and metabolites, illustrated in Figure 2. Projections (a) and (b) were used to identify clusters of microbiota-derived metabolites and clusters of microbiotas genera/species/strains that have similar or dissimilar immunomodulatory effects, based on the GO ISPs that they can affect. The similarity analysis results of the microbiota-derived products indicated that the majority of the microbiota-derived NTs belong to the same cluster, therefore they exert similar immunomodulatory effects. NTs can influence both innate and adaptive immune responses, with leukocyte cells expressing receptors for several NTs including glutamate, dopamine, serotonin and acetylcholine (92, 93). A bidirectional cross-talk exists between the brain and the peripheral immune system as leukocyte can also synthesize and released NTs and they can also produce cytokines that participate in the neuroimmunomodulatory circuitry (93). Therefore, NTs produced by microbiota can indirectly modulate neuroinflammation and they can also possibly affect neural regulation of innate immunity, including microglia activation (68). Interestingly, evidence indicates that microglia have also the capacity to be ‘primed’ based on their history of inflammatory stimuli and develop innate immune memory (94). Depending on the initial stimuli, repeated exposure to secondary inflammatory stimuli may enhance their responses or lead to loss of responsiveness (94). This suggests that a form of classical conditioning learning might exist in the pairing of microglia with the initial stimuli that influences responses during re-exposure. In a mouse model of AD, it was shown that application of a peripheral stimuli caused innate immune memory training of microglia cells in the brain which exacerbated β amyloidosis, whereas innate immune tolerance alleviated this effect (95). Therefore, it is possible that microbiome-derived NTs and SFCAs, which can modulate microglia maturation and activation, might also affect the priming of microglia towards inflammatory stimuli and thus the development of innate immune memory by microglia, which might contribute to NDs development.

In addition, the clustering results also indicated that groups of microbiota can influnce the same ISPs. However it does not necessarily mean that by targeting the same ISP the outcome of their effect would be the same as they might interact with different genes in these ISPs, thus leading to either inhibition or activation of the ISPs. Therefore, in order to identify microbiota that have the same outcome on an ISP and thus possible synergistic effets, we extracted from the MMI network the direct relationships between microbiota and metabolites, Figure 2C. Then by using the microbiota to metabolites relationships we created a microbiota-to-microbiota associations network based on pairwise similiarity to identify pairs of microbiota components that can produce the same metabolites. Topological analysis of the microbiota-to-microbiota associations network indicated the Top 10 microbiota components that had the highest degree of pairwise similarity with metabolites produced by other microbiota components. Almost all of the Top 10 microbiota components were human pathogenic or opportunistic pathogens, with the exception of Ruminococcus genus. This suggests that pathogenic bacteria by producing several metabolites that can be also produced by other microbiota components are able to influence multiple ISPs effects. This also allows them the potential to exert synergistic immunomodulatory effects with other microbiota components, which possibly provides them with increased survival and pathogenicity. The potential of synergistic actions between microbiota components through their metabolic products can possibly affect the immune responses towards the emergence of a specific immune system phenotype. This can occur when there is either an increase or a decrease in the abundance of microbiota components that produce the same metabolite. However, the outcome of the immunomodulatory effects influenced by commensal microbiota composition is not only determined by the combinatorial action of their synergistic relationships, but also by their antagonistic relationships. The metabolites produced by one microbiota component can have an opposite effect on the host’s ISPs compared to the effect of the metabolic products produced by another microbiota component, thus leading to the emergence of antagonist relationships.

The reconstruction and visualization of microbiota-host-interactions in NDs (AD, ALS, PD and MS), allowed to identify mechanisms by which microbiota components via their metabolic products might influence pathologies associated with NDs, Table 4. More specifically, it allowed to identify intersection nodes, which are nodes that are ND-associated genes but they are also genes that are targeted by microbiota components via their metabolic products. In addition, it allowed to identify intersection nodes which are associated with GO ISPs in these four ND states, Table 5. The results indicated that although MS has the least number of disease-associated genes that are targeted by microbiota-derived metabolites, the majority of these genes are associated with almost all of the GO ISPs associated with MS disease. On the contrary, in AD and PD where microbiota had the highest number of disease-associated genes that are targeted by microbiota-derived metabolites, only approximately one-third of these intersection nodes are also associated with disease-associated GO ISPs. This possibly suggests that the influence of microbiota on GO ISPs-associated with MS disease is higher than in AD and PD, thus microbiota might have a more significant role in MS disease inflammation. However, this does not mean that microbiota do not play a role in the pathogenesis of AD and PD. At least, the impact of microbiota in these diseases seems not to be mediated by their immunomodulatory effects but it can be possibly mediated by the dysregulation of other host processes. Moreover, comparison between the microbiota components and microbiota-derived metabolites that influence ND- associated ISPs in the four ND states indicated that there are 65 common microbiotas and 21 common metabolites between all four NDs, as well as 19 common GO ISPs, indicated in Figure 6.

However, although these four NDs share common microbiota and metabolites it does not mean that the immunomodulatory effects of these microbiotas are the same in these diseases as network dynamics change, due to the emergence of new interactions and nodes that stem from the disease pathology. This “re-wiring” between molecular interactions due to the presence of a disease state is also expected to change microbiota-host interactions. We investigated network re-wiring of the immunomodulatory effects of microbiota between the four NDs (AD, ALS, PD and MS) by performing pairwise network comparison which allowed to identify nodes and edges that differ between two network pairs of NDs, Figure 7. The pairwise comparison between the four MMDI networks, indicated that MS compared to the other three NDs (ALS, PD and AD) has a higher level of network re-wiring due to the presence of several nodes that are not present in the other three networks. In addition, the network re-wiring analysis indicated that ALS has the least level of network re-wiring compared to the other three NDs (AD, PD and MS). Moreover, the comparison indicated that the level of difference between AD and PD is not high, as they share several common nodes and edges having only relatively few different nodes and edges.

Finally, to investigate the possible contribution of microbiota-virus interactions in the development of NDs, we explored whether microbiota that have immunomodulatory effects can modulate similar ISPs as EBV which is associated with the development of three NDs: AD, PD and MS. To investigate the possible presence of microbiota-EBV interactions in modulating GO ISPs associated with NDs, we first constructed three integrated EBV-ND PPI networks, where the EBV-host PPI network was enriched with the disease-associated proteins of each of the three NDs (MS, PD and AD). The enrichment analysis of EBV PPI interactions in NDs, indicated 235, 87 and 99 significantly enriched GO ISPs that can be modulated by EBV in MS, PD and AD states, respectively. Comparison of the EBV GO ISPs results in the three NDs, with the ISPs that can be modulated by microbiota components in the three NDs states, allowed to identify for each ND the ISPs that can be modulated by both microbiota components and EBV. The comparison results indicated that 160 GO ISPs associated with MS disease can be modulated by both microbiota components and EBV, whereas only 18 and 36 GO ISP can be modulated in PD and AD, respectively. This possibly indicates that microbiota-virus immunomodulatory-related interactions, might play a more significant role in MS disease pathogenesis rather than in the pathogenesis of PD and AD.



5 Conclusion

In this paper, we provided a bioinformatics insight approach that tries to capture the effects of microbiota, bacteria and fungi, in shaping immune responses and influencing the formation of immunological memory cells through their metabolic products, under ND states and under ND states with EBV viral infection. We recognize that our study might have certain limitations mainly based on the completeness and the possible biases of the databases used, however despite these limitations our approach allowed us to formulate the following conclusions.

The enrichment analysis of microbiota-host interactions allowed to highlight various aspects of the innate and adaptive immune response systems that can be modulated by microbiota, which includes responses during inflammatory triggers. The results also indicated that microbiota can influence the activation and maturation of microglia which are implicated in the development of NDs.

The reconstruction of the microbiota-to-microbiota associations network based on pairwise similiarity of pairs of microbiota components that can produce the same metabolites allowed to possibly identify a potential of synergestic immunomodulatory actions between microbiota components. The pairwise similarity also indicated that known pathogenic bacteria, such as the Escherichia coli and Klebsiella genera, that can produce several metabolites that are also produced by other microbiota components, allowing them to influence multiple ISPs and thus possibly contributing to their pathogenicity.

Investigation of possible microbiota-host-immune system interactions in NDs allowed for the isolation of specific microbiota components and metabolic products that interact with disease-associated genes that participate in ISPs. The results also suggest that the impact of microbiota-derived metabolites in influencing ISPs is higher in MS, than AD, PD and ALS.

Finally, investigation of the possible contribution of microbiota- virus interactions in the development of NDs, allowed to identify ISPs that can be modulated by both microbiota components and EBV. The result of the analysis also suggests that the combinatorial action of the immunomodulatory effects of microbiota-EBV interactions might play a more significant role in MS disease pathogenesis rather than in the pathogenesis of PD and AD.
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The fact that T-cell numbers remain relatively stable throughout life, and that T-cell proliferation rates increase during lymphopenia, has led to the consensus that T-cell numbers are regulated in a density-dependent manner. Competition for resources among memory T cells has been proposed to underlie this ‘homeostatic’ regulation. We first review how two classic models of resource competition affect the T-cell receptor (TCR) diversity of the memory T-cell pool. First, ‘global’ competition for cytokines leads to a skewed repertoire that tends to be dominated by the very first immune response. Second, additional ‘cognate’ competition for specific antigens results in a very diverse and stable memory T-cell pool, allowing every antigen to be remembered, which we therefore define as the ‘gold-standard’. Because there is limited evidence that memory T cells of the same specificity compete more strongly with each other than with memory T cells of different specificities, i.e., for ‘cognate’ competition, we investigate whether cellular aging could account for a similar level of TCR diversity. We define cellular aging as a declining cellular fitness due to reduced proliferation. We find that the gradual erosion of previous T-cell memories due to cellular aging allows for better establishment of novel memories and for a much higher level of TCR diversity compared to global competition. A small continual source (either from stem-cell-like memory T-cells or from naive T-cells due to repeated antigen exposure) improves the diversity of the memory T-cell pool, but remarkably, only in the cellular aging model. We further show that the presence of a source keeps the inflation of chronic memory responses in check by maintaining the immune memories to non-chronic antigens. We conclude that cellular aging along with a small source provides a novel and immunologically realistic mechanism to achieve and maintain the ‘gold-standard’ level of TCR diversity in the memory T-cell pool.
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Introduction

It is well-accepted among immunologists that homeostatic mechanisms are crucial in regulating immune cell numbers. T-cell homeostasis is the phenomenon by which the T-cell population maintains its relatively stable numbers, despite considerable perturbations, such as a decline in thymic output with age and repeated exposure to antigenic challenges (1). The maintenance of CD8+ memory T cells generated during acute immune responses is largely cytokine-dependent, although some studies suggest that it also requires interaction with major histocompatibility complex (MHC) molecules, albeit without cognate antigen (1–7). In a lymphopenic host, increased homeostatic (density-dependent) T-cell proliferation drives the expansion of memory T cells (6, 8). Homeostasis need not be perfect, as in both mice and humans, depleted T-cell pools do not always recover to normal levels (9, 10). Notably, after autologous stem-cell transplantation, even patients with reconstituted T-cell pools experienced significantly increased T-cell proliferation and loss rates when compared to healthy age-matched controls (11). These studies highlight our incomplete understanding of the homeostatic process. A better understanding of T-cell homeostasis is central to understanding the long-term maintenance of immunological memory.

CD8+ memory T cells compete for the same cytokines. Interestingly, the maintenance of chronic immune responses to persisting pathogens is not only dependent on their interaction with cognate antigen (12), but also on the same cytokine(s) that the memories from acute responses depend on (5, 12–16). Due to the dependence of all memory T cells on the same resource(s), every new immune response disrupts the homeostatic balance. Responses with superior proliferative capacity (e.g., due to a higher affinity for a resource) outcompete other responses dependent on the same resource (17–20). This competition among memory T cells from different immune responses leads to moderate to severe attrition of existing memory T cells, and has been noted multiple times using both repeated vaccinations with heterologous viruses, as well as in prime-boost immunization strategies in mouse experiments (21–25). Early studies have postulated this attrition to be an effect of limited ‘space’ by showing that the total memory T-cell pool remained constant in size after consecutive infections (21, 22). Interestingly, a few recent studies report an increase in the total memory T-cell pool upon successive infections (24, 25), suggesting weaker attrition of existing memories, leading to a more diverse memory T-cell repertoire.

The mechanisms governing the maintenance of T-cell memory remain unclear. Mathematical modelling studies have assumed that memory T cells undergo global and cognate competition, concepts that correspond to well-studied ideas of inter-species and intra-species competition for resources in ecology. In mouse models, competition for cytokines, antigens, and ‘space’ in antigenic or survival niches, have been held responsible for the attrition of existing memory T cells (2, 15, 21, 22, 26–29). Competition for cytokines or physical niches leads to a non-cognate, i.e., ‘global’, form of competition between memory T cells (2, 26). Conversely, antigen-dependent competition, is confined to all cells that recognize the same cognate antigen (we refer to this as ‘cognate’ competition) (20, 27, 28, 30, 31). Low-level reactivation by cognate antigens has been suggested to have a positive effect on memory T-cell maintenance and homeostasis (22, 29, 32, 33). Several mathematical modelling studies have discussed the implications of global and cognate competition (20, 28–31, 34, 35). It was shown that global competition leads to competitive exclusion of all but the T-cell clone with the highest affinity for the resources the cells are competing for (20, 35). Global competition can be further regulated by cognate competition, even in the presence of persistent antigenic stimulation, due to competition among memory T cells sharing the same specificity (20, 28, 31, 34). Other modelling studies showed that fratricide among memory T cells crowding around the same antigen-presenting cells (APCs) can give rise to cognate competition among them, due to Fas-FasL mediated apoptosis, which provides a mechanism through which memory T-cell pools can be regulated (29, 30). Therefore, succinctly put, most current literature exploring the mechanisms underlying memory T-cell homeostasis fits in either the global or the cognate competition framework.

In this article, we propose cellular aging as an alternative mechanism that may play a role in T-cell homeostasis. That cells age is irrefutable (36–38). For instance, cellular aging has implications in cancer (37–41), and vaccination of the elderly is affected by the poor responsiveness of their aged T cells (40–47). Yet, due consideration has not been given to the aging of cells in models of memory T-cell homeostasis. Traditionally, models of T-cell homeostasis assume that cells can perform an infinite number of cell divisions, and are bounded only by the resources available at the time (29). However, a cell’s inherent division and loss rates change over time due to age, differentiation stage and division history (48–53). We, therefore, investigate the role that cellular aging may play in homeostasis and the long-term maintenance of T-cell memory.

We start with a review of the existing global and cognate competition models of T-cell homeostasis, and later move on to explore the additional effect of cellular aging on the maintenance of memory T cells. Throughout the article, we use previously described attributes of the memory T-cell pool (e.g., attrition of existing memories and expanding population size) as guides to ascertain the suitability of these three different models in generating realistic memory T-cell pools. We demonstrate that, contrary to our intuition, cellular aging helps maintain memory T-cell diversity for extended periods of time. Further, we observe that a small source, from either stem-cell-like memory T cells or from naive T cells, together with cellular aging is sufficient to maintain a diverse memory T-cell repertoire that is robust to the presence of dominant competitors (e.g., chronic immune responses to persistent pathogens). We also discuss the potential disadvantages of longevity of memory T cells, and the effect of cellular aging on the phenotypic composition of the memory T-cell pool.



Models of memory T-cell maintenance

Three different mathematical models for the maintenance of memory T cells were defined. To keep the models simple, we considered three elements: (a) a source into the memory T-cell population (if any), (b) the most fundamental processes of any population of cells, i.e., cell division and cell death, and (c) the resources that have been demonstrated to be essential for the maintenance of memory T cells, i.e., cytokines such as IL-15, and antigens (for chronic responses). We consider both acute and chronic immune responses, where all memory T cells depend on the same homeostatic cytokine(s).


Global competition model

The cytokines, C (concentration, in mol/L), have a steady source, σ (in mol/L/day), from the stromal cells located across the body of a host (54, 55). Although there are other, transient sources of cytokines during inflammation, stromal cells are the major contributors during homeostatic circumstances (16, 54, 56). These cytokines are either utilized by memory T cells in a fixed amount, ϵ , during each cell division, or are degraded at a rate δ /day (Equation 1a). The dependence of all memory T cells on the same growth resource (cytokines), C , gives rise to global competition among the cells. The sizes of the memory T-cell populations, Mi , in a host having experienced n different antigen-specific immune responses are given by (Equation 1b, Figure 1A):

 

 


where i=1,…,n (here n is the number of unique antigens encountered sequentially), and h is the cytokine concentration at which the homeostatic (i.e., density-dependent) proliferation rate is half-maximal estimate taken from (58). Cells of immune response Mi have a death rate di, and a maximal homeostatic proliferation rate pi (also referred to as the fitness). The source term, si, defines the daily influx of memory T cells, which could be either from infrequent divisions of stem-cell-like memory T cells in the bone marrow, or from antigen-driven expansion of naive T cells (only for chronic responses) (59, 60). T cells downregulate their T-cell receptors after interactions with cytokines and are thus ‘non-greedy’ consumers of cytokines (61). Therefore, cytokine consumption was modelled to be proportional to proliferation of the memory T-cell population (Equation 1). The effective homeostatic division rate of memory T cells was set by a saturation function of the global cytokine concentration. An inverse dependence of the death rate on the cytokine concentration would give similar qualitative results (simulations not shown).

We assume that the timescales for production and degradation of cytokines are much faster than the timescales for division and death of memory T cells. Therefore, we consider the cytokines to be in quasi-steady state (Equation 2):

 

The cytokine concentration was normalized to its maximal concentration (i.e., we set  ), and   was set to 10−6 so that the size of the memory T-cell pool was in the order of 107.




Figure 1 | Mechanisms of homeostatic maintenance of memory T-cells. The cartoons of the (A) global competition, (B) cognate competition, and (C) cellular aging models showing the memory T-cell pool with two immune responses, M1 and M2 . The different immune responses can have different division rates, pi, and death rates, di, and share the same cytokines, C . On top of the competition for shared global resources (cytokines) (A), the cells of an immune response either compete with cells of the same specificity, leading to cognate competition (B) or lose their potential to divide with each cell division because of cellular aging (C). The cellular aging function shows the drop in the relative fitness of a T-cell population as it divides (D).





Cognate competition model

Global competition due to sharing of growth resources leads to competition between different immune responses. Cognate competition defines the competition among the memory T cells generated during the same immune response, i.e., cells sharing the same antigen specificity (but not necessarily the same T-cell receptor). For ‘acute’ immune responses to pathogens that are eliminated, cognate competition has been proposed to follow from limited ‘space’ in specific survival niches in the bone marrow (57), or from limited availability of cross-reactive antigens (27, 28, 30). Allowing for both global and cognate competition (Figure 1B), the memory T-cell pools resulting from n different immune responses can be given by:

 

 

for i= 1, 2, …, 100 antigens, and where all memory T cells specific for antigen i are considered to have a similar affinity for that antigen.

This extends the global competition model (Equation 1) with a cognate competition parameter, βi , defining the size of the Mi population at which its division rate halves (which happens when Mi=1/βi). All other parameters remain the same, i.e., we have in fact added an intra-specific competition term to the global competition model. As h was estimated before (58), the parameter βi was used to tune the relative strength of the global and cognate competition. Note that global competition weakens as h→0 and that cognate competition declines as βi→0. Again, due to the very different turnover timescales of cytokines and memory T cells, the cytokines were assumed to be in quasi-steady state:

 



Cellular aging model

The properties of a cell may change with cell division. It is well-known that telomere shortening during division stunts a cell’s ability to divide forever (62–64). However, in the global and cognate competition models, the cells have a constant fitness (pi) and, by not aging, can expand indefinitely. To account for cellular ageing, we rewrote the global competition model (Equation 1) into a division-indexed model, where we used j=1,…,m, for the number of divisions a cell has completed (i.e., j is the ‘generation’ number of a cell, and m is the maximal number of divisions it can go through, which is commonly referred to as the ‘Hayflick limit’). In our simulations, m=100 was chosen to be large enough so that in practice a cell never reaches its Hayflick limit. The model for the number of cells specific to antigen i in the j th division, Mi,j (see Figure 1C), is given by:

 

 

where pi,j is the maximal homeostatic division rate of cells specific for antigen i that have completed j divisions; k=25 marks the generation number where pi,j=pi,1/2 ; and   defines the total number of cells in the i th immune response. For the special case where the division rates remain independent of the division number, i.e., when pi,j = pi (i.e., k→∞), this model is identical to the global competition model (it would only track the division histories of cells). Otherwise, division rates decline with the division number (Equation 5b, Figure 1D).

Since in the scenarios with a source, each memory T-cell population was assumed to be seeded every day with si cells, we described their division history with a Poisson distribution, i.e.,

 

Here, μ is the average generation number of a precursor population formed during the expansion phase. It is defined as μ=2λτ, where τ is the typical length of the expansion phase (in days), and λ=2/day is the rate of division during the expansion phase (65). Two variations of the age-distribution of the source were modelled: ‘young’ cells (μ=1, or τ=0.25 days, i.e., cells that became quiescent after having completed one division, on average, during the expansion phase) or ‘old’ cells (μ=20, or τ=5 days, i.e., cells that divided extensively throughout the expansion phase). For simplicity, the T-cell death rate was kept the same across division numbers. Qualitatively similar results were found when implementing an increase in the death rate with increasing division number (simulations not shown). However, as less differentiated cells possess a higher expansion potential (66, 67), we chose to decrease the division rate with the division number.



Chronic responses

To model chronic responses, we introduced extra terms specific to only chronic responses. As chronic responses are subject to additional proliferative signals due to their interaction with antigen (17), chronic immune responses have an additional maximal antigen-driven proliferation rate, ρi, and a cognate (antigen-driven)-competition parameter, gi. The models allowing for chronic responses are, therefore, extensions of the models defined above. In case of chronic immune responses, the global and cognate competition models described by equations (1) and (3) are extended with a second proliferation term:

 

The cellular aging model requires two terms to achieve a similar extension:

 

with

 

The cognate competition parameter, gi, defines the strength of the cognate competition among memory T cells specific for antigen i. Notice that the antigen-driven proliferation rate follows the same cellular aging function as the homeostatic (density-dependent) proliferation rate. The quasi-steady state expressions for the cytokines do not change as we assume that cell division due to stimulation by cognate antigen does not depend on the cytokine concentration.



Parameter choices

For a fair comparison across the models, we used the same parameter values throughout this manuscript. CD8+ memory T cells were found to be maintained at steady state with an inter-mitotic interval of ~50 days in an adoptive transfer experiment of LMCV-specific CD8+ memory T cells into naive mice after being CFSE labelled (3). Reports of in-vivo deuterium labelling of non-specific CD8+ memory T cells supported this time scale by showing that the CD8+ memory T-cell pool is renewed, on an average, every ~66 days (52). Therefore, the death rate of memory T cells, di, was set to 0.02/day, irrespective of the immune response. The maximal homeostatic proliferation rate, pi, of 0.5/day and the coefficient for global competition, h, of 10−5 were estimated based on temporal data of murine memory CD8+ T cells (58). As all cells in the models have the same expected life span of 50 days, and differ only in their maximum homeostatic proliferation rate, pi, we also refer to this proliferation rate as the ‘fitness’ of the immune response. Disparate immune responses differ in their fitness values. In the simulations, the fitness values were drawn from a normal distribution with a mean of 0.5 and a standard deviation of 0.05. The effective proliferation rate decreases as the memory T-cell pool increases and will approach di=0.02 when the memory of a particular response is at steady state. The coefficient for cognate competition, βi (in the cognate competition model) and gi (for chronic responses), were set to be 10−6 and 5×10−5 for all i, respectively, so that the total mouse memory CD8+ T-cell pool was realistically in the order of 107 cells.



Simpson’s Diversity Index

Simpson’s diversity index has many variations. Here, we used a variation that provides an intuitive interpretation of the diversity in the memory T-cell pool. The index, based upon the relative abundances,  , of all immune responses, gives an indication of the effective number of immune responses in a population. The index is defined as

 

A memory T-cell pool with an index of n denotes a pool with n evenly abundant immune responses whereas an index of 1 denotes a scenario with a single, dominant immune response in the pool of immune responses.




Results

Three models of homeostasis were formulated based on the different competition schemes: global competition (Figure 1A), cognate competition (Figure 1B) and cellular aging (Figure 1C, see the Models section). The global and cognate competition models are conventional models differing only in the absence or presence of intra-specific competition among memory T cells, respectively. The cellular aging model is a novel variant of the global competition model, which we propose as an alternative because there is limited evidence for cognate (intra-specific) competition among memory T cells. As this manuscript focuses on the long-term maintenance of the memory T-cell pool, we abstained from modelling the short expansion phase after an antigenic challenge. Instead, in all the simulations, we assumed that after the introduction of each antigen, the memory T-cell pool is expanded with a random number of cognate memory T cells (drawn from a normal distribution centred around 105 with a 10% standard deviation), to model the beginning of a new memory phase. The simulations below reflect CD8+ T cells in a representative mouse (i.e., parameter values used are specific to mice).

To realize the effect of the three different mechanisms on the immune dynamics over a simulated mouse’s lifetime, we recorded and compared model simulations over 1000 days (Figure 2). To this end, the host was successively exposed to 100 different antigens that gave rise to 100 acute immune responses with different fitness levels (see Models for details). The 100 antigens were introduced over 1000 days in 10-day time intervals from day 0 until day 990. The number of an immune response marks the time point at which (and the antigen by which) it was triggered. For example, immune response Mi was triggered by antigen i on day 10×(i−1) .




Figure 2 | Cellular aging improves the diversity of the memory T-cell pool. Comparison of the three mechanisms for homeostatic maintenance of memory T cells showing the temporal dynamics (Panels A, D, G); the distribution of the sizes of all memory T-cell responses at day 1000, along with their expansion (blue) or contraction (red, indicated by the vertical bars) with respect to their initial value (indicated by the open circles) i.e., Mi(1000)−Mi(10×(i−1)) , as well as their maximal homeostatic proliferation rate (indicated by the shading of the filled circles) (B, E, H); and the Simpson’s diversity index of the T-cell repertoire over time (C, F, I). The models were simulated for 1000 days. In panels (A, D, G), the thickness of the coloured lines denotes the fitness of the immune response. The dashed lines in panels (B, E, H) depict the size of the total memory T-cell pool on day 1000. In these simulations, the memory T-cell pool consists of acute immune responses only.




Under global competition, the memory T-cell pool is dominated by a single immune response

The cytokine IL-15 is thought to be necessary for the expansion and maintenance of all memory T cells, thereby leading to global competition between the cells (20), irrespective of their antigen specificity (Figure 1A; see Models). In such a setting, the immune memory to the first encountered antigen, M1, in a new-born mouse, expanded to fill up the memory T-cell pool almost entirely, simply by the virtue of being the only immune response depending on the abundantly available growth factor (Figure 2A). The size of M1 increased, unabated, until the death in the population balanced the reduced growth of the population due to the depleted cytokine availability (i.e.,  ). M1 started to decline only when the mouse was exposed to enough antigens of comparable, or higher, fitness (M2 , M6 , M71). Nevertheless, M1 dominated the memory T-cell pool almost throughout the entire lifetime of the mouse, because the rate of exclusion was very slow. At steady state, the actual division rate of the memory T cells with the highest fitness was close to their death rate di=0.02 . The division rate of memory cells with 10% lower fitness (corresponding to the standard deviation of our distribution) would then be 10% lower, leading to a net loss rate of just 0.002 per day. With a half-life of about a year, it would therefore take longer than the life-span of a mouse to lose a large population of specific memory T cells, even for T cells with a relatively low fitness.

The establishment of new memories became challenging when the memory T-cell pool was nearly saturated. Immune responses with low fitness (e.g., M41 ) declined immediately upon introduction, due to the competitive pressure exerted by existing, fitter, immune responses (Figure 2A). Interestingly, even though existing immune responses went through attrition upon exposure to new antigens, the total memory T-cell pool showed modest growth over time (Figure 2A and Supplementary Figure 1A). This early signature of an increasing memory T-cell pool is in line with observations from previous studies on specific antigen-free laboratory mice (24, 25). In the very long run, global competition for cytokines dictated the survival of only the fittest immune response (Supplementary Figure 1B). Although such a scenario is disconcerting, competitive exclusion of less fit immune responses need not be achieved in a mouse’s lifetime (Figure 2A), as long as cells are relatively long-lived (>50 days), and fitness differences are small.

The snapshot of the total memory T-cell pool on day 1000 revealed a clear positive dependence of the size of an immune response on its maximal homeostatic proliferation rate, pi (Figure 2B). However, M1 occupied the largest share (24%) of the memory T-cell pool even with a relatively low pi, as it was the first immune response. Similarly, the fittest immune response, M71, formed only a meagre 1% of the total memory T-cell pool, as it was triggered very late in the mouse’s life (on day 700). Therefore, under global competition, the size of an immune response is determined not only by its maximal homeostatic proliferation rate but also by the time at which it was generated. The Simpson’s diversity index (see Models) offers a measure of the diversity of a population by considering both the number and the disparity in the sizes of its constituents. The diversity in the memory T-cell pool barely increased over the course of the mouse’s lifetime, evolving from a repertoire with a single immune response on day 0 to one with about 10 dominant responses, and 90 small responses, on day 1000, where the largest immune response made up as much as 24% of the total memory T-cell pool (Figure 2C). Therefore, global competition gives rise to a skewed memory T-cell pool in which the immunity of a host weakens over time due to the loss of less fit immune responses.



Cognate competition leads to an evenly distributed memory T-cell pool

Co-existence of multiple species is a well-known phenomenon in ecology. In a stable environment, co-existence can be achieved through intra-specific competition. Based on this idea, previous studies in immunology have suggested the presence of specific competition among the cells participating in the same immune response, because they bind similar (cross-reactive) antigens (2, 28, 29). In this section, we study a similar cognate competition model (despite a lack of experimental support), which employs competition among cells of an immune response on top of the global competition among all cells in the memory T-cell pool (Figure 1B; see Models).

The additional dependence on cognate resources introduced a strict limit on the size of an immune response. Despite considerable expansion, cognate competition prevented M1 from taking over the memory T-cell pool, by limiting its size (Figure 2D and Supplementary Figure 1D). In contrast to what happened in the global competition model, the cytokine was now not depleted (not shown), as inflation of M1 was avoided. So, upon exposure to new antigens, all new immune responses expanded initially, irrespective of their maximal homeostatic proliferation rate. These expansions came at the expense of the existing immune responses but contributed to the growth of the total memory T-cell pool (Supplementary Figure 1D). On day 1000, the memory T-cell pool was composed of many similarly-sized immune responses (Figure 2E), all of which (except M41) eventually reached non-zero steady state sizes that were proportional to their fitness levels (Supplementary Figure 1D). The immune response with the lowest fitness, M41, declined after a short bout of expansion, as its reduced homeostatic proliferation rate (due to global resource sharing) was lower than its death rate (Supplementary Figure 1D). The size distribution of the immune responses showed a much stronger dependence on the values of their maximal homeostatic proliferation rate (Figure 2E), and therefore the size of each immune response depended much less on the time at which the response was generated. In contrast to what was observed in the global competition model, the Simpson’s diversity index of the total memory T-cell pool showed an impressive increase over time to a diverse immune repertoire, in which the largest immune response consisted of only 2% of the total memory T-cell pool (Figure 2F).

Notably, cognate competition among cells of an immune response gives rise to a highly diverse memory T-cell repertoire. Such a repertoire is beneficial, as it offers better protection to the host over its lifetime than the very skewed repertoire that was obtained with the global competition model. Therefore, we refer to the cognate competition model as the ‘gold-standard’ in the long-term homeostatic maintenance of almost all memories.



Immune memories are sustained for longer periods due to cellular aging

The cognate competition model gave rise to a diverse memory T-cell pool by limiting the size of the individual immune responses. Although competition in antigenic niches has been hypothesized (2, 28, 29, 68), experimental evidence for cognate competition in the memory T-cell pool is scarce. Instead, some experimental observations have shown that interactions with cognate resources (antigens) are not required for the survival of memory T cells (2, 8). Therefore, seeking for alternative mechanisms, we hypothesized that cellular aging of T cells may limit the growth of individual memory responses, and thereby generate a diverse memory T-cell repertoire. Here, we discuss the ramifications of cellular aging, in conjunction with global competition as the homeostatic mechanism, on the maintenance of the memory T-cell pool (Figure 1C; see Models).

The unabated expansion of the first immune response, M1, was indeed prevented by cellular aging (Figure 2G). Continued antigen exposures resulted in the growth of the total memory T-cell pool, while existing immune responses underwent 1) moderate erosion due to new antigen exposures (Supplementary Figure 1E), and 2) major attrition due to cellular aging (Figure 2G). The limited consumption of cytokine by the existing immune responses allowed new immune responses to expand. However, on the long term all immune responses eventually declined (Figure 2G), as they were lost due to cellular aging (Supplementary Figure  1F). Interestingly, the maximal homeostatic proliferation rate hardly influenced the size distribution of the immune responses (Figure 2H). Rather, the sizes were largely determined by the time at which the responses were generated. The most recent responses made up the majority of the memory T-cell pool, as the older a response was, the more it was eroded. The diversity within the memory T-cell pool was much larger than in the global competition model but was only half of that achieved in the cognate competition model (Figure 2I). The largest immune response on day 1000 occupied a mere 6% of the memory T-cell pool, compared to the inflated 24% in the global competition model. Therefore, although the cellular aging model improves upon the global competition model, it cannot generate a memory T-cell pool as diverse as the ‘gold-standard’ memory T-cell pool that results from cognate competition.



A small source into an aging population helps to maintain a diverse memory T-cell pool

Multiple studies in the recent past have described subsets of memory T cells that have superior potential to generate other memory T-cell subsets (69). This self-sustaining population is sometimes referred to as the stem-cell-like memory T-cell population. Stem-cell-like memory T cells, generated during an acute response and residing in stromal niches in the bone marrow, could act as a slow but steady source into the circulating memory T-cell populations. We have seen that cellular aging can limit the expansion of the early memory populations, thereby reducing competition, but that the memory T-cell pool suffers in the long run, due to the eventual loss of all memories by cellular aging. The presence of a lowly-divided stem-cell-like source for each immune response would circumvent this issue. Importantly, this memory-maintaining source could also originate from circulating memory T cells due to repeated infections, from cross-reactions with other antigens, or from activation of new naive T cells (in case of persistent antigens).

Indeed, if each immune response had a small source (si=100 cells/day), none of the immune responses would be lost in the long-term (Figure 3). As the division history of the source might affect the memory T-cell repertoire, we evaluated two different scenarios: one, where the source population turned quiescent early in the expansion phase (‘young’ source, having completed 1 division on average), and the second, where the source population had divided as much as the circulating cells before becoming quiescent (‘old’ source, having completed an average of 20 divisions). A young source sustained the growth of early immune responses for longer periods of time compared to an older source (Figures 3A, D). Remarkably, the size distribution of the memory T-cell pool was completely different in both cases (Figures 3B, E). The presence of a young source resulted in a pool dominated (in size) by earlier immune responses, whereas a source from an older population favoured the prevalence of recently generated immune responses. This effect was due to a difference in the ‘effective source’. Although both scenarios have the same source of 100 cells/day, the source from a younger population contributes more daughter cells because of their higher homeostatic proliferation rate. When the source population is old, it expands less and makes for a smaller effective source to the existing memories. Hence, with an old source the later immune responses expand more, due to weaker competition from existing immune responses, compared to the scenario with a young source. Even with such a stark difference in the immune profiles, the diversity within the memory T-cell pool was comparable in both scenarios, as none of the immune responses were lost (Figures 3C,  F). The Simpson’s diversity index revealed that the diversity achieved by adding a stem-cell-like source to the cellular aging model was comparable to the ‘gold-standard’ diversity achieved with the cognate competition model. Notably, the presence of a source in the global competition model failed to improve its diversity, demonstrating that adding a small source is not a trivial solution to maintaining the diversity of a population (figure not shown due to its similarity to Figures 2A–C). Therefore, we propose that a source into an aging population is a viable alternative to the cognate competition model.




Figure 3 | A small source helps to achieve the gold-standard diversity within the memory T-cell pool. The dynamics of the cellular aging model along with a source from either a young (upper row) or an old population (lower row). The memory T-cell pool was generated by acute immune responses only. Legends as in Figure 2.



The distribution of the division number in the memory T-cell pool of the global competition model in the absence of cellular aging, i.e., when pi,j=pi, showed a large disparity in the average generation number of the immune responses, with early responses having divided 70 times on average, compared to an average of 25 divisions for recent responses (Figure 4A). The very first response (like all other responses) had gone through 25 divisions when seeded in the beginning of the memory phase, and subsequently accumulated 50 more divisions throughout the mouse’s life (Figure 4B). Even though the cells of the first immune response accrued more divisions with time, the size of the first response declined over time due to global competition from successive immune responses (Figures 4B, 2A). The disparity found in the division distribution of the memory T-cell pool dropped considerably in the presence of cellular aging (Figure 4C). Cellular aging promoted the dominance of recent immune responses, even though they had divided less (Figures 4C, 2H). The number of divisions accrued by an immune response over a mouse’s lifetime was also significantly lower due to cellular aging (Figure 4D). A continuous source reduced the disparity in the division distribution within the memory T-cell pool even more (Figures 4E, 4G). The average generation number of the first immune response on day 1000 was lower compared to that on day 0 when the source was from a younger population but was higher than that on day 0 in case of an older source (Figures 4F, 4H). Therefore, a small source counteracts the exhaustion of a population by cellular aging and the division history of the source determines the distribution of the division history within the memory T-cell pool.




Figure 4 | The distribution of division numbers in the memory T-cell pool is determined by the age of the source population. Comparison of the distribution of division numbers of all immune responses on day 1000 (Panels A, C, E, G), and the division history of the first immune response over time (Panels B, D, F, H), for different mechanisms. The red line plots the average generation number of an immune response. The grey and black shades show the number of cells at different division numbers. The green dotted line marks the starting division number of the first immune response. In these simulations the memory T-cell pool consists of acute immune responses only.





A source into an aging T-cell population maintains immune memories in the long-term even in the presence of chronic responses

Our discussion until now has focused on a memory T-cell pool containing 100 memories to pathogens that were eliminated during the ‘acute’ immune response. However, chronic immune responses to pathogens (or antigens) that persist, may pose a big challenge in maintaining the diversity of the memory T-cell pool, due to their sometimes inflationary properties (12). We assessed whether our novel model, with a memory T-cell pool going through cellular aging in the presence of a source, could maintain T-cell diversity under the competitive pressure from chronic T-cell responses. We considered a host that generated 95 acute responses and 5 chronic responses, even though only 1% of all infections are estimated to lead to chronic responses (12). Chronic responses are maintained in part by homeostatic proliferation due to IL-15, and partly due to repeated stimulation by persistent antigen (see Models).

Chronic responses expanded to occupy a higher proportion of the memory T-cell pool than acute responses (Figure 5). The immune dynamics of the 95 acute responses were not severely affected by the addition of 5 chronic responses (compare Figures 3A, D with Figures 5A, D). Exposure to chronic antigens expanded the total memory T-cell pool, and the heightened competition reduced the sizes of the acute responses somewhat. The division histories and the prevalence patterns of the immune responses hardly changed (compare Figures 3B, E with Figures 5B, E, and Supplementary Figure 2). Like before, the division history showed that the memory T-cell pool became younger with time in the presence of a young source, which resulted in the prevalence of early immune responses. However, the diversity of the memory T-cell pool declined markedly in the presence of chronic responses as the largest immune response now made up only about 10% of the total memory T-cell pool (Figures 5C, F). The cellular aging model along with a source, thus, provides a robust mechanism for the long-term maintenance of memory T-cells, even though the diversity in the memory T-cell pool suffers from the presence of chronic responses.




Figure 5 | Chronic immune responses lower the long-term diversity of the memory T-cell pool. The dynamics of the cellular aging model along with a source from either a young source (upper row) or an old source (lower row). The memory T-cell pool consists of both acute and chronic immune responses shown as dashed red line. Legends as in Figure 2.





Long-lived memory T cells lower the diversity of the memory T-cell pool

Circulating memory T cells have been shown to be relatively short-lived (70), while memory in itself is long-lived (71, 72). In an attempt to understand why memory T cells are relatively short-lived, we studied how the lifespan of memory T cells influences the diversity of memory T-cell repertoires. In our models, the attrition of existing memories was due to the relatively short lifespans of memory T cells. We examined whether memory T cells with longer lifespans would allow for higher diversity in the memory T-cell repertoires. To precisely underline the influence of memory T-cell lifespan (without the effect of a source) on the diversity of the memory T-cell repertoire, we only considered the three basic mechanisms: global competition, cognate competition, and cellular aging, without any source. The model characteristics were compared considering a scenario where memory T cells lived 10 times longer than their estimated lifespans, i.e., di=0.002/day (Supplementary Figure 3). The temporal dynamics corroborated the previous conclusions: M1 filled up the memory T-cell pool under the influence of global competition, while this was strongly and moderately constrained in the cases of cognate competition and cellular aging, respectively (Supplementary Figure 3A, D, G). Notably, none of the cases showed the loss of any immune response (Supplementary Figure 3B, E, H). The degree of inflation of an immune response clearly correlated with how early the response was generated. More importantly, the levels of TCR diversity in the memory T-cell pool were a lot lower when compared to the corresponding cases with short-lived memory T cells (Supplementary Figure 3C, F, I). When memory T cells were long-lived, the diversity in the global competition and cellular aging models barely improved over time, whereas the index for the cognate competition model was half of that with short-lived memory T cells.

Although maintenance of all encountered immune responses may be advantageous, the inflation of early memories might pose significant challenges for the efficient protection of a host. The recall response to a recent antigen is expected to be delayed when the probability of finding cognate memory T cells decreases due to the presence of inflated early responses in the pool. A considerable delay in the recall response to a large infection may even be detrimental (25). Therefore, surprisingly, storing immunological memory in short-lived memory T cells may be more beneficial, as short-lived memory T cells allow for higher diversity in the memory T-cell pool.




Discussion

Here, we showed that cellular aging in the presence of a source population is a mechanism by which long-term maintenance of a diverse memory T-cell pool can be achieved. It preserves acute as well as chronic immune responses in the long-term and generates a diverse memory T-cell repertoire comparable to the gold-standard level of diversity generated with cognate competition. Whereas the occurrence of cognate competition is poorly supported by experimental evidence, the presence of both cellular aging and a source (from stem-cell-like memory T cells, re-activated memory T cells, cross-reactive memory T cells or newly activated naive T cells) are widely accepted. Therefore, we propose that a source into an aging population is an immunologically viable alternative to the cognate competition model.

The global competition model is prone to competitive exclusion of all but the fittest immune response. Using division and death rates of murine memory CD8+ T cells, we showed that although competitive exclusion may not be seen in the lifetime of a mouse, global competition would lead to unrealistically skewed memory repertoires. Moreover, the slow exclusion of memory T-cell responses in our simulations was due to the small differences in the fitness values of the different immune responses. If the fitness values of the immune responses were to differ more than the 10% standard deviation considered in our simulations, the size disparity in the memory T-cell pool would be even higher.

The cellular aging model improves upon the global competition model by limiting the size of each self-renewing memory population, which reduces the competition among them. A source into an aging memory T-cell pool sustains the diversity of the memory T-cell repertoire in the long-term. A young source favours the frequency of early memory responses, while an old source causes recent responses to be more prevalent. The memory T-cell pool eventually turns younger due to the presence of a young source. This could present a potential explanation for the observation that reconstituted T-cell pools have higher proliferation rates after autologous stem-cell transplantation (11) as the highly-divided circulating memory T cells were replaced with lowly-divided memory T cells. Moreover, if the acquisition of different memory T-cell phenotypes were correlated with the division history of a cell (73), cellular aging would have exciting implications. For example, following the linear differentiation pathway (74), the absence of a source would predict the accumulation of effector memory T cells over time, whereas the presence of a source would suggest the accumulation of central memory T cells after multiple infections. Previous studies addressing repeated vaccinations (75) have shown diverging results. Some studies showed the enrichment of memory T cells with an effector memory phenotype (33, 76), whereas other studies showed the accumulation of central memory T cells after multiple rounds of heterologous, viral vaccinations (25). Similar effects of sustained, chronic responses on the phenotypes of both bystander and specific memory T cells have also been discussed (77, 78). Further, the declining fitness of immune responses in older hosts can explain their impaired response to vaccinations (79). In view of such observations, it is extremely interesting to study the mechanisms underlying the phenotypic distribution in memory T-cell pools, and thereby the erosion of protective immunity with age.

In absence of a source, an aging population will eventually be lost. The timescale of this extinction is much longer than the lifetime of a mouse. Interestingly, erosion of early memories could be beneficial for a host to maintain memory and mount responses against recently encountered pathogens, as the relative proportion of recently generated memory T cells would increase. In a changing natural environment, the probability of getting re-exposed to a pathogen is probably higher for recently encountered pathogens than for those encountered early in life. Therefore, maintenance of recent memories could be beneficial. Along similar lines, we also showed that long-lived memory T cells, or lack of regulation (due to competition or aging) early in life, would lead to a loss of diversity in the memory T-cell pool due to inflation of early memories. Virtual memory T cells are memory-phenotype cells that originate from naive T cells due to homeostatic proliferation in the absence of cognate antigen (80, 81). If virtual memory T cells would be highly inflated due to lack of competition early in life, and/or due to long lifespans, they would severely impair the efficacy of the memory T-cell repertoire against natural infections.

Many laboratory protocols, just like our simulations, use fixed time intervals between antigen introductions, a scheme that is, of course, rather artificial. In reality, a mouse’s exposure to antigens is truly a random event. Statistically, random events follow a Poisson distribution, where the time between two consecutive events is exponentially distributed. Therefore, a mouse in its natural environment will be exposed to most unique antigens early on in its life and to relatively fewer novel antigens in its twilight years. For our models, simulations of this real world scenario led to considerably different results from the simulations presented here (Supplementary Figure 4). When emulating the real world scenario, the first immune response, M1 , did not take over the memory T-cell pool in any of the models, due to competition with multiple other immune responses generated early in life. The snapshots of the memory T-cell pool on day 1000 showed a more marked attrition of immune responses, under the influence of global competition and cellular aging but not under cognate competition (Supplementary Figure 4). If anything, our simulations showed that random antigenic exposure accelerates the competitive dynamics and reduces the diversity of the memory T-cell repertoire.

Although our simulations were primarily based on murine parameters, the concerns and results discussed here are also applicable to humans. The expected lifespan of human circulating memory CD8+ T cells is close to 200 days (50), which is 4 times longer than that in mice. However, the lifespan of a human is 30 times longer than that of a mouse. Thus, based upon our global competition model, one would expect early immune responses to be competitively excluded during a human’s lifetime. Both cognate competition and cellular aging with a source would alleviate this problem, the latter providing a more immunologically sound mechanism. Unfortunately, we are not aware of any literature on the effects of cellular aging of memory T cells that could be used to test the prediction of our novel model. Single-cell sequencing studies have described the change in the memory T-cell repertoire with age (82). However, these studies have focused on the age of the host rather than the age of the cell, making a comparison of these results and our predictions speculative. Recent studies using the Cre-recombinase technology (48, 53) do provide an avenue that could be exploited to delineate the age of the cell from the age of its host. Such dedicated experiments would be required to test the predictions of the cellular aging model.

Barring a few studies (83), IL-7 is often implicated in the homeostatic maintenance of memory as well as naive T cells (4, 57, 61). The competition between naive and memory T-cell populations through IL-7 has not been taken into account in this study. As the production of new naive T cells declines with age (84, 85), reduced competition for IL-7 could alleviate some of the ‘global’ competitive pressure on the memory T-cell pool, leading to a larger memory pool size, but not to an alteration in the distribution of clone sizes (i.e., not to a different memory T-cell repertoire). Similarly, a temporal change in the source of homeostatic cytokines (IL-15, IL-7, etc.) e.g., due to aging, would affect the global competition among memory T cells and change the pool size but not the repertoire. IL-15 is produced by multiple tissues (e.g., bone marrow, heart, lung, kidney, thymic epithelium) and cell types (e.g., monocytes/macrophages, blood-derived dendritic cells) (86) that are subject to alterations throughout a host’s life. Since the lifespan of circulating memory T cells has a time scale of months in mice, the division rate is expected to average over such spatial heterogeneities. In our model, the source is considered to be either from naive T cells due to new or recurrent challenges, or from stem-cell-like memory T cells. As the exposure to antigens is random, the source from naive T cells could be stochastic. Further, newly generated stem-cell-like memory T cells in the bone marrow could either increase the source to an immune response (in case of a recurrent infection) (87, 88), or decrease the source (due to competition among memory T-cells for the limited number of stromal niches) (89, 90). Thus, the source need not be constant. It would be interesting to study such model variations in future studies and to quantify their effect on the long-term maintenance of the memory T-cell pool.

The cellular aging model, like existing models for the maintenance of memory T cells, presents a simplified view of the memory T-cell pool and its maintenance. However, unlike the current gold-standard based on cognate competition, cellular aging is well-supported. Therefore, this manuscript puts forth a realistic mechanism that might underlie the observed long-lived large diversity of the CD8+ memory T-cell repertoire despite the relatively short lifespan of CD8+ memory T cells.
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Supplementary Figure 1 | Global competition leads to the loss of all but the fittest immune response. Comparison of the three mechanisms (global competition, cognate competition, and cellular aging) for homeostatic maintenance of memory T cells focusing on the short-term (first 100 days in Panels A, C, E) and long-term (10,000 days in Panels B, D, F) temporal dynamics of a murine memory T-cell pool. The memory T-cell pool consists of acute immune responses only.

Supplementary Figure 2 | Adding chronic responses hardly changed the division distributions. Comparison of the division distributions of all memory T-cell populations on day 1,000, and the division history of the first memory T-cell population over time. The red line plots the average generation number of an immune response. The grey and black shades show the number of cells at different division numbers. The green dotted line marks the starting division number of the first immune response. The memory T-cell pool consists of both acute and chronic immune responses.

Supplementary Figure 3 | Memory T-cell pools with long-lived memory T cells are barely diverse. Comparison of three mechanisms (global competition, cognate competition, and cellular aging, without any source) for homeostatic maintenance of long-lived memory T cells. The expected lifespan of the memory T cells was set to 500 days (which is 10 times longer than their estimated lifespans (3)). The memory T-cell pool consists of acute immune responses only.

Supplementary Figure 4 | Random antigen exposure aggravates the loss of immune memories due to intense competition. Comparison of three mechanisms (global competition, cognate competition, and cellular aging, without any source) for homeostatic maintenance of memory T cells when most novel pathogens appear early in life. The delay between antigen exposures was exponentially distributed, mimicking the random exposure to antigens in real life. The memory T-cell pool consists of acute immune responses only.
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To prevent SARS-CoV-2 infections and generate long-lasting immunity, vaccines need to generate strong viral-specific B and T cell responses. Previous results from our lab and others have shown that immunizations in the presence of an OX40 agonist antibody lead to higher antibody titers and increased numbers of long-lived antigen-specific CD4 and CD8 T cells. Using a similar strategy, we explored the effect of OX40 co-stimulation in a prime and boost vaccination scheme using an adjuvanted SARS-CoV-2 spike protein vaccine in C57BL/6 mice. Our results show that OX40 engagement during vaccination significantly increases long-lived antibody responses to the spike protein. In addition, after immunization spike protein-specific proliferation was greatly increased for both CD4 and CD8 T cells, with enhanced, spike-specific secretion of IFN-γ and IL-2. Booster (3rd injection) immunizations combined with an OX40 agonist (7 months post-prime) further increased vaccine-specific antibody and T cell responses. Initial experiments assessing a self-amplifying mRNA (saRNA) vaccine encoding the spike protein antigen show a robust antigen-specific CD8 T cell response. The saRNA spike-specific CD8 T cells express high levels of GrzmB, IFN-γ and TNF-α which was not observed with protein immunization and this response was further increased by the OX40 agonist. Similar to protein immunizations the OX40 agonist also increased vaccine-specific CD4 T cell responses. In summary, this study compares and contrasts the effects and benefits of both protein and saRNA vaccination and the extent to which an OX40 agonist enhances and sustains the immune response against the SARS-CoV-2 spike protein.
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Introduction

SARS-CoV-2 has been the leading cause of death in the years 2020 and 2021 in many parts of the world. The novel coronavirus-19 disease (COVID-19) has had a tremendous impact on society and daily life at present and will for years to come. To curb the spread of SARS-CoV-2, vaccines were proposed as a path to reduce viral spread, infections, and hospitalizations. Based on previous research, geared towards personalized cancer therapies, SARS-CoV-2 spike protein mRNA vaccines were quickly developed and then tested to combat COVID-19 (1–6). While other companies with differing approaches followed suit (7, 8), the ability to quickly produce a vast amount of a highly effective vaccine has made the mRNA approach the most promising and widely distributed vaccine in the world. The vaccines were initially shown to be up to 95% effective at protecting against viral infection with the original strain. Comparing the two mRNA vaccines, the Moderna vaccine (mRNA-1271) appeared to produce slightly higher antibody titers at the 6-months mark, compared to the Pfizer/BioNTech (BNT162b2) vaccine. This is not entirely surprising, given the higher dose of the Moderna vaccine (100 µg versus 30 µg, respectively). While the results of the mRNA approach seem quite promising, we still do not know the longevity of the immune responses induced by these vaccines. Data showed that B cell immunity induced by both mRNA vaccines waned over time (9) and models implied that this decrease is observed with most SARS-CoV-2 vaccines (10). Based on these findings, booster immunizations, 5 months following the primary dose, have now been approved in the USA for all adults as well as children from 5 years of age (11), and immunizations of 6 month-4 year old children were added recently, using either Pfizer or the Moderna vaccine. While mRNA vaccines have been reported to be safe, adenoviral vector vaccines were shown to cause thrombosis in a small minority of recipients (12). Furthermore, new SARS-CoV-2 variants (such as Delta and Omicron and its subvariants) are posing a constant challenge to the current vaccines; however, mRNA vaccines can quickly be adapted and modified to encode new mutated sequences.

To bind and enter cells SARS-CoV-2 uses a homotrimeric spike protein to interact with a cell surface receptor, the angiotensin converting enzyme 2 (ACE2), which triggers a cascade of events allowing membrane fusion and viral entry into cells (13). The spike protein domain crucial for this interaction is the receptor binding domain (RBD), which is present within the S1 subunit (14). B cell responses, via the production of neutralizing antibodies, are important to prevent the binding of SARS-CoV-2 to cells within the body. In support of this, Cavazzoni et al. showed that follicular helper T cells (Tfh) are essential for optimization of the germinal center response to SARS-CoV-2 protein vaccines and affinity maturation (15).

In addition to the humoral response, a potent antigen-specific T cell response is also important to induce long-lasting anti-viral immune memory (16). CD4 and CD8 T cells typically encounter foreign antigen presented by activated antigen presenting cells (APCs), expand, contract, and then persist as memory cells. These memory T cells can quickly respond if the host is re-infected with the pathogen. While several co-stimulatory molecules are involved and necessary to generate a strong memory T cell response, our lab and others have demonstrated that OX40 agonists not only enhance effector T cell activation, but also increase the number of memory T cells that persist long-term (17, 18). OX40, a member of the TNF receptor family (TNFRF), is upregulated on CD4 T cells (and to a lesser extent on CD8 T cells) after antigen recognition. Once expressed on the surface of T cells, engagement of OX40 with its ligand, OX40L, on activated APCs results in increased T cell expansion, effector function and survival (19). Engagement of OX40 in vivo by agonist antibodies or fusion proteins can lead to higher levels of T cell cytokines, aid in viral clearance, and augment anti-tumor T cell responses (20). Furthermore, OX40 stimulated T cells cooperate with ICOS expressed on the Tfh cells, to increase the humoral immune response. This leads to production of higher affinity antibodies and long-lived memory B cells, which help to sustain antibody production in future pathogen encounters (21). Hence, engaging OX40 during an ongoing immune response can increase both CD4 and CD8 T cells as well as antibody responses.

In this study, we examined whether an OX40 agonist could enhance immune responses to both protein and saRNA COVID-19 vaccine platforms. We hypothesized that this strategy would lead to stronger T cell responses as well as increased antibody titers that may help to neutralize spike protein binding to the ACE2 receptor. T cell responses and the persistence of spike-specific antibodies were examined after prime-boost vaccination. We found that injecting an OX40 agonist in both the prime and boost was the most effective way to maintain higher antibody titers over a long period of time and this approach also amplified vaccine-specific CD4 T cell responses. When compared to protein immunization the saRNA vaccine induced a much stronger spike-specific CD8 T cell response, which was enhanced by OX40 agonist administration. Similar to protein vaccination, the OX40 agonist also increased a vaccine-specific CD4 T cell response in saRNA vaccinated mice. Thus, our findings show that an OX40 agonist can enhance both, protein and saRNA COVID-19 vaccine approaches.



Results


An OX40 agonist enhances SARS-CoV-2 spike protein vaccination

Our laboratory has examined the effects of OX40 agonists enhancing T cell responses in both viral and cancer immunity for many years (22–25). We have generated a hexameric OX40L:Ig fusion protein (26), that has potent immune stimulatory effects in mice, non-human primates and humans (27). To examine the effect of OX40L:Ig to enhance protein vaccinations to SARS-CoV-2, we immunized mice with a prefusion stabilized trimeric spike protein (28). Mice were immunized with the spike protein and a TLR-4 agonist, monophosphoryl lipid A (MPLA), emulsified in Montanide ISA 51. In the boost, mice received the protein in PBS, without MPLA. Mice were treated with mouse IgG (mIgG) or OX40L:Ig in the prime vaccination, the boost vaccination or during both the prime and boost. The groups were boosted 28 days after the prime (Figures 1A, B). We first assessed the ability of the vaccine to activate T cells in the blood via ICOS/Ki67 upregulation on CD4 T cells, and GrzmB/Ki67 upregulation on CD8 T cells. CD4 and Treg cells were highly activated in the blood 5 days after the boost, with an average of 40.6% (± 15.9) Ki67+ICOShi CD4 T cells. CD8 T cells increased proliferation to a lesser extent and did not display a significant amount of GrzmB+Ki67+ cells (3.4% ± 2.6) (Supplementary Figures 1A, B). The activation of CD4 T cells was partially due to OX40 agonist alone in the absence of vaccine, as depicted in the OX40 agonist control group (14.0% ± 3.5). Thus, while upregulation of these activation markers on T cells could identify spike-specific T cells, we developed assays to enumerate the percentages of spike-specific T cells more accurately in the blood. Peripheral blood lymphocytes were isolated 6 weeks post-boost, and the cells were cultured with spike protein in vitro. After overnight incubation with the spike protein, CD40L and OX40 expression were analyzed on the surface of CD4 T cells, and PD-1 and 4-1BB on CD8 T cells (19, 29–31). CD40L and OX40 expression were detected on the surface of CD4 T cells from mice that had been injected with the OX40L:Ig fusion protein in both prime and boost, whereas the percentage of antigen-specific cells was significantly lower in animals receiving one injection of the OX40 agonist (in the prime or boost) and low in mice receiving vaccine alone (no OX40L:Ig) (Figure 1C top and D, left panel). In contrast to CD4 T cells we did not detect an increase in the percentage of 4-1BB+ CD8 T cells after ex vivo culture with the spike protein (Figure 1C bottom and D, right panel). In this short-term assay stimulation of CD4 T cells may be more efficient, as opposed to cross-presentation of peptides to CD8 T cells via MHC class I, which could take longer than 12-16 hrs to induce activation. Thus, we also analyzed the ability of the spike protein to induce T cell proliferation and cytokine secretion in 3-day cultures. While spike-specific CD4 T cells showed robust proliferation especially in mice receiving OX40L:Ig in the prime and boost, the CD8 T cells did proliferate, but not as vigorously (Figures 1E, F). When cytokines were assessed, the highest level of IFN-γ was observed in the supernatants of T cells isolated from mice treated with the OX40L:Ig protein in both the prime and the boost. IL-2 showed a similar pattern, albeit at much lower levels (Figure 1G). The Th2 specific cytokine, IL-4, was not detected in these cultures potentially due to the strong TLR agonist, MPLA, which tends to skew T cells towards a Th1 lineage phenotype (Supplementary Figure 1C).




Figure 1 | OX40 agonist enhances CD4 and CD8 antigen-specific T cell immunity to spike protein vaccination. Groups of mice were immunized with the SARS-CoV-2 spike protein emulsified in Montanide ISA 51 and MPLA (present in the prime), with mouse IgG (mIgG) or with OX40L:Ig injection in the prime, in the boost or both. Cells were isolated from the blood at 10 weeks post-immunization and cultured in the presence of recombinant spike protein. (A) Schematic representation of immunization with the spike protein and timing of the OX40L:Ig injections. (B) Description of the experimental group layout. (C) Expression of OX40 and CD40L on CD4 T cells (top) and PD-1 and 4-1BB on CD8 T cells (bottom) by flow cytometry after overnight incubation (16 hrs) with the spike protein. The dot plots shown are from representative mice in each group. Numbers in each quadrant indicate percent positive cells. (D) Summary of CD40L- and OX40-expressing CD4 T cells and 4-1BB-expressing CD8 T cells in all experimental groups. (E) Cells were cultured for 3 days in presence of antigen and EdU was added for 18 hrs to reveal replicating cells. Numbers in each quadrant indicate percent positive cells. (F) Ki67 expression and EdU incorporation (top panels) and ICOS/CD25 expression (bottom panels) were analyzed to assess T cell proliferation and activation in CD4 and CD8 T cells in all groups. (G) Supernatants of the 3-day cultures (blood) were assessed for the presence of IFN-γ and IL-2 in absence or presence of spike protein. N=6 animals per group, 1 of 2 experiments is shown. Each individual symbol in the bar graphs represents a single mouse. In D, F and G, bars indicate mean ± SEM. One-way ANOVA with Tukey’s multiple-comparisons test. *P<0.05, **P<0.01, ***P<0.001, ns, not significant.





TLR4 and OX40 stimulation and their effects in prime versus boost

We next addressed whether MPLA was more important for enhancing immune responses in combination with OX40L:Ig when delivered in the prime versus boost (see Figure 2A, B). Previous work from our group has shown that LPS, via TLR4 activation, can synergize with OX40 to enhance vaccines (17). MPLA, which also activates APCs via TLR4 uses TRIF signaling (instead of the MyD88 pathway) to release proinflammatory cytokines, is less toxic and skews T cells towards a Th1 phenotype (32, 33). Analyses of T cell activation in blood 5 days post-boost, showed that CD4 T cells were proliferating (Ki67+ICOShi) when MPLA was injected in the prime with the OX40 agonist delivered in the prime and boost (17.1% ± 12.3) (Supplementary Figures 2A, B). However, the OX40 agonist had a more substantial effect on proliferation/activation when MPLA was injected during the boost (35.8% ± 15.7 Ki67+ICOShi cells). In contrast, CD8 T cells were only minimally activated when examined for Ki67 and GrzmB expression (2.9% ± 2.2 and 5.9% ± 8.8) (Supplementary Figures 2A, B). Proliferation was generally greatest when MPLA was administered during the boost, for Tconv, Treg, CD8 T cells, as well as B cells (Supplementary Figure 2B). In parallel, we assessed the presence of Tfh cells in the animals, based on their role in fostering potent antibody responses. We tracked their frequencies at baseline, pre- and post-boost and found that, in line with recent studies (15, 34) CXCR5+ PD-1 positive Tfh cells are increased post vaccination, most prominently when OX40L:Ig was administered in both, prime and boost (Supplementary Figure 2C).




Figure 2 | OX40 agonist enhances vaccine-specific T cell responses independent of whether a TLR4 agonist was administered in the prime or the boost. Groups of mice were immunized with the SARS-CoV-2 spike protein emulsified in Montanide ISA 51 with MPLA injected in the prime or boost. In groups 1-3, mIgG or OX40L:Ig were administered in the prime with MPLA or OX40L:Ig was given in both prime and boost. Groups 4-6 received MPLA in the boost with mIgG or OX40L:Ig or OX40L:Ig was given in both prime and boost. (A) Schematic representation of immunization with the spike protein, MPLA and timing of the OX40L:Ig injections. (B) Description of the experimental group layout. (C) Secretion of IFN-γ and IL-2 cytokines examined in the supernatant of splenocytes cultured for 3 days alone, in presence of spike protein, S1 or S2 spike peptide pools. Each data point represents an individual animal. Bars indicate mean ± SEM. (D) CFSE-labeled splenic T-cells, were cultured with irradiated APCs alone, pulsed with spike protein, or S1 and S2 spike peptide pools. CD3/CD28 stimulation was used as positive control for these experiments. Histograms show the cell division by dilution of CFSE as analyzed by flow cytometry after 4 days of culture, cells were gated on either CD4 or CD8 T cells. (E) Bar graphs showing the percentage of CFSElo CD4 and CD8 T cells in 4-day cultures after spike antigen stimulation. 1 of 2 experiments is shown in (B–D).



Mice were sacrificed 21 weeks post-boost and spleen and draining lymph nodes (drLN) were analyzed. We found increases in Tfh cells in both the drLN and spleen when OX40L:Ig was administered in prime and boost (Supplementary Figure 2D). To further analyze the spike-specific CD4 but also CD8 T cells responses we cultured the spleen and drLN cells not only with the spike protein but also overlapping 15-mers that cover the full-length protein with 2 peptide pools (S1 and S2). Peptides can bind better to MHCI (and MHCII) molecules and hence can be presented more efficiently to CD8 T cells. Supernatants from the splenocyte cultures incubated with these antigens were assessed for IFN-γ, IL-2 and IL-4 cytokine secretion. Antigen-specific IFN-γ production was significantly higher when the OX40 agonist was injected in both the prime and boost independent of whether MPLA was delivered in the prime or the boost (Figure 2C). Levels of IL-2 were also increased in the same groups, but IL-4 was very low to undetectable in all groups (Figure 2C and Supplementary Figure 2E).

We next assessed spike-specific T cell proliferation via CFSE dilution assay. This assay allowed us to determine proliferation in the absence of endogenous APCs that might harbor spike-specific peptides. T cells were purified and pooled from each treatment group and cultured with irradiated splenocytes isolated from naïve mice, pulsed with the spike protein or peptides. CFSE dilution of CD4 T cells 4 days after antigen stimulation revealed that proliferation was amplified in mice injected with the OX40L:Ig protein. CD4 T cell proliferation was greatest when mice received the OX40 agonist in both the prime and boost. Mice receiving vaccine with two doses of OX40L:Ig displayed an 18-30-fold increase compared to vaccine/MPLA alone (Figures 2D, E). CD8 T cells proliferated more vigorously in the presence of peptide pools and proliferated the strongest when MPLA was administered in the prime with two doses of the OX40 agonist. The fold-increase of CFSE dilution in CD8 T cells (OX40L:Ig in prime and boost versus control mice) was lower (2 to 3-fold) than in CD4 T cells (Figure 2E).

In summary, MPLA increased T cell activation and proliferation in the blood when delivered after the boost and this effect was accentuated when combined with the OX40L:Ig protein. However, vaccine-specific CD4 and CD8 T cell responses were elevated when the OX40 agonist was injected in both the prime and boost, independent of whether MPLA was administered in the prime or the boost.



OX40 stimulation increases the longevity of vaccine-specific antibody responses

Vaccine-specific memory T and B cell responses are important to ensure long-term protection against the viral challenge. CD4 T cells help elicit and mature a potent B cell response which results in antibody production, affinity maturation and formation of long-lived plasma cells. The OX40L:Ig fusion protein greatly increased the vaccine-specific CD4 T cell response and induced Tfh cells (Figures 1, 2), hence we hypothesized that vaccine-specific antibodies would also be increased by OX40 stimulation. We tested this hypothesis by assessing antibodies after serial blood draws in the experiments described above, to monitor the magnitude and kinetics of vaccine-specific antibodies. Supplementary Figures 3A, B illustrate the presence of spike- and RBD-specific antibody titers in the serum, which persisted up to 15 weeks post-boost. Spike- and RBD-specific antibody titers were observed in all mice immunized with the spike protein and when the OX40 agonist was injected in both the prime and boost, antibody levels were higher and more sustained (Supplementary Figures 3A, B, bottom; C, right). Quantification of antigen-specific antibodies using log10EC50 values shows the strongest antibody responses were found 2 weeks post-boost and the titers remained elevated when the OX40 agonist was injected in both the prime and boost (Supplementary Figure 3C). We next explored antibody titers in spike protein vaccinated mice receiving MPLA in the prime versus boost w/wo an OX40 agonist (pre-boost, 2 weeks, and 21 weeks post-boost). In mice immunized with spike protein + MPLA (no OX40 agonist) total IgG levels were relatively low 2 weeks post-boost and returned to pre-boost levels by 25 weeks. Spike protein immunization in combination with MPLA + OX40 agonist in the prime or MPLA + OX40 agonist in the boost showed longer-lived antibody responses (Figure 3A). Interestingly, when MPLA was delivered in the prime or boost, with two injections of the OX40 agonist, the spike-specific antibody levels did not return to prime levels and remained elevated for 25 weeks (Figure 3A, right). Figure 3B displays the change in titers over time.




Figure 3 | OX40 agonists increase the magnitude and longevity of spike vaccine-specific antibodies. Experimental scheme and groups are outlined in Figures 2A, B. Mice were bled on day 28, prior to the boost (indigo circles); day 44, 2 weeks post-boost (red squares); day 177, 21 weeks post-boost (blue triangles), and antibody titers to the spike protein were assessed. (A) shows total IgG titers against the spike protein. Values on the y-axis indicate absorbance measured at 450 nm. D=day (B) shows the log10(EC50) titers of all groups at each timepoint pre boost, two weeks post boost and 21 weeks post boost (C) shows the log10(EC50) titers of IgG1 isotype spike-specific antibodies and (D) shows the log10(EC50) titers of IgG2a isotype spike-specific antibodies. C and D, one-way ANOVA with Tukey’s multiple-comparisons test. *P<0.05, **P<0.01, ***P<0.001, ns, not significant. (E) Data from the neutralization assay performed using the ACE2-Fc protein and supernatants from all groups 7 weeks post boost. All samples were diluted 1:100 and serially diluted 1:3 or 1:4 eight times in the assay and the serial dilutions are indicated by connecting lines.



Since MPLA is known to skew the immune response towards a Th1 phenotype, we further dissected the antibody isotype composition in these treatment groups. We assessed whether IgG1 (mainly Th2 response) or IgG2a (mainly Th1 response) isotypes predominated in any of these conditions. Analyses of all 6 groups showed that spike-specific IgG1 antibody levels were similar under most conditions, with MPLA/OX40 agonist in prime/boost groups displaying highest long-lived antibody titers post-boost (Figure 3C). In accord with a previous report (35), MPLA as an adjuvant in the prime increased IgG2a spike-specific antibodies, whereas levels remained lower when MPLA was injected in the boost, w/wo OX40 agonist administration (Figure 3D). IgG2a titers were comparable when the OX40 agonist was administered in the prime and boost, independent of whether MPLA was injected in the prime or boost and the OX40 agonist increased the longevity of the IgG2a response (Figure 3D). To address whether the serum antibodies had the ability to interfere with the interaction between ACE2 and the spike protein, we assessed their neutralizing activity. In line with our results above, the most potent activity was observed when OX40L:Ig was given in prime and boost – with MPLA in the prime (Figure 3E).

In conclusion, we found that OX40 agonist injections strongly augmented the magnitude and persistence of the vaccine-specific antibodies in mice vaccinated with the spike protein.



OX40L:Ig injection when combined with a booster immunization amplifies vaccine-specific T cell responses

While spike-specific memory T cell responses were detected in most mice after prime-boost vaccination, we wanted to examine the effect of a booster vaccination in mice 7 months post-initial immunization. In the booster experiment, all mice were injected with the spike protein. The OX40 agonist was given to mice that had not previously received any OX40 stimulation and to mice that were previously injected with OX40L:Ig in both the prime and boost. The groups that received OX40L:Ig in either the prime or boost initially, received only mouse IgG in the re-boost. Figures 4A, B illustrate the layout of this experiment. Supplementary Figure 4A depicts early activation of Tconv, Treg and CD8 T cells 5 days post-booster immunization, and while OX40L:Ig fusion protein did increase activation, the vaccine alone also increased T cell activation. Interestingly, CD8 T cells proliferated more vigorously than after the initial prime/boost (Supplementary Figure 4B). We then assessed the antigen-specific T cell response in the spleen and drLNs of mice receiving the booster immunization. Mice were sacrificed 7 weeks after the booster and analyzed for spike protein-specific CD4 and CD8 T cells. In the short-term antigen-specific assays, both CD40L and OX40 were upregulated on CD4 T cells, in the drLN and spleen. Mice that received the OX40 agonist in both the prime/boost as well as in the booster immunization had the greatest vaccine-specific T cell response (Figures 4C, D). T cells isolated from animals receiving anti-OX40 in the boost and mIgG in the booster responded but to a lesser extent than the other groups (Figures 4C, D). The magnitude of the antigen-specific CD8 response was lower overall compared to CD4 T cells, but higher numbers of antigen-specific CD8 T cells were found in the spleen than in the drLN and OX40L:Ig accentuated this increase, as revealed by 4-1BB upregulation (Figure 4D, bottom right). T cell activation and proliferation were then assessed in cells cultured for three days in the presence or absence of the spike protein. CD4 T cells proliferated strongly in both drLN and spleen cultures, while CD8 T cell responses were lower in both tissues (Supplementary Figure 4C). We also examined cytokines that were produced by these T cells and found increased spike-specific IFN-γ in most conditions, compared to no antigen controls. Group C (no OX40L:Ig in the booster) had the lowest cytokine production, which was a consistent finding when compared to the other assays (Figure 4D). The greatest cytokine production was found in T cells isolated from mice receiving OX40 stimulation with the booster (groups B&D) (Figure 4E).




Figure 4 | Booster immunization in combination with an OX40 agonist can increase T cell activation, antigen-specific CD4 T cells, and cytokine production. Mice initially immunized with the spike protein+MPLA in the prime received the OX40L:Ig in prime, boost or both. Animals were then boosted 30 weeks later. (A) Schematic representation of the booster immunization with spike protein w/wo OX40L:Ig injections. (B) Description of the experimental group layout. (C, D) Cells from drLN and spleen were isolated 7 weeks after the booster and examined for antigen-specific CD4 and CD8 T cells. (C) Flow cytometric analysis of the expression of CD40L and OX40 on CD4 T cells (top) and PD-1 and 4-1BB on CD8 T cells (bottom) after overnight incubation with the spike-protein (one representative mouse from each group is shown). Numbers in each quadrant indicate percent positive cells. (D) Bar graphs showing the summary of the percentages of CD40L+ CD4, OX40+ CD4 and 4-1BB+ CD8 T cells in the drLN and spleens of mice receiving booster immunizations ± OX40L:Ig. (E) Cytokine assessment for IFN-γ and IL-2 in the supernatant of 3-day cultures from drLN and spleen. N=5-6 animals per group, 1 of 2 experiments is shown. Each individual symbol in the bar graphs represents a single mouse. Bars indicate mean ± SEM. One-way ANOVA with Tukey’s multiple-comparisons test. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001, ns, not significant.



Thus, boosting mice increased the vaccine-specific T cell responses especially in mice that were injected with an OX40 agonist in the initial prime/boost and adding OX40 stimulation in the booster appears to further increase the vaccine-specific CD4 and CD8 T cell responses.



OX40 agonist stimulation increases spike-specific T cell responses to a self-amplifying mRNA vaccine

RNA vaccines have been approved for use in humans and have elicited both, vaccine-specific antibodies, and CD4 and CD8 T cell responses (16). Furthermore, in contrast to protein vaccines, mRNA vaccines have the potential for rapid, scalable manufacturing, owing to the high yields of in vitro transcription reactions (36). Hence, we wanted to test whether an OX40 agonist could also enhance immune responses to RNA vaccines. To test this hypothesis, we immunized mice with a self-amplifying mRNA, encoding an alphaviral replicase (to enable replication upon uptake in the cell cytoplasm) and the SARS-CoV-2 spike protein encapsulated in lipid nanoparticles (LNPs). SaRNA can provide high expression levels and simultaneously induce a strong innate immune response. Mice received two injections of 1 µg of saRNA (in prime and boost), 28 days apart, with or without the OX40L:Ig fusion protein. Proteins encoded by saRNA vaccines can take a few days to be produced and expression can be maintained for up to a month (37). Hence, the initial experiment assessed the optimal timing of OX40 agonist administration after saRNA vaccination (days 2/5, 4/7 and 7/10) (Figures 5A, B). Stimulation with the OX40L:Ig agonist, in absence of the saRNA vaccine, served as a negative control for these experiments. The activation status of T cells stimulated with the saRNA w/wo OX40 agonist was initially assessed 5 days after the boost. Mice that received OX40 stimulation at days 2/5 had the greatest level of CD4 T cell activation (41.27% ± 4.1, ICOS+Ki67+) and expression of these two makers declined in mice receiving the OX40 agonist at later timepoints (Figures 5C, D). The CD8 T cells expressed very high levels of GrzmB and Ki67 (26.42 ± 3.2, GrzmB+Ki67+) when the vaccine was combined with OX40 stimulation especially at days 2/5 after immunization (Figures 5C, D). Interestingly, this GrzmB+Ki67+ CD8+ cell phenotype was not observed when mice were immunized with protein (Supplementary Figures 1A, 2A). Since the activation data suggested that spike-specific CD8 T cell responses may be increased with the saRNA approach, we assessed the presence of spike-specific CD8 T cells after saRNA vaccination. A p:MHCI tetramer was used to quantify the vaccine-specific CD8 T cell response (an immunodominant epitope of the spike protein in C57BL/6 mice) (38). Tetramer+ CD8 T cells were enumerated in peripheral blood 5 days after the boost OX40L:Ig injection. 11.5% ( ± 1.9) of peripheral blood CD8 T cells were tetramer+ in mice injected with saRNA vaccine alone. Mice injected with the OX40 agonist on days 2/5 showed an increase in tetramer+ CD8 T cells (20.58% ± 2.2) compared to mice receiving vaccine alone. When the OX40 agonist was delivered at later time points the enhancement of vaccine-specific responses was lower (15.4% ± 2.4 and 10.44 ± 1.3 tetramer+ cells, respectively) (Figures 5E, F). The same analysis was repeated 16 weeks post-vaccination, when the mice were sacrificed, to monitor contraction of the CD8 T cell response in the LNs, spleen, and blood. Total memory CD8 T cells were lower in the lymph node (1.3%) and ranged on average between 9-13% in blood and spleen, with no significant differences between the groups (Figure 5G). As for tetramer+ CD8 T cells (16 weeks post-vaccine), a similar trend to day 5 post-boost was observed. Mice injected with OX40 agonist at days 2/5 still contained the highest percentage of tetramer+ CD8 T cells (2-fold above vaccine alone). However, compared to day 5 post-boost in the blood, the cells had contracted approximately 4-fold in each group (Figure 5G and Supplementary Figure 5A). Interestingly, when the frequency of spike-specific tetramer+ CD8 T cells in mice immunized with the protein vaccine were evaluated in peripheral blood at the same time point (16 weeks post-boost) little to no tetramer+ CD8 T cells were detected (Supplementary Figure 5B). Splenocytes followed a similar trend, but LNs contained much lower percentages of tetramer+ CD8 T cells (Figure 5G and Supplementary Figure 5A). Production of IFN-γ and TNF-α was also assessed upon stimulation with spike peptide pools in the saRNA vaccinated mice. Both CD4 and CD8 T cells produced IFN-γ and TNF-α and the highest percentage of IFN-γ+TNF-α+ positive cells were found in the day 2/5 OX40 agonist treated group (Figure 5H). In general, the frequency of IFN-γ secreting cells was higher in CD8 T cells when compared to CD4 T cells (Figure 5I). Proliferation of CD4 and CD8 vaccine-specific T cells was also assessed by CFSE dilution. Mice injected with saRNA alone increased spike protein-induced CFSE dilution in CD4 and CD8 T cells compared to the negative control group (OX40 stimulation alone). When the OX40 agonist was delivered on days 2/5 and 4/7 there was an increase in the percentage of T cells that diluted CFSE when compared to mice receiving vaccine alone (Supplementary Figures 5C, D). Similar to the results from the protein vaccine experiment (CFSE dilution; Figures 2D, E), the OX40L:Ig induced the greatest fold-increase in spike-specific CD4 proliferation. It also increased CFSE dilution in CD8 T cells from mice vaccinated with saRNA, but to a lesser extent than in the CD4 cells. Interestingly, the magnitude of the CD4 response (maximum percentage of diluted cells) was a slightly higher in the protein versus saRNA vaccinated mice. Finally, the serum antibody levels in saRNA immunized groups were examined, prior to the boost and two- and 12-weeks post-boost. We found that, in contrast to the protein vaccine, spike-specific antibodies generated with the saRNA only and saRNA + OX40 stimulation at days 2/5 or 4/7 were predominantly of the IgG2a isotype, with lower IgG1 titers (Supplementary Figure 5E). OX40 agonist delivered late after vaccination at days 7/10 had almost no effect on either isotype and titers were low overall.




Figure 5 | OX40 agonists enhance T cell responses in mice immunized with a self-amplifying RNA vaccine. Groups of mice were immunized i.m. with self-amplifying RNA (saRNA), encoding the spike-protein, encapsulated in lipid nanoparticles (LNPs). Mice received the vaccine alone or with OX40 stimulation on days 2/5, days 4/7 or days 7/10 post-vaccination. (A) Schematic representation of the timing of the administration of the saRNA vaccine w/wo OX40L:Ig. (B) Description of the experimental group layout. D=day (C) Flow cytometric assessment of the upregulation of ICOS/Ki67 on peripheral blood CD4 T cells and GrzmB/Ki67 on CD8 T cells five days after the 1st OX40L:Ig dose. The dot plots shown are from representative mice in each group. Numbers in each quadrant indicate percent positive cells. (D) Summary of the percentage activated Ki67+ICOS+ Tconv CD4 cells and Ki67+GrzmB+ CD8 T cells in blood. Bars indicate mean ± SEM. (E) Flow cytometric assessment of the frequency of tetramer+ CD44+ CD8 T cells 5 days post-boost (in each group). Each plot is from a representative animal per group. Numbers in the upper two quadrants represent the tetramer+ cells. (F) Summary of the data in (E). (G) Summary of tetramer+ T cells in blood, LN and spleen, 16 weeks post-immunization (day118). (H) Mice were euthanized at day124. Frequency of IFN-γ+ and TNF-α+ CD4 and CD8 T cells among splenocytes after in vitro stimulation with the S1 peptide pool. One representative animal per group is shown. The outlined box indicates the IFN-γ+TNF-α+ double-positive cells. (I) Summary of the frequency of IFN-γ+TNF-α+ CD4 and CD8 T cells stimulated with either S1 or S2 peptide pools in vitro. Bar graphs show the mean frequencies ± SEM per group in D, F, G and (I) One-way ANOVA with Tukey’s multiple-comparisons test. *P<0.05, **P<0.01, ***P<0.001, ****P<0.0001, ns, not significant. N=10-11 animals per group in D, F, G, and (I) 1 of 2 experiments is shown.



Taken together, the data suggests that the saRNA vaccine approach generates a strong Th1-type response with long lasting, potent spike-specific CD8 T cells and this response can be enhanced by OX40L:Ig administration shortly after immunization.




Discussion

The SARS-CoV-2 pandemic has been ongoing for two and a half years and in several countries individuals have received two vaccine doses, followed by one or two boosters. In order to reduce or eliminate the need for recurrent immunizations we tested whether an OX40 agonist would increase the immune response to a SARS-CoV-2 vaccine. This idea has been supported by previous publications showing that OX40 agonists can have strong immune adjuvant effects in the generating vaccine-specific T cells in mice, monkeys, and humans (22, 25, 39). OX40 agonists have been injected systemically to hundreds of cancer patients with low toxicity (22, 23), hence this is a strategy that could potentially be translated to human vaccines. Several studies suggest that co-stimulation via OX40 in a vaccine setting can not only increase CD4 T cell activation but can also boost CD8 T cell responses and increase secretion of vaccine-specific antibodies (24, 40, 41). The timing of OX40 agonist administration combined with vaccination has been explored, with findings showing that OX40 agonist injections delivered during the vaccine boost (14 days after a priming immunization) resulted in increased long-lived polyfunctional CD4 and CD8 T cells (39). However, another study showed that if the OX40 agonist was delivered after protein vaccination or viral challenge it could dampen immune responses (42).

In this study, we found that an OX40L:Ig fusion protein greatly increased vaccine-specific CD4 T cell responses and augmented spike-specific antibody secretion when injected with a protein vaccine. Interestingly, the saRNA vaccine was much more effective at generating spike-specific CD8 T cells, which was accentuated by the OX40L:Ig agonist.

Based on the differences observed in the publications discussed above, we examined the timing of OX40 agonist administration (OX40L:Ig in prime, boost or both) in combination with a spike protein vaccine. Panagioti et al. observed that if an OX40 agonist was injected during the booster phase of vaccination, it was more efficient to enhance T cell immunity than if it were administered during the priming phase (39). When we analyzed T cell activation 5 days after the boost, the OX40 agonist administered with the boost induced stronger proliferation in the CD4 T cell compartment than when given during the prime. However, contrary to the Panagioti manuscript, we detected the greatest increase of vaccine-specific T cell percentages when the OX40 agonist was injected in both the prime and the boost (Figures 1 and 2B). Differences between the two studies included the use of synthetic long peptides for vaccination by Panagioti et al, while we vaccinated with a whole protein; the time interval between prime and boost, which was 14 days, whereas in our study it was 28 days; and lastly we used the OX40L:Ig protein versus an OX40 agonist antibody (OX86) used in their study.

Successful SARS-CoV-2 vaccines should elicit long-lasting protection (via memory T and B cell responses), which will allow us to live with this virus in an endemic phase. In this study we explored how to increase the longevity of the vaccine-specific immune response by co-administration of an OX40 agonist with two different SARS-CoV-2 vaccines. We assessed the presence of spike-specific T cells and antibodies in mice several months after prime/boost immunizations w/wo the OX40L:Ig protein. Injecting the OX40 agonist in both the prime and the boost delivered the greatest numbers of functional spike-specific CD4 T cells as well as Tfh cells. Similarly, mice subjected to two rounds of OX40 agonist stimulation showed the greatest increase in spike- and RBD-specific antibody titers in their serum, and these levels were sustained for 6 months. This is an important observation because antibody responses elicited by the currently approved vaccines wane 3-6 months after the boost immunization (9). Thus, injecting the OX40 agonist in the prime and boost appears to increase the longevity of vaccine-specific immunity, which would potentially alleviate the need for repeated booster immunizations.

When vaccinated mice were re-challenged with a booster immunization 7 months later, they mounted an increased T cell response. OX40 engagement further increased the levels of activated and proliferating CD4 and CD8 T cells after the booster (Supplementary Figure 4). When analyzing the spike-specific immune responses in drLN and spleen several weeks after the booster it was clear that delivering the OX40L:Ig protein with all immunizations (prime/boost/booster) elicited the highest levels of spike-specific CD4 and CD8 T cells. These data suggest that an OX40 agonist added to a booster vaccine could enhance spike protein-specific immunity in individuals already immunized against the spike protein.

While mice injected with the spike protein vaccine combined with an OX40 agonist elicited a strong vaccine-specific antibody response (Figure 3), the CD8 T cell response was not very robust. Since RNA vaccines are known to elicit a potent CD8 T cell response, we determined whether an OX40 agonist could enhance CD8 responses when combined with a SARS-CoV-2 mRNA vaccine (16, 43, 44). mRNA vaccines have some advantages over protein vaccines, as they are easier and faster to produce as well as scalable for large immunization studies (36). In particular for this study we tested whether an OX40 agonist could enhance a self-amplifying RNA vaccine which contains an alphaviral replicase together with a gene of interest (spike protein) that is encapsulated in lipid nanoparticles (45). The saRNA vaccines require a much lower dose (0.1-1 µg/dose) compared to “traditional” mRNA vaccines (30-100 µg/dose), while at the same time leading to expression of higher protein levels (37). In our experiments, the saRNA-LNP vaccine was able to generate a strong vaccine-specific CD8 T cell response when compared to protein vaccination, and the antibody titers were biased towards a Th1-type response. Of importance for this study, the OX40 agonist was able to increase T cell activation and the magnitude of antigen-specific CD4 and CD8 T cell responses. In particular, the vaccine-specific CD8 T cell response elicited by the saRNA vaccine alone was strong (20% tetramer+ cells) at the peak of activation and the OX40-agonist increased it approximately 1.5 to 2-fold. The vaccine-specific CD4 T cell response to the saRNA vaccine was lower than with protein vaccination; however, the OX40-agonist did increase the CD4 T cell response to the saRNA vaccine as assessed by both proliferation and cytokine production (Figure 5).

It is clear from these studies that OX40 agonists can enhance vaccine-specific immune responses for both protein and RNA vaccines. In particular, both the magnitude and longevity of vaccine-specific responses were increased by the OX40L:Ig fusion protein especially when delivered both in the prime and the boost. A recent study combined an OX40 agonist antibody with a Sindbis alphavirus vector that expressed the spike protein and they found an enhancement of T cell activation, cytokine production and antibody titers (46). In most experiments however, mice were analyzed at only 7 days after the prime for metabolic and transcriptional changes, effects on T cell subsets, secretion of cytokines and cell surface markers. The authors assessed activation of total T cell populations with little distinction for vaccine-specific T cells, which differs from our study. Also, in this study we evaluated the longevity of the B and T cell responses, which was not emphasized in their study.

While both studies show that OX40 agonists can enhance COVID-19-specific vaccines, injecting a protein OX40 agonist is not practical for delivery for human vaccines. Engineering the OX40L:Ig fusion protein into viral vaccine vectors or adding the OX40L:Ig mRNA into the same lipid nanoparticles as RNA vaccines would be an economical and practical approach that will be pursued by our group in the future.

The data obtained with both protein and saRNA vaccines in these studies, suggest that a heterologous prime/boost approach may be beneficial to increase the lack of a CD8 response in the protein setting. Heterologous prime/boost vaccinations have been performed in humans for the spike protein (e.g. adenoviral vector vaccines + mRNA vaccines, or mRNA-Pfizer, followed by mRNA-Moderna) and this approach has officially been accepted by the government authorities. A heterologous and efficient prime-boost setting has been reported decades ago for HIV vaccines (47) and has since gained momentum for a wide range of pathogens. Heterologous vaccination can foster a broader array of immune responses (e.g. Th1 versus Th2), increase the effectiveness of existing vaccines and induce more immunogenic responses. It can lead to higher neutralizing antibody titers and more potent T cell responses compared to using the same vaccine in the prime-boost setting (48). While this suggests that heterologous prime/boost may lead to superior immune responses, careful analysis of combined approaches in the COVID-19 vaccine setting, is lacking. Our data suggest that there are differences in the potency of generating humoral and cell-mediated immune responses with the protein and RNA vaccine approaches. Of course, there are limitations - the assessment of the T cell and antibody responses in mice does not always correlate with level of protection in humans. Therefore, future experiments will combine both vaccine approaches, together with increased T cell costimulation. In summary, we observed differential immune stimulating effects when comparing protein versus saRNA SARS-Cov2 vaccines and it is clear that OX40 agonists can enhance immunity to both approaches.



Material and methods


Animals

C57BL/6 mice were purchased from the Jackson Laboratory. All animals were bred and maintained under specific pathogen-free conditions in the Providence Portland Medical Center (Portland, OR) animal facility and all experiments were performed in accordance with the guidelines of the Institutional Animal Care and Use Committee. Only females were used for the COVID vaccination studies. Control polyclonal mouse IgG was purchased from BioXCell. Anti-OX40L:Ig mAb was produced by MedImmune/AstraZeneca. Animals were randomly assigned to treatment cohorts. No outliers were excluded from the data presented.



Synthesis of self-amplifying mRNA encoding the SARS-CoV-2 spike protein

The codon-optimized gene, encoding the full-length spike protein of SARS-CoV-2 with a single dominant mutation was synthesized and cloned into Precision NanoSystem’s proprietary custom self-amplifying mRNA cloning vector. The vector incorporates non-structural proteins encoding VEEV alphavirus replicases and a strong sub-genomic promoter with an engineered multiple cloning site. The cloned codon-optimized genes were synthetically constructed and amplified in Escherichia coli and purified using a Plasmid Maxi kit (QIAGEN). High quality saRNA was synthesized using a proprietary manufacturing process developed by PNI. Briefly, the plasmid DNA was linearized by restriction digest at the 3′ end of the saRNA sequence. Next, the linearized DNA templates were transcribed into RNA using the cell-free in vitro transcription and enzymatic capping method described by Geall A et al. (49).



Formulation of lipid nanoparticles encapsulating saRNA

A lipid mix was prepared at a concentration of 37.5 mM in ethanol using a proprietary ionizable lipid, 1,2-distearoyl-sn-glycero-3-phosphocholine, cholesterol and 1,2-dimyristoyl-rac-glycero-3-methoxypolyethylene glycol-2000. saRNA was diluted to a concentration of 252 μg/ml in RNA formulation buffer at pH 4. Lipid mix in ethanol and saRNA in aqueous buffer were mixed to form lipid nanoparticles using a NanoAssemblr® Ignite™ NxGen™ microfluidic mixer at a flow rate ratio of 3:1 (saRNA to lipids), total flow rate of 12 ml/min and start waste volumes of 0.35 ml and end waste volume of 0.05 ml. The LNP were then diluted 40× in PBS (Ca2+ and Mg2+ free) and further processed using Amicon® ultra 15 10kDa MWCO units (EMD Millipore) filtration technique at 2000 x g for 30 min at 4°C to remove ethanol. The final LNPs were mixed with a PNI proprietary cryobuffer (1:1 V/V) and stored at -80°C. The LNPs were thawed at RT before immunization of animals.



LNP characterization

After preparation of LNPs as described above, particle size (hydrodynamic diameter of the particles) was determined by Dynamic Light Scattering (DLS) using a ZetaSizer™ Nano ZS™ (Malvern Instruments, UK). He/Ne laser of 633 nm wavelength was used as the light source. Data were measured from the scattered intensity data conducted in backscattering detection mode (measurement angle = 173°). Measurements were an average of 10 runs of two cycles each per sample. Z -average size was reported as the particle size and is defined as the harmonic intensity averaged particle diameter. All solutions were analyzed using polystyrene cuvettes.



saRNA encapsulation efficiency

saRNA encapsulation efficiency (EE%) was measured by a modified Ribogreen™ assay (Quanti-iT RiboGreen™ RNA assay kit, Fisher).1x TE buffer, and a 2% Triton-X (w/v) in 1x TE buffer were prepared for diluting the LNPs to the required concentrations for the assay. A 20 ug/mL RNA stock solution was prepared using 1x TE. Solutions for standard curve were prepared in the range of 0.1 – 2 ug/mL in Triton-X TE buffer in a 96 well. LNP solutions were then diluted in the 96 well plate using 50 ul 1x TE or 2% Triton-X TE buffer and incubated for 10 min at 37 °C (total 100 uL). 100 μL of 1:100 diluted Ribogreen reagent in 1x TE was then added to the wells and gently agitated for 30 sec. saRNA concentrations were quantified by measuring fluorescence (λem = 525 nm, λex = 485nm) at room temperature using a BioTek™ Synergy™ H1 Hybrid Multi-Mode Monochromator™ Fluorescence Microplate Reader. Encapsulation efficiency (EE) was calculated using the following equation:

EE= 100x {(Total RNA(RNA in Triton TE) - RNA outside LNP(Ribogreen in TE))/Total RNA(Ribogreen in Triton TE)}



Immunization

Animals were immunized s.c. in the right flank/inguinal area of the animal with an emulsion of Montanide ISA 51 with 20 µg/ml of spike protein (Lake Pharma, Inc) with or without Monophosphoryl Lipid A (MPLA) (Avanti Polar Lipids, Inc) as adjuvant. Additionally, the animals received anti-OX40L:Ig injected i.p. on days 0 and 3 post immunization, or mIgG. Mice were boosted with 20 µg/ml of spike protein in PBS, with or without MPLA. saRNA-LNP preparation was obtained from PNI. Animals were immunized i.m. in the left or right footpad with 1 µg of saRNA in lipid nanoparticles, diluted in 50 µl of PBS. Animals also received two injections of anti-OX40L:Ig or mIgG, i.p., on differing days post immunization, 3 days apart.



Blood collection and lymphocyte isolation

Blood was isolated from the animals by bleeding from the saphenous or submandibular veins. Between 0.1 and 0.4 ml of blood were collected, depending on the downstream applications. When mononuclear cells were isolated and analyzed, blood was collected in heparin-coated tubes. For T cell activation assays, peripheral blood mononuclear cells were separated using Fico/Lite-LM (R&D Systems) mouse cell separation medium. The peripheral mononuclear cells were washed with complete RPMI 1640 (Gibco) containing 0.292 ng/ml glutamine, 100 U/ml streptomycin/penicillin, 0.1 μM nonessential amino acids, 1 mM sodium pyruvate, and 10 mM HEPES (Sigma-Aldrich) and used in further experiments. For assessing cell phenotypes in blood, the blood was incubated with the ammonium-chloride-potassium (ACK) buffer to lyse red blood cells, prior to staining. When serum was isolated, blood was directly harvested in serum separation tubes (Microtainer, BD). Serum was aliquoted and stored at -80°C and thawed prior to use in the ELISA.

Draining lymph nodes (drLN) and spleens were harvested and processed to obtain single-cell suspensions using the plunger of a syringe and a petri dish. Spleens were incubated with ACK lysing buffer (Lonza) for 3 min at room temperature to lyse the red blood cells. Cells were rinsed with PBS containing 1% FBS and 4 mM EDTA prior to staining or washed with complete RPMI prior to in vitro cell culture.



T cell activation assay

PBMC or cells from LN and spleen were plated at 1.5 – 2 x 105 cells per well in 96-well u-bottom plates. As positive control, cells were stimulated with 1 µg/ml anti CD3 (clone 145-2C11) and anti-CD28 (clone 37.51), both Biolegend, Inc. 2 µg/ml of spike protein (LakePharma, Inc) or a peptide mix (1 µg/ml) spanning the S1 and S2 regions of the spike protein, were used to assess the antigen-specific responses (JPT Peptide Technologies, GmbH). To reveal upregulation of CD40L in response to antigen, a blocking anti-mouse CD40 antibody (clone HM40-3) and an APC-conjugated CD40L antibody (clone MR1) were present in the culture for the duration of the assay (29–31). Cells were stained for surface and intranuclear markers after 16-20 hrs.



Proliferation assay

Mononuclear cells isolated from blood, LN or spleen, were incubated in absence of or with spike protein or spike peptide pools in 96 well plates. After 3 days, 5-ethynyl-2’-deoxyuridine (EdU) was added at 2 µM to the culture medium. Cells were labeled for 16 hrs. Plates were spun down and supernatants were collected for analysis by ELISA and cells were pelleted for staining. Cells were washed twice with PBS prior to labeling with a viability dye. Cells were then washed with 1% BSA in PBS and surface labeled. The pellet was then fixed with 4% PFA for 20 min in 100 µl. After an additional wash with 1% BSA/PBS, cells were washed with a saponin-containing wash buffer and incubated for 20 min in 100 µl. The cells were pelleted again and resuspended in 50 µl of Click-iT reaction cocktail (PBS with Cu2SO4, Alexa647-Azide and the reducing agent sodium ascorbate). After 30 min of incubation at RT in the dark, cells were washed with wash buffer and intracellular antibodies were added in 30 µl/well. Cells were washed in wash buffer and resuspended in 250 µl PBS/1%BSA prior to analysis on a flow cytometer.



Antibodies and flow cytometry

For flow cytometric analysis, cells were washed in PBS, then incubated on ice for 20 with a viability dye (zombie yellow; ThermoFisherScientific) to exclude dead cells. Cells were washed with FACS buffer containing PBS, 1% FCS and 0.01% NaN3. Surface antibodies used in the study were: TCRβ (clone H57-597), CD4 (clone RM4-5), CD8 (clone 53-6.7), CD44 (clone IM7), CD62L (clone MEL-14), ICOS (clone C398.4A), PD1 (clone J43), CD40L (clone MR1) CD25 (clone PC61.5), OX40 (clone OX-86), CD19 (clone eBio1D3), CXCR5 (clone 2G8)4. Intracellular proteins were detected with the following antibodies: Foxp3 (clone FJK-16s), Ki67 (clone SolA15), granzyme B (clone NGZB). For tetramer analysis, cells were stained separately with the PE-conjugated tetramer (VNFNFNGL, H-2Kb, NIH tetramer core) for 30 min at RT, followed by surface staining or intranuclear staining, as indicated above. All samples were analyzed on an AttuneNxt flow cytometer (ThermoFisherScientific), and data were analyzed with FlowJo software v10.8.1 (Tree Star).



Spike and RBD direct ELISA

Nunc Maxisorp 96 well u-bottom plates (Thermo Scientific™, high-binding) were coated with Sars-CoV-2 spike or RBD protein (1-2 µg/ml in 50 µl of PBS) and incubated at 4°C overnight. Plates were washed 6x using an automated plate washer with 0.05% Tween20 in PBS. Plates were blocked with 10% non-fat dry milk blocking buffer (BioRad, in PBS/Tween 0.05%) at 100 µl per well for 2 hours at 37°C. Plates were washed 6x times with PBS/Tween 0.05%. Serum was serially diluted 7-11 times in 50 µl of blocking buffer, across the plate. Binding was performed for 90 minutes on a plate shaker at 300rpm protected from light at room temperature. After 6 washes, a secondary HRP conjugated F(ab’)2 fragment goat anti-mouse IgG (H+L) antibody (Jackson ImmunoResearch Laboratories, Inc) was prepared at a 1/6000 dilution in blocking buffer. For IgG1-specific antibody detection, an HRP-conjugated goat anti-mouse IgG, Fcγ subclass 1-specific antibody was used (1:6000, Jackson ImmunoResearch Laboratories, Inc); for IgG2a-specific antibody detection, an HRP-conjugated goat anti-mouse IgG2a antibody was used (1:1000, ThermoFisherScientific). The antibody was incubated for 30 minutes on a plate shaker at 300 rpm at room temperate. Plates were washed 6x times and Sureblue™ TMB substrate (VWR) was added at 50 µl/well and allowed to develop for 3 to 5 minutes. The reaction was stopped with 25 µl of H2SO4. Plates were read at 450 nm absorbance. Three- or four-fold serial dilutions were analyzed and graphed in Prism. EC50 values were calculated using a non-linear regression analysis.



Cytokine ELISA

Nunc Maxisorp 96 well flat-bottom plates (Thermo Scientific, high-binding) were coated with the monoclonal antibody AN18 (IFN-γ) 1A12 (IL-2) or 11B11 (IL-4) all from Mabtech, at 1 µg/ml in PBS at 100 µl per well. The plates were incubated overnight at 4°C. Plates were washed twice with PBS. Plates were blocked for 1 hour with incubation buffer (PBS, 0.05% Tween 20, and 0.1% BSA) at room temperature. Plates were washed 6x on an automated plate washer with PBS/0.05%Tween 20. The recombinant mouse IFN-γ standard was serially diluted, in incubation buffer, starting at 5 µg/ml, and incubated in 100 µl/well for 2 hours at RT (IL-2 and IL-4 were added at 4 and 1 µg/ml, respectively). The secondary biotinylated antibody R4-6A2 (IFN-γ) 5H4 (IL-2) or BVD6-24G2 (IL-4) were added at 0.5 µg/mL in incubation buffer, after washing the plates, then incubated for 1 hour at RT. After 6 washes, Streptavidin-HRP (BD) was added at 1:250 in incubation buffer and incubated on the plate for 1 hour. For development, Sureblue™ TMB substrate (VWR) was added at 100 µl/well and developed for 5-10 minutes. The reaction was stopped with 25 µl of 0.2M H2SO4. Plates were read at 450 nm absorbance. Cytokine concentrations in the cell cultures were extrapolated from the standard curve and graphed in Prism.



T cell isolation and CFSE assay

Total T cells were freshly isolated from pooled splenocytes (pooled by treatment group) using the Easysep negative mouse T cell isolation kit (#19851, Stemcell Technologies). Isolation was performed according to the manufacturer’s protocols. (Stemcell Technologies). After T cell isolation, cells were washed in PBS and labeled with 0.5 µM CFSE diluted in PBS. T cells were cocultured with splenocytes, isolated from C57BL/6 animals and irradiated at 5000 rad prior to pulsing with whole spike protein or S1 and S2 peptide pools. Anti-CD3 and anti-CD28 served as positive control. Cells were cultured in complete RPMI for 3 days, then harvested and stained, prior to analysis on a flow cytometer. CFSE low cells indicate the proportion of proliferating cells.



Statistical analysis

Statistical analysis was performed with GraphPad Prism v9 software (GraphPad). The p values were calculated with a Student paired t test (for comparison between two groups), or a one way ANOVA for multiple comparisons. A p value <0.05 was considered significant. Error bars denote ± SEM as indicated. The number of biological replicates (individual animals) for each experiment is indicated in the figure legends. The titer for each mouse was calculated as log10EC50.
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Background

The immune response to adenoviral COVID-19 vaccines is affected by the interval between doses. The optimal interval is unknown.



Aim

We aim to explore in-silico the effect of the interval between vaccine administrations on immunogenicity and to analyze the contribution of pre-existing levels of antibodies, plasma cells, and memory B and T lymphocytes.



Methods

We used a stochastic agent-based immune simulation platform to simulate two-dose and three-dose vaccination protocols with an adenoviral vaccine. We identified the model’s parameters fitting anti-Spike antibody levels from individuals immunized with the COVID-19 vaccine AstraZeneca (ChAdOx1-S, Vaxzevria). We used several statistical methods, such as principal component analysis and binary classification, to analyze the correlation between pre-existing levels of antibodies, plasma cells, and memory B and T cells to the magnitude of the antibody response following a booster dose.



Results and conclusions

We find that the magnitude of the antibody response to a booster depends on the number of pre-existing memory B cells, which, in turn, is highly correlated to the number of T helper cells and plasma cells, and the antibody titers. Pre-existing memory T cytotoxic cells and antibodies directly influence antigen availability hence limiting the magnitude of the immune response. The optimal immunogenicity of the third dose is achieved over a large time window, spanning from 6 to 16 months after the second dose. Interestingly, after any vaccine dose, individuals can be classified into two groups, sustainers and decayers, that differ in the kinetics of decline of their antibody titers due to differences in long-lived plasma cells. This suggests that the decayers may benefit from a tailored boosting schedule with a shorter interval to avoid the temporary loss of serological immunity.





Keywords: immunological memory, adenoviral COVID-19 vaccine, booster, in silico, agent-based modeling (ABM), simulation, anti-vector immunity



1 Introduction

Most COVID-19 vaccines are given in a two-dose primary schedule, whereas additional booster doses may be required to maintain immunity. The time interval between vaccine administrations can greatly affect the logistics of the vaccination campaign and its efficacy (1–3). The effect of the dosing interval on COVID-19 vaccine efficacy has not been specifically tested in Randomized Clinical Trials (RCT), however, available data suggest that longer intervals between the first and second dose result in higher antibody titers (4). Since the investigation of vaccine dosing protocol in RCT is limited by feasibility issues, in-silico modeling can make an important contribution to the field, allowing the extensive exploration of different schedules and the identification of the immunological variables that correlate with the endpoints of interest (5, 6). In this study, we utilized stochastic agent-based modeling to study the effect of the dosing protocol on the immune response to an adenoviral vaccine. Agent-based models exhibit emergent properties and thus can also lead to the discovery of patterns in the complex behavior of the immune system.

Adenoviral vaccines are less expensive and easier to store and transport than mRNA vaccines. On the other hand, vectored vaccines are not expected to be ideal for repeated administration (7). Their efficacy can be reduced by at least two factors: i) a preexistent antibody response to the vector that interferes with transduction (anti-vector immunity)  (8) and/or ii) a preexistent cytotoxic T cell response against either the vector or the insert that limits the persistence of transduced cells (9). The determination of the optimal time interval between doses of adenoviral vaccines is still an unresolved question, and not enough is known about tailored schedules for groups that might need additional doses, such as the elderly or immunocompromised individuals.

The COVID-19 vaccine AstraZeneca is based on a chimpanzee adenovirus, utilized to generate the vector ChAdOx1. A low prevalence of anti-vector neutralizing antibodies has been observed in humans (10). Nevertheless, among the participants of clinical trials, before vaccination, some had high titer (IC50 > 200) or low titer (IC50< 200) neutralizing antibodies against ChAdOx1 (11, 12). The first dose induced anti-vector neutralizing antibodies that persisted until the last assessed time point (84 days) but did not prevent boosting (12). Indeed, clinical trials have shown that repeated use of AstraZeneca is effective: the second dose induces a marked surge of antibody titers and increased protection (12–14). The vaccine has been approved as a two-dose vaccine, with an inter-dose interval of 4 to 12 weeks (15). A clinical study analyzed immune responses to the AstraZeneca vaccine over an extended interval between the first and second administration, and after a third dose. It was shown that a longer inter-dose interval leads to higher antibody titers and that a third dose greatly increases antibody titers (11). Interestingly, in aged individuals, one dose of either the mRNA-based Pfizer vaccine or the adenoviral-vectored AstraZeneca vaccine elicits similar antibody levels on day 35 (16), whereas the second homologous dose, given after an 8–12 week interval, results in higher antibody titers in those vaccinated with the mRNA vaccine (17). This observation is consistent with the idea that the immunogenicity of the first dose of Pfizer and AstraZeneca are comparable, whereas the immunogenicity of the second dose of the adenoviral vaccine is reduced, with the caveat that the different kinetics of the antibody responses to the first dose may limit the significance of the day 35 comparison (17). Individuals vaccinated with a first dose of AstraZenca show a robust immune response when the second dose is an mRNA vaccine (18). A comparison of homologous and heterologous dosing protocols showed that after one dose of AstraZeneca, a second heterologous dose elicits higher antibody titers (19–21). After two doses of AstraZeneca, a third homologous dose elicits lower anti-Spike antibody titers than a third heterologous dose of mRNA vaccine (22).

By comparing different vaccination protocols we aim to investigate the effect of the interval between adenoviral vaccine doses by means of a stochastic agent-based immune simulation platform. We adjusted the model parameters using anti-Spike antibody data from individuals immunized with the COVID-19 vaccine AstraZeneca, from two sets of data, namely i) the “Vaxab dataset”, a retrospective observational study on anti-RBD-Spike total antibodies in individuals vaccinated against COVID-19 in Naples, Italy, and ii) published serological data from the COV001 and COV002 trials (11).

In the following sections, we describe the clinical data used to identify the parameters of the computational model, the model itself, the statistical procedures used to set the parameters, the definition of the numerical experiments to be conducted in-silico, and, finally, the analysis of the results obtained and the conclusions drawn.



2 Material and methods


2.1 Dataset 1: The observational study Vaxab

Vaxab is an observational study of serological data in COVID-19 vaccinees. The study was approved by the Ethical Committee of the University of Naples Federico II, protocol 376/21. Inclusion criteria for participation were: i) having received a COVID-19 vaccine, ii) requesting a Roche Elecsys® Anti-SARS-CoV-2 S assay at the MeriGen laboratory (Naples, Italy), iii) answering a questionnaire, and iv) signing the informed consent. Most study participants measured their antibody levels just once. Each dataset entry includes the age and sex of the participant, vaccination date(s), vaccine brand for each dose, the SARS-CoV-2 infection history (self-reported), the date of the serological test, and the result of the Roche Elecsys® Anti-SARS-CoV-2 S assay, expressed in Binding Antibody Units (BAU). The Roche Elecsys®Anti-SARS-CoV-2S assay quantifies antibodies against the Receptor Binding Domain (RBD) of the S protein (the Spike) of SARS-CoV-2; the dynamic range can be scaled by automated sample dilution (23). The test was performed according to the manufacturer’s instructions (Roche Diagnostics GmbH. Elecsys® Anti-SARS-Cov-2 s, Instructions for Use. 2021). The Vaxab study includes participants vaccinated with AstraZeneca, Pfizer, Moderna, and Johnson & Johnson vaccines. It contains 120 antibody measures from individuals immunized with one dose of AstraZeneca and who reported no previous SARS-CoV-2 infection. The age range of this subset of participants was 20-79 (median 53, IQR 38-61), with 62% females. The timing of blood tests was between 10 and 89 days after the first dose. Six individuals had no anti-Spike antibodies (baseline value of the test, 0.4 BAU), whereas two outliers (not visible in Figure 1) had anti-Spike BAU levels >10000. The data points of the Vaxab study (one dose of AstraZeneca, no previous SARS-CoV-2 infection) are shown in Figure 1.




Figure 1 | The computational model captures the antibody titer trajectory, characterized by a plateau. Overlay of a line graph representing in-silico Ig levels after the first dose (the line represents the median, the shading represents the IQR) with a dot plot representing RBD-Spike Ig BAU in individuals who have received one dose of AstraZeneca, in the Vaxab dataset.





2.2 Dataset 2: The trials COV001 and COV002

Flaxman et al. (11) reported the immunogenicity of AstraZeneca with 3 different dosing intervals, namely 8–12, 15–25, and 44–45 weeks. Blood samples were taken on the day of vaccination and then at 14 and/or 28 days after vaccination. Antibody levels to SARS-CoV-2 Victoria/01/2020 spike were measured by standardized single dilution total IgG ELISA, and the median for each group was reported. On day 28 the median total IgG titer was 923 Elisa Units (EU) with Interquartile Range (IQR) [525–1764] for the 8–12 weeks interval, 1860 EU and IQR [917–4934] for the 15–25 weeks interval, and 3738 EU IQR [1824–6625] for the 44–45 weeks interval. Antibody levels 6 months after the second dose of vaccine were higher in the group with a 15–25 weeks interval between doses, median 1240 EU IQR [432–2002], compared with the group with 8–12 week interval, median 278 EU IQR [166–499]. Data points for this data set are shown in Figure 2.




Figure 2 | The computational model reproduces the effect of the dosing interval observed in clinical trials. Overlay of in-silico Ig levels in two-dose protocols 1A, 1B, and 1C (the line represents the median, the shading represents the IQR) with a dotplot representing median anti-Spike Elisa Units in clinical trial data from (11), corresponding to inter-dose periods of 8-12, 15-25 and 44-45 weeks for panel (A–C), respectively.





2.3 Computational model

The computational model we used in this study has been previously employed to simulate the immune response to different antigens including SARS-CoV-2 virus (24). Most of the model parameters have already been fixed either by manual curation with literature information or by numerical estimation in general settings. For the current purpose, we modified this computational model to simulate the immune response to a non-replicative adenovirus carrying a transgene encoding the Spike protein of SARS-Cov-2, and then we adjusted the model’s parameters using data from human vaccination with Astra Zeneca. The model represents both the innate immune response by macrophages, dendritic cells, and natural killer cells and the adaptive immune response by B lymphocytes, antibody-producing plasma cells, CD4 T helper, and CD8 T cytotoxic lymphocytes. It is a polyclonal model as it embodies the primary sequences of the binding sites of B-cell receptors (BCR) and T-cell receptors (TCR), as well as the peptides and epitopes of the infectious agent or vaccine. It represents a portion of i) the muscle, where the vaccine is injected, ii) primary lymphatic organs where lymphocytes are formed and mature, and iii) secondary lymphoid organs where antigens are presented to naïve B and T-cells. Further details are provided in the Supplementary Material.

To evaluate different vaccination protocols we have used the antibody level as a significant endpoint representative of the immunogenicity of the vaccine construct. Neutralizing antibody levels are known to correlate with immunity from symptomatic SARS-CoV-2 infection (25, 26).



2.4 Parameters identification

The parameters of the immune system simulator were identified fitting two datasets introduced in Dataset 1: The observational study Vaxab and Dataset 2: The trials COV001 and COV002. The first round of manual calibration, based on the Vaxab dataset, aimed at reproducing the trajectory of the antibody levels after the first vaccine dose. The Vaxab dataset shows that, after the first dose of AstraZeneca, anti-Spike antibody levels increase for 5-6 weeks and then remain stable until the 12th week, when the second dose is received. This antibody titer trajectory, characterized by a plateau, was captured by acting on parameters related to vaccine dosage, antigen release kinetics from the adenovirus-transfected cells, and the scaling factor that adjusts the model scale to the antibody concentrations expressed in BAU (Figure 1).

The second fine-tuning step, using data from the published clinical trials described in Dataset 2: The trials COV001 and COV002, aimed to capture the effect of dosing interval on antibody titers. We used the Approximate Bayesian Calculation (details provided in Supplementary Material) to estimate some parameters, namely the persistence of phagocytosed antigen before it is degraded in the cytosol of APCs, the plasma-long-lived/normal half-life, and the rate of spike production from infected muscle cells. As shown in Figure 2, the computational model reproduces the effect of the dosing interval observed in clinical trials. Note that the scaling factor used in Figure 2 is different from the one employed in Figure 1 as it relates to antibody titers obtained with a different assay and expressed in EU rather than in BAU.



2.5 In-Silico experiments

We used the model to perform in-silico experiments of vaccination with two doses (in what we call experiment 1) or three doses (experiment 2) of adenoviral COVID-19 vaccine. Each experiment included multiple treatment groups, differing in the time interval between doses (Table 1). In particular, experiment 1 includes three treatment groups, denoted 1A, 1B, and 1C, that differ in the interval between the first and second dose, which is 10 weeks in protocol 1A, 20 in protocol 1B, and 45 in protocol 1C. While experiment 2 includes nine treatment groups, denoted 2A-I that differ in the interval between the second and third dose, which is 4 months in protocol 2A, 6 in protocol 2B, 8 in protocol 2C, 10 in protocol 2D, 12 in protocol 2E, 14 in protocol 2F, 16 in protocol 2G, 20 in protocol 2H and 24 months in protocol 2I. In all treatment groups of experiment 2, the second dose is given 12 weeks after the first dose. Each treatment group included 200 individuals and the follow-up was 6 months after the last dose.


Table 1 | In-silico vaccination experiments.





2.6 Statistical analysis

The statistical analysis aimed at i) establishing whether the immune response is statistically different among the protocols detailed in In-silico experiments, ii) identifying the right timing for the third dose and iii) investigating whether the antibody response is linked to some immunological variable. To this end we focused our analysis on five components of the immune system, that play a critical role in vaccine efficacy, namely antibodies (i.e., the sum of IgG1and IgG2), denoted by Ab, plasma cells, denoted by Plb, memory T helper cells, denoted by Th, memory T cytotoxic cells, denoted by Tc, and memory B cells, denoted by B.

The dynamics of these variables is shown in Figure 4.

To fulfill the tasks detailed above, we analyzed the variables of interest at crucial time points, namely the time before the second dose, denoted by t1, the time when the variable reaches its peak after the second dose, denoted by tm, and the latest time point of the simulation six months after the second dose, denoted by tf (Figure 3.)




Figure 3 | Study design. Variables Ab, Plb, Th, Tc and B were analyzed at 3 timepoints, t1 is the timepoint before the last dose of vaccine, tm is the timepoint when the variable reaches its maximum after the last dose, and tf is the last timepoint of the simulation, 6 months after the last dose.



First, for each treatment group (Table 1), we report standard sample statistics such as median, IQR, minimum and maximum. Mann-Whitney test is used to asses significant differences in the variables of interest at t1, tm and tf among the different treatment group, task i), and, in particular, differences in

Ab(tm) is used to asses the optimal timingfor the third dose, task ii). Stepwise regression (explained in detail in Supplementary Material) is used to determine whether variables Ab(t1), Plb(t1), Th(t1), Tc(t1), and B(t1) can be used as explanatory variables for the increment of Ab induced by the second dose, that is ΔAb= (Ab(tm) –Ab(t1), task iii). Then, correlations and cross-correlations at t1, tm and tf (Figure 3) between the variables of interest are investigated in terms of Pearson’s correlation coefficient. Finally, given the results of correlations analysis, Principal Component Analysis and Principal Component Regression (explained in detail in Supplementary Material) are employed to better investigate the link between the antibody response and the other immunological variables.

Moreover, to test whether in-silico experiments show patterns that can be traced to immunological behavior of interest, we performed unsupervised clustering on Ab(t1) Specifically, we applied a machine learning method, k-means clustering, which partitions N observations into K groups such that the within-cluster variance is minimal, see (27) for details.




3 Results


3.1 The interval between doses affects immunological memory

In Figure 4, we report the dynamics of Ab, Plb, Th, Tc and B in the treatment groups 1A, 1B, and 1C. The second dose of the vaccine induces a peak of plasma cells, higher than the peak induced by the first dose. Plasma cell peaks are mirrored by antibody peaks. Th and B after the second dose reach a higher level, and their increase persists for the following 6 months of simulation. When we compare 1A, 1B, and 1C, we see that as the interval between the two doses becomes longer, the humoral response (i.e., Ab, Pbl, B) and the T helper response (Th) to the second dose improve. This advantage of the longer protocols is still evident 6 months after the second dose (Supplementary Material Figure S3). Interestingly, the trajectory of Tc is markedly different from all other trajectories. The first dose has the major effect on Tc expansion, not the second (Figure 4). This finding agrees with studies reporting the absence of a significant boost of the cellular response after the second ChAdOx1 nCoV-19 dose (13).




Figure 4 | The timing of the second dose affects the dynamics of the immune response. The plots represent the median (solid lines) and IQR (shaded area) of Ab, Plb, Th, Tc, B. Protocols with longer intervals between the first and second dose achieve higher antibody responses.





3.2 The antibody response to the second dose correlates with the number of pre-existing memory B cells and is mitigated by pre-existing cytotoxic T cells and antibodies

Protocols with longer inter-dose intervals induce higher Ab, Plb, Th, and B (Figure 4). To shed light on the immunological mechanisms underlying this phenomenon, we set out to analyze how the immune status at t1 (i.e., before vaccination) affects the subsequent antibody increment ΔAb, that is the difference between the peak value Ab(tm) and the pre-existing antibody level Ab(t1). A stepwise regression analysis indicates that, within each protocol 1A, 1B and 1C, pre-existing memory B cells B(t1) is the only variable which significantly influence ΔAb. B(t1) is not significantly different between protocols 1A, 1B, and 1C (Figure 5), therefore, the differences in the magnitude of the antibody response to the second dose between the shorter and longer protocols cannot be imputed to memory B cells. Instead, both Ab(t1) and Tc(t1) are significantly lower in the longer protocols (Figure 5). This supports the hypothesis that either Ab(t1) or Tc(t1), or both, may have an inhibitory effect on the antibody response to the second dose.




Figure 5 | Th and B are not significantly different in protocols 1A, 1B and 1C at time t1, whereas Ab, Plb and Tc are lower in the longer protocols. The box plots show the median, IQR, and range of Ab, Plb, Th, Tc and B in treatment groups 1A, 1B and 1C at time t1.



However, by exploring the correlations and cross-correlations among variables Ab, Plb, Th, Tc and B, it was found that at t1, in all three protocols, antibodies, plasma cells, memory B cells and memory T helper cells were positively correlated with each other, whereas memory T cytotoxic cells were not significantly correlated with the other variables (Figure 6). Note that significant correlations among variables may influence the results of the stepwise regression.




Figure 6 | Correlations between the variables of interest at t1 for the three protocols 1A, 1B, 1C are shown respectively in panels (A–C). Blue ellipses mean positive correlations while red ellipses mean negative correlations, as reported in the color bar. The shape of ellipse helps in the understanding: the more stretched the ellipse the higher the value of the correlation in absolute value. At t1, antibodies, plasma cells, memory B cells and memory T helper cells are positively correlated among them, whereas Tc is not significantly correlated with the Other variables.



To better understand how the interplay between the variables of interest in t1 contributes to the enhanced antibody response to the second dose after longer intervals, we performed a Principal Component Regression between Ab(t1), Plb(t1), Th(t1), Tc(t1), B(t1) and the peak value of the antibody response to the second dose, Ab(tm). We obtain five principal components, PC1-5, that explain 45% of the variance of Ab(tm). Of these, PC1 and PC2 are the two most important components, and together explain 38.54% of the variance of Ab(tm). Figure 7 shows a scatterplot of PC1 vs PC2. Each dot represent one simulation, i.e., one virtual individual. Protocols 1A, 1B and 1C form separate clusters. At t1, 1A, 1B and 1C are similar in PC1, and are separated by PC2, suggesting that PC1 explains differences in Ab(tm) among individuals who received the same dosing protocol, whereas PC2 is more relevant to understand the difference between the 1A, 1B and 1C, i.e., the effect of the timing of the second dose on Ab(tm). Interestingly, the 1C group separates into two distinct clusters that are different in PC1. The most important variables (highest coefficient or loading) within PC1 are B(t1) (loading -0.525), and Ab(t1) (loading -0.519)(Figure 7). So PC1 mainly represents pre-existing antibody levels and B cell memory, which are positively correlated to Ab(tm), irrespective of the timing of the second dose. The highest loadings within PC2 are Tc(t1) (0.675) and Th(t1) (-0.527) (Figure 7), therefore PC2 mainly represents T cells. Notably, memory T cytotoxic cells and memory T helper cells exert opposite effects (i.e., opposite sign of the loading coefficients). Overall, the PCA suggests that pre-existing memory T cytotoxic cells are the major correlates of the reduced immunogenicity that is observed when the second dose is given at earlier time points. In PC2, the pre-existing antibodies also display the same sign of the coefficient as memory T cytotoxic cells, yet with a lower absolute value.




Figure 7 | Principal Component Analysis of the correlation between pre-existing immunological memory at t1 and the peak value of the antibody response to the second dose. (A) The dot plot shows PC1 and PC2 in individuals in treatment groups 1A, 1B and 1C. PC2 separates the different dosing protocols. (B) Loadings of PC1 and PC2. In PC2, Tc has the highest loading.





3.3 The Tc response to the second dose of vaccine is limited by the number of antigen presenting cells

The increase of Tc after the second dose is much smaller than the increase of Tc after the first dose (Figure 4). In order to proliferate, Tc need to recognize their cognate epitopes complexed with MHC class I on the vaccine-transduced muscle cells. Hence, to understand what may cause the poor response of Tc to the second dose, we analyzed antigen presentation on MHC class I, in muscle cells, after each dose. To estimate the total amount of antigen presentation on MHC class I that occurs after the first and second dose of vaccine, we calculated the Area Under the Curve (AUC) of the model variable “class-I-presenting” (  where m(t) is the number of antigen presenting cells, which indicates the cumulative number of muscle cells that present vaccine antigen peptides on MHC class I, in the time interval [t1,tf]). The AUC of the first dose was calculated from t0 to t1, while the AUC of the second dose was calculated from t1 to tf. Table 2 reports the median and interquartile range of AUC, in protocols 1A, 1B and 1C. Antigen presentation on MHC class I on muscle cells after the second dose of vaccine is lower than after the first dose, which explains why Tc are poorly stimulated by the second dose (see Table 2).


Table 2 | Antigen presentation on MHC class I in muscle cells.





3.4 The optimal antibody response to the third dose is achieved over a large time window

To predict the optimal timing for the third dose, we analyzed the results of experiment 2. The simulations predict that the optimal antibody response to the third, booster dose, is achieved over a large time window, spanning from 6 to 16 months after the second dose (Figure 8). Over this time window, the peak antibody levels are significantly higher (p< 0.05, Mann-Whitney test) than those achieved with earlier or later boosters.




Figure 8 | The optimal immunogenicity of antibody response to the third dose is achieved over a large time window. The protocols with intervals between the second and third dose between 6 and 16 months achieve peak antibody responses significantly higher (p< 0.05)) than shorter or longer protocols. (A) The plots represent the dynamics of the median (solid lines) and the IQR (shaded area) of variable Ab, in experiments 2A-I. (B) The box plots show the median, IQR, and range of the antibody peak after the third dose, Ab(tm).



Presumably, in the first months after the second dose, the high levels of antibodies and cytotoxic T cells inhibit the response to the third dose. On the other hand, much later after the second dose, when the memory Th and B cells and long-lived plasma cells decline, the antibody response to the third dose is reduced.



3.5 At late timepoints individual responses form two clusters with different antibody dynamics, sustainers and decayers

Interestingly, the principal component analysis revealed two separate clusters in the experiment 1C at t1. The level of Ab(t1) allows separation of the two clusters (Figure 9A). The cluster with the lower level of antibodies has memory B cells (Figure 9B), but no plasma cells (Figure 9C). The number of memory B cells and memory T helper cells at t1 is significantly different between cluster 1 and cluster 2 (p< 10-7).




Figure 9 | The two clusters identified by PCA can be separated by their level of Ab(t1) Data from experiment 1C are reported. (A) The violin plot of Ab(t1) reveals two clusters with different levels of Ab. (B) The scatterplot shows that the individuals with low antibody levels have, in most cases, no plasma cells. (C) the scatterplot shows that the individuals with low levels of antibody have memory B cells. (D) The antibody dynamics of the two clusters is different, cluster 1 represents antibody sustainers, and cluster 2 represents antibody decayers. The plots represent the median (lines) and IQR (shaded area) of variable Ab in cluster 1 and cluster 2.



We analyzed the antibody dynamics in the two clusters (Figure 9D). Once the peak of antibodies generated by the first dose of vaccine has declined, individuals from cluster 1 (antibody sustainers) reach a plateau in their antibody levels that reflects the production by long-lived plasma cells. In contrast, individuals in cluster 2 (antibody decayers), have no long-lived plasma cells, therefore the decline of their antibody levels continues. These two patterns in the antibody trajectories result in the bimodal distribution of antibody levels in the population, at late timepoints after the last dose (Figure 9A).

We observed decayers both after one dose of vaccine (Figure 9), and after two doses (Figure 10). The frequency of decayers however was lower after two doses (36.5% after 2 doses vs 20% after 3 doses). This suggests that as multiple doses of vaccine are administered, the number of individuals that will lose their serological immunity over time is reduced.




Figure 10 | After two doses of vaccine, the virtual individuals can still be separated into clusters 1 and 2, representing antibody sustainers and decayers. The plots represent the median (lines) and IQR (shaded area) of variable Ab in clusters 1 and 2 in experiment 2D.



In experiment 1C, we identified the decayers looking at t1, namely 45 weeks after the first dose. We asked if, by machine learning clustering on antibody titers, decayers could be reliably identified at earlier time points. Therefore, to identify the optimal time to detect decayers, we performed k-means clustering at different weeks from the first dose and we compared the performance in terms of accuracy (i.e.,(TP+TN)/N where TP=true positive, TN=true negative, N=total population).

It turned out that from 28 weeks after the first dose, clustering on antibody titers allows the identification of antibody decayers with accuracy above 90% (Table 3).


Table 3 | Accuracy of the identification of decayers.






4 Discussion and conclusions

In the context of the COVID-19 pandemic, vaccination policies had to take into account vaccine supply constraints and disease burden. In some cases, due to vaccine supply shortage, the second dose was delayed to allow for a higher initial coverage with one dose. On the other hand, in some countries, in situations of high dose availability, a third dose of COVID-19 vaccine has been offered to the general population as early as 4 months after the second dose, to try and mitigate large infection waves driven by virus variants. The time delay between vaccine doses can affect the durability of the antibody response, as well as the probability of an enhanced response to a subsequent encounter with the same antigen (28–30).

We explored, in-silico, the optimal timing for the third dose of an adenoviral vaccine. We adjusted the model parameters using two sets of anti-Spike antibody measures obtained with two different assays. While different antibody assays can show different kinetics (31) because some assays are tuned for high-avidity antibodies (32), the antibody assays employed in the two datasets give a similar kinetics after the first dose of AstraZeneca, i.e., no major variation in the antibody titer between 4 and 12 weeks. For this reason, in Figures 1, 2 we could simply use two different scaling factors to adjust the scale of the model output to the antibody concentrations obtained with the two different assays.

Simulations predict that the optimal immunogenicity of the third dose is achieved over a large time window, spanning from 6 to 16 months after the second dose. We analyzed the contribution of pre-existing antibodies, plasma cells, memory B cells, memory CD8 T cells, and memory CD4 T cells on immunogenicity, in vaccination schedules with different intervals between the first and second dose, namely 10, 20, and 45weeks. We observe a strong positive correlation between antibodies, plasma cells, memory B cells, and memory CD4 T cells after the first dose of vaccine. It is important to underline that these strong correlations complicate the identification of the causal correlates of the effect of the timing of the second dose on immunogenicity. On the other hand, these correlations imply that the antibody titer, an element that can be very easily measured, is a biomarker of the numbers of memory B cells, plasma cells, and CD4 T cells.

In-silico, we allowed the antibodies induced by the first dose of vaccine to inhibit the entry of the adenoviral vaccine into cells, to reproduce the effect of antibodies directed against the adenoviral capsid. In clinical trials, anti-vector neutralizing antibodies have been detected after the first dose of adenoviral vaccine, but no correlation was observed between pre-existing anti-vector neutralizing antibodies and the response to the second dose. Also in our in-silico analysis, the mere analysis of the correlation between the pre-existing antibody titer within one experiment and the subsequent response does not reveal a negative correlation. The potential inhibitory effect of antibodies is revealed by the comparison between simulations in which antibodies were or were not allowed to neutralize the adenoviral entry in muscle cells (Supplementary Material Figure S2). Interestingly, longer intervals resulted in higher immunogenicity in both scenarios, therefore irrespective of the action of neutralizing anti-vector antibodies. In this context, we should emphasize that cytotoxic T cells against the Spike, a desired outcome of immunization, can contribute to reduced immunogenicity of subsequent doses.

The scenario that emerged from our in-silico analysis is that memory B cells and memory CD8 T cells have opposite effects on the antibody response to the boost. Increased antibody response to late booster doses appears to be due to the combined effect of the decline in antibody levels and in the number of memory CD8 T cells, which results in a higher amount of Spike antigens being produced.

In the simulations, the number of memory B cells is similar at 12, 20 and 45 weeks after the first dose of the vaccine. This prediction is in line with the long persistence observed after Sars-CoV-2 infection (33, 34), and in mouse studies of B cell memory (35).

Garg et al. previously analyzed the effect of prime-boost interval on the antibody response to vaccination in a stochastic simulation model of the germinal center reaction, and concluded that increased B cell selection stringency in the germinal center can explain improved COVID-19 vaccine efficacy with delayed boost (36). Affinity maturation is implemented in our model; however, we did not measure the effect of dose interval on affinity due to computational constraints. On the other hand, our model considers the impact of pre-existing antibodies, plasma cells, memory T helper cells and memory T cytotoxic on the magnitude of the response to the boost, and we show a major contribution of cytotoxic T cells and antibodies.

An interesting observation coming from the principal component analysis is that the individuals who underwent a longer inter dosage vaccination schedule separated into two distinct clusters. The two clusters contain, respectively, individuals that generated or did not generate long-lived plasma cells. The dynamics of the antibody titers is markedly different between the two groups: one group reaches a plateau of antibody levels (sustainers), while the other group is destined to sero-revert (decayers). In this in-silico system, these qualitative differences stem from stochastic inter-individual differences in the immune repertoire and the efficacy of priming. We speculate that, in real life, aged and immunocompromised people may be prone to the decayer pattern and may benefit from receiving their booster after a shorter interval. Indeed, after two doses of adenoviral vaccine, waning of vaccine effectiveness against symptomatic COVID-19 is greater in older adults and in those in a clinical risk group (37). Machine learning clustering on antibody titers allows the identification of the decayers with 0.925 accuracy as early as 28 weeks after the first dose.

Our observation of two subsets of vaccinated individuals with different antibody dynamics over time resembles the observation of two subsets of COVID-19 convalescents, antibody sustainers, that exhibited the same or increasing antibody levels over time, and antibody decayers that lost antibody levels over the same time frame (38). A tetramer-based analysis of T follicular helper cells suggested a connection between Spike-specific CD4+ T cell responses and anti-Spike antibody durability (39). In addition, more memory B cell cross-reactivity with endemic coronaviruses was identified as a marker for more sustained antibody responses after infection (40). Our in-silico experiments replicate these correlations, as also in the simulation antibody sustainers have more memory T helper and memory B cells than antibody decayers. Our analysis suggests that a stronger response of T helper and B cells has a higher probability of resulting in the development of long-lived plasma cells.

Following asymptomatic or pauci-symptomatic SARS-CoV-2 infection, higher peak anti-Spike responses have been associated with longer time to sero-reversion (41). Our in-silico experiments replicate this correlation, as also in the simulations antibody decayers have a lower anti-Spike peak than antibody sustainers.

Neutralizing antibodies against the SARS-CoV-2 Spike are known to correlate with immunity from symptomatic infection, therefore unraveling the long-term kinetics of antibodies after SARS-CoV-2 infection or COVID-19 vaccination, and the factors influencing it, is essential to optimize vaccine boosting strategies (25, 26). Our analysis suggests that while the time window for the optimal immunogenicity of the third dose of an adenoviral vaccine is ample (6-16 months), however, some individuals, namely the antibody decayers, may benefit from receiving the third dose at the beginning of the optimal time window, to avoid loss of serological protection.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving human participants were reviewed and approved by Ethical Committee of the University of Naples Federico II, protocol 376/21. The patients/participants provided their written informed consent to participate in this study.



Author contributions

FC and AP contributed to the conception and design of the study. IDB and GP collected informed consents from study participants. IDB, SDB, GP, and AP organized the database. FC and EM performed the in-silico experiments. PS performed the statistical analysis. AP wrote the first draft of the manuscript. AP, PS, FC, and EM contributed to data interpretation. FC, PS, and EM wrote sections of the manuscript. All authors contributed to manuscript revision, read, and approved the submitted version.



Funding

FC and PS wish to thank the Italian Ministry of Education, University and Research, for partial support under the frame of JPI AMR (project MAGIcIAN, N. 0000873).



Acknowledgments

The investigators express their gratitude for the contribution of the Vaxab participants. AP acknowledges Mariarosaria Aletta for bibliographic assistance.



Conflict of interest

Authors IDB and SDB were employed by company MeriGen Res.


The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.




Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.998262/full#supplementary-material



References

1. Blumental, S, and Debré, P. Challenges and issues of anti-SARS-CoV-2 vaccines. Front Med (2021) 8:664179. doi: 10.3389/fmed.2021.664179

2. Wouters, OJ, Shadlen, KC, Salcher-Konrad, M, Pollard, AJ, Larson, HJ, Teerawattananon, Y, et al. Challenges in ensuring global access to covid-19 vaccines: Production, affordability, allocation, and deployment. Lancet (2021) 397:1023–34. doi: 10.1016/S0140-6736(21)00306-8

3. Liu, Y, Pearson, CA, Sandmann, FG, Barnard, RC, Kim, JH, Flasche, S, et al. Dosing interval strategies for two-dose covid-19 vaccination in 13 middle-income countries of europe: Health impact modelling and benefit-risk analysis. Lancet Reg Health-Eur (2022) 17:100381. doi: 10.1016/j.lanepe.2022.100381

4. Rodrigues, CM, and Plotkin, SA. The influence of interval between doses on response to vaccines. Vaccine (2021) 39:7123. doi: 10.1016/j.vaccine.2021.10.050

5. Castiglione, F, and Celada, F. Immune system modelling and simulation. (Boca Raton, FL, USA: CRC Press) (2015).

6. Bonabeau, E. Agent-based modeling: Methods and techniques for simulating human systems. Proc Natl Acad Sci (2002) 99:7280–7. doi: 10.1073/pnas.082080899

7. Ahi, YS, Bangari, DS, and Mittal, SK. Adenoviral vector immunity: Its implications and circumvention strategies. Curr Gene Ther (2011) 11:307–20. doi: 10.2174/156652311796150372

8. Boehncke, WH, and Brembilla, NC. Immunogenicity of biologic therapies: Causes and consequences. Expert Rev Clin Immunol (2018) 14:513–23. doi: 10.1080/1744666X.2018.1468753

9. Mendonça, SA, Lorincz, R, Boucher, P, and Curiel, DT. Adenoviral vector vaccine platforms in the sars-cov-2 pandemic. NPJ Vaccines (2021) 6:1–14. doi: 10.1038/s41541-021-00356-x

10. Dicks, MD, Spencer, AJ, Edwards, NJ, Wadell, G, Bojang, K, Gilbert, SC, et al. A novel chimpanzee adenovirus vector with low human seroprevalence: Improved systems for vector derivation and comparative immunogenicity. PloS One (2012) 7:e40385. doi: 10.1371/journal.pone.0040385

11. Flaxman, A, Marchevsky, NG, Jenkin, D, Aboagye, J, Aley, PK, Angus, B, et al. Reactogenicity and immunogenicity after a late second dose or a third dose of chadox1 ncov-19 in the uk: a substudy of two randomised controlled trials (cov001 and cov002). Lancet (2021) 398:981–90. doi: 10.1016/S0140-6736(21)01699-8

12. Barrett, JR, Belij-Rammerstorfer, S, Dold, C, Ewer, KJ, Folegatti, PM, Gilbride, C, et al. Phase 1/2 trial of sars-cov-2 vaccine chadox1 ncov-19 with a booster dose induces multifunctional antibody responses. Nat Med (2021) 27:279–88. doi: 10.1038/s41591-020-01179-4

13. Folegatti, PM, Ewer, KJ, Aley, PK, Angus, B, Becker, S, Belij-Rammerstorfer, S, et al. Safety and immunogenicity of the chadox1 ncov-19 vaccine against sars-cov-2: A preliminary report of a phase 1/2, single-blind, randomised controlled trial. Lancet (2020) 396:467–78. doi: 10.1016/S0140-6736(20)31604-4

14. Voysey, M, Clemens, SAC, Madhi, SA, Weckx, LY, Folegatti, PM, Aley, PK, et al. Single-dose administration and the influence of the timing of the booster dose on immunogenicity and efficacy of chadox1 ncov-19 (azd1222) vaccine: A pooled analysis of four randomised trials. Lancet (2021) 397:881–91. doi: 10.1016/S0140-6736(21)00432-3

15. European Medicines Agency. COVID-19 vaccine AstraZeneca product information as approved by the CHMP on 29 January 2021, pending endorsement by the European commission. (2021). Available at: https://www.ema.europa.eu/en/documents/product-information/vaxzevria-previously-covid-19-vaccine-astrazeneca-epar-product-information_en.pdf.

16. Parry, H, Bruton, R, Tut, G, Ali, M, Stephens, C, Greenwood, D, et al. Immunogenicity of single vaccination with bnt162b2 or chadox1 ncov-19 at 5–6 weeks post vaccine in participants aged 80 years or older: An exploratory analysis. Lancet Healthy Longevity (2021) 2:e554–60. doi: 10.1016/S2666-7568(21)00169-0

17. Parry, H, Bruton, R, Stephens, C, Brown, K, Amirthalingam, G, Otter, A, et al. Differential immunogenicity of bnt162b2 or chadox1 vaccines after extended-interval homologous dual vaccination in older people. Immun Ageing (2021) 18:1–8. doi: 10.1186/s12979-021-00246-9

18. Borobia, AM, Carcas, AJ, Pérez-Olmeda, M, Castaño, L, Bertran, MJ, García-Pérez, J, et al. Immunogenicity and reactogenicity of bnt162b2 booster in chadox1-s-primed participants (combivacs): A multicentre, open-label, randomised, controlled, phase 2 trial. Lancet (2021) 398:121–30. doi: 10.1016/S0140-6736(21)01420-3

19. Barros-Martins, J, Hammerschmidt, SI, Cossmann, A, Odak, I, Stankov, MV, Morillas Ramos, G, et al. Immune responses against sars-cov-2 variants after heterologous and homologous chadox1 ncov-19/bnt162b2 vaccination. Nat Med (2021) 27:1525–9. doi: 10.1038/s41591-021-01449-9

20. Schmidt, T, Klemis, V, Schub, D, Mihm, J, Hielscher, F, Marx, S, et al. Immunogenicity and reactogenicity of heterologous chadox1 ncov-19/mrna vaccination. Nat Med (2021) 27:1530–5. doi: 10.1038/s41591-021-01464-w

21. Pozzetto, B, Legros, V, Djebali, S, Barateau, V, Guibert, N, Villard, M, et al. Immunogenicity and efficacy of heterologous chadox1–bnt162b2 vaccination. Nature (2021) 600:701–6. doi: 10.1038/s41586-021-04120-y

22. Munro, AP, Janani, L, Cornelius, V, Aley, PK, Babbage, G, Baxter, D, et al. Safety and immunogenicity of seven covid-19 vaccines as a third dose (booster) following two doses of chadox1 ncov-19 or bnt162b2 in the uk (cov-boost): a blinded, multicentre, randomised, controlled, phase 2 trial. Lancet (2021) 398:2258–76. doi: 10.1016/S0140-6736(21)02717-3

23. Jochum, S, Kirste, I, Hortsch, S, Grunert, VP, Legault, H, Eichenlaub, U, et al. Clinical utility of elecsys anti-sars-cov-2 s assay in covid-19 vaccination: An exploratory analysis of the mrna-1273 phase 1 trial. Front Immunol (2021) 12. doi: 10.1101/2021.10.04.21264521

24. Castiglione, F, Deb, D, Srivastava, AP, Liò, P, and Liso, A. From infection to immunity: Understanding the response to sars-cov2 through in-silico modeling. Front Immunol (2021) 12:3433. doi: 10.3389/fimmu.2021.646972

25. Khoury, DS, Cromer, D, Reynaldi, A, Schlub, TE, Wheatley, AK, Juno, JA, et al. Neutralizing antibody levels are highly predictive of immune protection from symptomatic sars-cov-2 infection. Nat Med (2021) 2:1205–11. doi: 10.1038/s41591-021-01377-8

26. Padmanabhan, P, Desikan, R, and Dixit, NM. Modeling how antibody responses may determine the efficacy of covid-19 vaccines. Nat Comput Sci (2022) 2:123–31. doi: 10.1038/s43588-022-00198-0

27. Hastie, T, Tibshirani, R, Friedman, JH, and Friedman, JH. The elements of statistical learning: data mining, inference, and prediction. vol. 2. (New York, NY, USA:Springer) (2009).

28. Castiglione, F, Mantile, F, De Berardinis, P, and Prisco, A. How the interval between prime and boost injection affects the immune response in a computational model of the immune system. Comput Math Methods Med (2012) 2012:1–9. doi: 10.1155/2012/842329

29. Mantile, F, Capasso, A, De Berardinis, P, and Prisco, A. Identification of a consolidation phase in immunological memory. Front Immunol (2019) 10:508. doi: 10.3389/fimmu.2019.00508

30. Mantile, F, Capasso, A, De Berardinis, P, and Prisco, A. Analysis of the consolidation phase of immunological memory within the igg response to a b cell epitope displayed on a filamentous bacteriophage. Microorganisms (2020) 8:564. doi: 10.3390/microorganisms8040564

31. Matsuura, T, Fukushima, W, Nakagama, Y, Kido, Y, Kase, T, Kondo, K, et al. Kinetics of anti-sars-cov-2 antibody titer in healthy adults up to 6 months after bnt162b2 vaccination measured by two immunoassays: a prospective cohort study in japan. Vaccine (2022) 40:5631–40. doi: 10.1016/j.vaccine.2022.08.018

32. Nakagama, Y, Nitahara, Y, Kaku, N, and Tshibangu-Kabamba, E. Kido y. a dual-antigen sars-cov-2 serological assay reflects antibody avidity. J Clin Microbiol (2022) 60:e02262–21. doi: 10.1128/JCM.02262-21

33. Sakharkar, M, Rappazzo, CG, Wieland-Alter, WF, Hsieh, CL, Wrapp, D, Esterman, ES, et al. Prolonged evolution of the human b cell response to sars-cov-2 infection. Sci Immunol (2021) 6:eabg6916. doi: 10.1126/sciimmunol.abg6916

34. Dan, JM, Mateus, J, Kato, Y, Hastie, KM, Yu, ED, Faliti, CE, et al. Immunological memory to sars-cov-2 assessed for up to 8 months after infection. Science (2021) 371:eabf4063. doi: 10.1126/science.abf4063

35. Jones, DD, Wilmore, JR, and Allman, D. Cellular dynamics of memory b cell populations: Igm+ and igg+ memory b cells persist indefinitely as quiescent cells. J Immunol (2015) 195:4753–9. doi: 10.4049/jimmunol.1501365

36. Garg, AK, Mittal, S, Padmanabhan, P, Desikan, R, and Dixit, NM. Increased b cell selection stringency in germinal centers can explain improved covid-19 vaccine efficacies with low dose prime or delayed boost. Front Immunol (2021) 12. doi: 10.3389/fimmu.2021.776933

37. Andrews, N, Tessier, E, Stowe, J, Gower, C, Kirsebom, F, Simmons, R, et al. Duration of protection against mild and severe disease by covid-19 vaccines. New Engl J Med (2022) 386:340–50. doi: 10.1056/nejmoa2115481

38. Chen, Y, Zuiani, A, Fischinger, S, Mullur, J, Atyeo, C, Travers, M, et al. Quick covid-19 healers sustain anti-sars-cov-2 antibody production. Cell (2020) 183:1496–507. doi: 10.1016/j.cell.2020.10.051

39. Nelson, RW, Chen, Y, Venezia, OL, Majerus, RM, Shin, DS, MGH COVID-19 Collection & Processing Team, et al. Sars-cov-2 epitope-specific cd4+ memory t cell responses across covid-19 disease severity and antibody durability. Sci Immunol (2022) 7:eabl9464. doi: 10.1126/sciimmunol.abl9464

40. Chen, Y, Tong, P, Whiteman, N, Moghaddam, AS, Zarghami, M, Zuiani, A, et al. Immune recall improves antibody durability and breadth to sars-cov-2 variants. Sci Immunol (2022):eabp8328. doi: 10.1126/sciimmunol.abp8328

41. Manisty, C, Treibel, TA, Jensen, M, Semper, A, Joy, G, Gupta, RK, et al. Time series analysis and mechanistic modelling of heterogeneity and sero-reversion in antibody responses to mild sars-cov-2 infection. EBioMedicine (2021) 65:103259. doi: 10.1016/j.ebiom.2021.103259



Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Stolfi, Castiglione, Mastrostefano, Di Biase, Di Biase, Palmieri and Prisco. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




TECHNOLOGY AND CODE

published: 26 October 2022

doi: 10.3389/fimmu.2022.822834

[image: image2]


IgTreeZ, A Toolkit for Immunoglobulin Gene Lineage Tree-Based Analysis, Reveals CDR3s Are Crucial for Selection Analysis


Hadas Neuman 1*, Jessica Arrouasse 1, Meirav Kedmi 1,2,3, Andrea Cerutti 4,5, Giuliana Magri 4 and Ramit Mehr 1*


1 The Mina and Everard Goodman Faculty of Life Sciences, Bar Ilan University, Ramat Gan, Israel, 2 Division of Hematology and Bone Marrow Transplantation, Chaim Sheba Medical Center, Ramat Gan, Israel, 3 Sackler School of Medicine, Tel-Aviv University, Tel Aviv, Israel, 4 Translational Clinical Research Program, Institut Hospital del Mar d’Investigacions Mèdiques (IMIM), Barcelona, Spain, 5 Catalan Institute for Research and Advanced Studies (ICREA), Barcelona, Spain




Edited by: 

Uri Hershberg, University of Haifa, Israel

Reviewed by: 

Susana Magadan, University of Vigo, Spain

Hong Zan, The University of Texas Health Science Center at San Antonio, United States

*Correspondence: 

Ramit Mehr
 ramit.mehr@biu.ac.il 

Hadas Neuman
 hadas.doron@gmail.com

Specialty section: 
 This article was submitted to Immunological Memory, a section of the journal Frontiers in Immunology


Received: 26 November 2021

Accepted: 08 February 2022

Published: 26 October 2022

Citation:
Neuman H, Arrouasse J, Kedmi M, Cerutti A, Magri G and Mehr R (2022) IgTreeZ, A Toolkit for Immunoglobulin Gene Lineage Tree-Based Analysis, Reveals CDR3s Are Crucial for Selection Analysis. Front. Immunol. 13:822834. doi: 10.3389/fimmu.2022.822834



Somatic hypermutation (SHM) is an important diversification mechanism that plays a part in the creation of immune memory. Immunoglobulin (Ig) variable region gene lineage trees were used over the last four decades to model SHM and the selection mechanisms operating on B cell clones. We hereby present IgTreeZ (Immunoglobulin Tree analyZer), a python-based tool that analyses many aspects of Ig gene lineage trees and their repertoires. Using simulations, we show that IgTreeZ can be reliably used for mutation and selection analyses. We used IgTreeZ on empirical data, found evidence for different mutation patterns in different B cell subpopulations, and gained insights into antigen-driven selection in corona virus disease 19 (COVID-19) patients. Most importantly, we show that including the CDR3 regions in selection analyses – which is only possible if these analyses are lineage tree-based – is crucial for obtaining correct results. Overall, we present a comprehensive lineage tree analysis tool that can reveal new biological insights into B cell repertoire dynamics.
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Introduction

SHM can take place in germinal centers (GC) as well as in extrafollicular (EF) sites (1) and introduces base-pair changes into rearranged Ig variable region genes. B cells that gain mutations that improve their receptors’ affinity to the antigen are selected to expand, and eventually generate plasma cells and memory B cells with an improved receptor affinity (2). The resulting high-affinity memory B cells and long-lived plasma cells allow faster and more efficient secondary immune responses. Therefore, SHM is an important mechanism in the generation of broad and effective immune responses.

The above-described affinity maturation can be modeled using Ig gene lineage trees. A lineage tree (sometimes also called pedigree or dendrogram) is a rooted tree, similar to a phylogenetic tree, in which nodes correspond to B cell receptor chain variable region gene sequences. The shapes of lineage trees hold information on the dynamics of the GC response that generated the trees (3). Properties such as the degree of branching can point to the strength of selection and initial affinity to the antigen. Insights on transitions between populations, such as class switch recombination (CSR), cell differentiation and migration, can be deduced from the relationships between tree nodes. Finally and most importantly, tree-based mutation analysis is more accurate than analysis based on comparing each sequence to the putative germline sequence (Figure 1) (4, 5).




Figure 1 | Mutations are best described, and more precisely counted, using lineage trees. In the example one-codon “clone”, a mutation count that is based on a representative sequence results in one or two mutations. Using a consensus sequence, which is AAT for this clone, results in 1 mutation. Only a tree-based mutations count results in the exact number of mutations, which in this case is 4.



Over the last three decades, lineage trees were used to elucidate many features of the B cell repertoire dynamics. Meng et al. created an atlas of the B cell distribution and found that the repertoire is divided into two major networks of large clones, one in the blood, bone marrow, spleen and lung, and another in the gastrointestinal track (6). Tipton et al. found in 2015 that activated naïve B cells are the precursors for antibody-secreting cells in Systemic Lupus Erythematosus (7). Tabibian-Keissar and colleagues found evidence for B-cell trafficking between gut-lymph node in ulcerative colitis (8) and Hoehn et al. used phylogenetic model to characterize the effects of aging on B cell repertoire development and B cell responses to influenza vaccination (5). Overall, the analysis of lineage tree properties sheds light on affinity maturation and the diversification of Ig genes in health and in various pathological conditions. However, these analyses were done using different, separate tools, each of which reveals different aspects of lineage trees.

Diffuse large B-cell lymphoma (DLBCL) is the most common form of lymphoma and accounts for 25–35% of all non-Hodgkin lymphomas. About 30–50% of patients treated with the standard-of-care therapy are either refractory to treatment or have relapsed disease after the complete response (9). Detecting an early stage of a relapsed disease may have a positive impact on the therapy outcome. There is a wide interest in applying machine learning on biological fields and more precisely on Adaptive Immune Receptor Repertoire (AIRR) data sequencing, from an adaptation of the natural language processing (NLP) technique for B cell receptor (BCR) sequencing data (10) to disease classification based on BCR repertoires (11). Here, we demonstrate that we can apply machine learning classification models to the IgTreeZ (mutation analysis) output, and use it to distinguish between lineage trees from DLBCL patients and those from healthy controls.

This study presents a comprehensive python-based tool for the analysis of many aspects of Ig gene lineage trees. The program was developed on LINUX and most of its features are compatible with Windows as well (including the population and topology analyses, filtering and drawing). The next versions will be fully compatible with all operating systems. IgTreeZ allows the analysis of population transitions, tree topology, and mutations at the repertoire level. The program also includes utility scripts for filtering trees by population and size, and for graphical and statistical comparisons of the results of analyzing more than one repertoire. Finally, we used simulated and empirical data to demonstrate the usefulness of this tool and the potential of lineage tree-based Ig gene repertoire analysis, and applied a successful classification model on IgTreeZ’s mutation counts of DLBCL patients and healthy controls.



Methods


Mutation Analyses

An Ig gene lineage tree represents the diversification of a B-cell clone. Hence, a mutation count based on tree topology is more accurate than counting the mutations on each sequence separately (4, 5). Currently in IgTreeZ, prior to mutation count, the nodes are linked to the corresponding sequences. Sequences can be given as a Fasta file or as AIRR/Change-O database, or as an AIRR JSON rearrangement scheme, which includes the trees and sequences. Once given, each of the sequences is linked to the corresponding node by name. Hypothetical nodes, created by the tree inference program, sometimes lack representation in the input files. In the case of an internal node with no corresponding sequence, if the edge between the node and its parent indicates a zero distance – the node is linked to its parent’s sequence; if not, a consensus sequence is generated, with a priority to gaps and Ns (that is, if the number of Ns is equal to the number As in a certain position, the program prefers the N, or a gap, over the A), to avoid mutation over-count.

Once all nodes on the tree are linked to their sequences, the program traverses all tree nodes, counts all the observed mutations, and characterizes each mutation by its location (CDR/FWR), based on IMGT region definitions (12). Since each tree is handled separately, mutations in the CDR3 can also be identified as CDR mutations; the program compares CDR3 nucleotides to the clone’s consensus CDR3, and thus counts only mutations generated by SHM and not the diversity generated by N/P nucleotide. The program also characterizes each mutation by its nucleotide source, mutation type (transition/transversion) and amino-acid change (replacement/silent). If it is a replacement mutation, the program characterizes also the amino-acid type – charge, hydropathy, volume, chemical, hydrogen donor or acceptor atoms and polarity, based on the IMGT physicochemical amino acid classes (13, 14). The resulting data are saved as a CSV file with mutation counts for each tree, and graphs can be included in the output using the ‘plot’ argument.



Selection Analyses

Selection analysis is based on IgTreeZ’ mutation analysis, which calculates the number of silent and replacement mutations in the CDRs and FWRs for all sequences each tree. The resulting counts are sent, together with the corresponding germline sequence and the length of the CDR3 of each tree, to ShazaM (15, 16). Using ShazaM, we calculate the expected mutation frequency, estimate the selection strength for each tree, and compare the selection scores of multiple repertoires. We include the CDR3 by modifying the region definition parameter according to each tree’s CDR3 length and calculating the expected mutation frequency for each germline separately. All these steps were performed by our R script ‘shazam_selection_on_igtreez_output.r’, which is included in IgTreeZ.



Tree Topology Analysis (MTree)

This analysis quantifies the shape properties of Ig gene lineage trees. This was first suggested by Shannon and Mehr (17), who postulated that lineage tree shapes can be used to reveal the dynamics of hypermutation and antigen-driven selection in GCs. Later, seven variables were found to have a significant correlation with several B cell response parameters (3). Recently, we wrote a python version of MTree©, which calculates these seven variables for each tree in parallel and saves them in CSV files. The MTree results of different repertoires are compared using a second tool, which creates a box plot for each variable, and a scatter plot of each pair of variables. IgTreeZ now includes this analysis as part of its functions.



Tree Drawing

The tree drawing function of IgTreeZ aims to visually illustrate lineage tree shapes. We base our drawing on the graph description language DOT, as implemented in the Graphviz program (18). The input Newick-format trees are first translated to the DOT language. The translated DOT files can then be saved as image files (in several formats) or colored for quick impression. The coloring is based on the cell population names associated with tree nodes, with multi-population nodes colored with multiple colors. The font size and line width can also be adjusted using program parameters. Examples are given in the Results section.



Tree Filtering

Some comparative analyses require choosing only trees with certain characteristics, such as trees belonging to specific cell populations or tissues. To address this need, we developed a script to filter trees based on tree size (number of nodes or leaves), population composition or other features. Filtering by features such as population composition is done using one of three logical gates: AND, which selects trees composed of nodes associated with all the given populations; OR, which select trees composed of nodes associated with at least one of the given populations; and NOT, which selects trees that lack nodes associated with any of the given populations. The selected tree names are saved in a CSV file, and these trees can be automatically copied to a new directory using a parameter.



Simulation

To test our mutation counts in a CDR/FWR region connotation, we used Yermanos et al.’s AbSim simulation (19). We simulated 100 lineages under each condition, using the ‘data’ SHM method, which focuses mutation events during SHM to the CDR regions (defined based on IMGT), and has an increased probability for transition mutations relative to transversions. We used different probabilities for SHM nucleotide changes, different probabilities for a given sequence to undergo SHM, and different baseline probabilities for each nucleotide to be mutated. We annotated the output sequences using IgBlast version 1.14.0 (20) on IMGT/GENE-DB (21) reference sequences from March 26, 2020, and built parsimony trees using AlakazaM version 1.0.1 (16). Overall, more than 2800 trees were simulated and analyzed.



Empirical Data Processing


Healthy Ileum Data

We used Ig sequencing data from sorted B cell subsets from histologically normal human ileum tissue samples of two adult individuals (Table 1), which were barcoded with unique molecular identifiers, amplified, sequenced and analyzed using our lab’s pipeline (Tejedor Vaquero S et al. manuscript in preparation). Briefly, the sequences were preprocessed using pRESTO version 0.5.8 (22), annotated online using IMGT/HighV-QUEST version 3.4.15 (23) with the IMGT/GENE-DB (21) reference sequences from January 17, 2019, and processed and assigned for clones using Change-O version 0.4.1 (16). Lineage tree construction was performed using IgTree© (24).


Table 1 | Cerutti Lab dataset – patient information.





COVID-19 Data

We used data obtained from Montague et al. (25), who sequenced and analyzed B cells from blood samples of COVID patients in various severity levels at several time points from the appearance of clinical symptoms. We downloaded sequences of 20 samples (including replicates) from three patients with different disease severity from different time points, and from three healthy controls (Table 2). All sequences were downloaded from iReceptor (26). We annotated the sequences using IgBlast version 1.14.0 (20) on IMGT/GENE-DB (21) reference sequences from March 26, 2020. We filtered the functional sequences and assigned them into clones, based on trimming thresholds, using Change-O (16); and built parsimony trees using AlakazaM version 1.0.1 (16). Trees were not constructed for clones with more than 3000 sequences, for the sake of rapid analysis.


Table 2 | COVID-19 donor data.





Data for Machine Learning Models

We used data from three datasets. Data of one healthy donor were obtained from (27) and downloaded from iReceptor (26), and another healthy donor’s data were obtained from (28) directly. Six peripheral blood and bone marrow samples of four DLBCL patients were sequenced by Kedmi et al. (Table 3). All the DLBCL samples were taken from relapsed patients before treatment. Data were analyzed and lineage trees generated as described in section 2.7.2.


Table 3 | Healthy control and DLBCL patient datasets.






Machine Learning Classification Model Application to IgTreeZ Mutation Count


Tree-Based Mutation Analysis and Dataset Preprocessing

Mutations on the DLBCL and healthy control lineage trees were analyzed using IgTreeZ. We defined the resulting mutation counts as the features for the machine-learning models, together with one additional feature that represents the number of mutations per sequence (Supplementary Table 1). A binary column named ‘status’ with the value of 1 for patients and 0 for controls was added. The control and patient data frames were concatenated. All “Nan” values were replaced with 0 (since Nan values mean no mutations were found).



Data Resampling

We chose to resample the training set because our data were imbalanced (Table 3), and over-sampling of the DLBCL data caused overfitting. We tried a combination of over-and under-sampling (over-sampling the patient data, and under-sampling the healthy control data) using methods such as SMOTETomek, which combines SMOTE and Tomek links. However, this also caused overfitting, together with low prediction scores. Using a specific pipeline to choose the required sample size also caused overfitting together with low predictions scores. We concluded that any over-sampling causes overfitting. Therefore, we chose to under-sample the control data using OneSidedSelection (since a random under-sampling also returned low prediction scores), and only under-sampled the training set and not the test set, to make the test as reliable as possible.



Machine Learning Models

Six machine learning models were built (using the scikit-learn package in python) to predict whether a tree-based mutation count originated from a healthy person or a DLBCL patient. The feature values (except the first two columns – sample name and tree ID) were defined as the input, and the status as the output. We chose to scale our data using Normalizer, after trying 8 different scaling methods and finding that Normalizer returns the best results. This can be due to the Normalizer scaling method using rows while other scalers use columns. Since each row in our data represents a separate tree, using Normalizer made the most sense. Data were split into training (75%) and testing (25%) set. To optimize the hyperparameters of all the models, we used GridSearchCV, a method for hyperparameter tuning in which we define a grid of possible parameter values (Supplementary Table 2), and GridSearch searches for the optimal set of hyperparameter combinations, using the k-fold cross-validation (CV) approach (cv = 5). In other words, this method trains the model using different combinations of the above-mentioned features and gives the best combinations based on the optimal k-fold CV score obtained.





Results


Tree-Based Selection Analysis Reflects Mutation Distributions and Shows Inclusion of CDR3s Is Crucial

A lineage tree-based mutation analysis is obviously more accurate than an analysis based on comparing each sequence to the germline (4, 5). On trees, the ancestor sequence for each mutation is better defined; moreover, successive mutations on the same nucleotide, including reversion mutations, can be identified (Figure 1). In addition to a more accurate mutation identification and counts on the V and J segments, a tree-based analysis makes it possible to account for mutation in the CDR3 region, which is better defined for a clone (where the putative “germline” CDR3 sequence is clone’s consensus CDR3 sequence, and the tree tracks mutations on the CDR3 as well as the V and J segments) than for a single sequence (where the putative “germline” CDR3 sequence is identical to that of the sequence, and hence no mutations can be identified there). Since selection analysis is based on mutation counts, this analysis can also benefit from the more precise lineage tree-based mutation counts.

To test these functions of IgTreeZ, we used Yermanos et al.’s AbSim simulation, which is a time-resolved antibody repertoire simulation that enables the modeling of several immunologically relevant parameters (19). We tested both our tree-based mutation count, especially in the CDR/FWR regions, and its influence on the selection analysis. We modified three simulation parameters and found that the SHM nucleotide change rate has the most impact on mutation profiles. We simulated 100 lineages for each of 13 different probabilities for SHM nucleotide change. By analyzing the resulting 1300 trees we found that, as expected, more mutations are counted, in both the CDRs and FWRs, with higher SHM nucleotide change rate (Figure 2A). However, when we used these counts to estimate the selection strengths using ShazaM (15, 16), we found opposite trends – the selection for replacement mutations is weaker as the SHM nucleotide change rate is higher in the CDR. The FWR presents stable selection against replacement mutations (Figure 2B). To understand the reason for these opposite trends in the CDRs, we tested the mutation distribution in each region and found that, indeed, the mutation counts in the CDR3 region become relatively greater than those of other regions as the SHM nucleotide change rate is decreased (Figure 2C). These results emphasize the importance of the inclusion of the CDR3 in the selection analysis, and thus the potential of lineage tree-based selection analysis, which enables the inclusion of the CDR3 region.




Figure 2 | Mutation and selection analyses of simulated trees. (A) Mutation counts per whole sequence based on simulated trees under different probabilities for SHM nucleotide change. The plot was created using the compare-reps script based on IgTreeZ-mutations result. (B) The means and confidence intervals of the selection scores for tree-based mutation count as calculated and plotted using ShazaM (15, 16). (C) The distribution of mutations in the different regions, as counted by IgTreeZ’ program poptree-mutations. All trees and sequences were simulated using AbSim (19). CDR, complementarity determining region. FWR, framework region.





Different Mutation and Selection Patterns in B-Cell Sub-Populations in Human Gut

In order to test our program on empirical data, we analyzed lineage trees from sorted B cells from two histologically normal ileal tissue samples (Table 1) processed using our lab’s pipeline (Tejedor Vaquero S et al. manuscript in preparation). We used IgTreeZ to record the mutation distributions in these trees and found several consistent patterns, as follows. The relative fractions of CDR3 mutations were highest in GC cells (18 and 23% in Donor 3 and 4 respectively, Figures 3A, B and Tables 4, 5). The relative fractions of FWR3 mutations were highest in naïve cells, but not those of the FWR1 and FWR2 regions. Correspondingly, the overall CDR region mutation relative fractions were lowest in naïve cells. Plasma cells of both donors exhibited the highest relative fractions of mutations in FWR1 regions (13 and 12% in donor 3 and 4, respectively), and the lowest relative fractions in FWR3 regions (36 and 39% in donor 3 and 4, respectively).




Figure 3 | Mutation and selection analyses of IgV gene sequences from different ileal B cell and plasma cell subsets. (A, B) The mutation distributions as counted by the IgTreeZ program function “mutations” for Donor 3 and Donor 4, respectively. (C, E) The probability density function of the selection scores for the lineage tree-based mutation counts of the different cell subsets for Donor 3 and Donor 4, respectively. (D, F) Means and confidence intervals of the selection scores for the same mutation counts for Donor 3 and Donor 4, respectively. Panels (A–D) were calculated and plotted using ShazaM (15, 16). MEM, memory; PC, plasma cell; NAV, naïve; CDR, complementarity determining region; FWR, framework region.




Table 4 | Donor 3 mutation distribution.




Table 5 | Donor 4 mutation distribution.



Using the ShazaM R package (15, 16) to perform selection analysis on the IgTreeZ mutation counts revealed consistent results in both donors, in which GC cell lineage trees exhibited the strongest selection for replacement mutations in the CDRs, and plasma cell lineage trees show the strongest selection against replacement mutations in the FWRs (Figures 3C–F). This may suggest that gut plasma cells are selected for their receptors’ stability, rather than affinity. Memory B cell lineage trees exhibited a slightly weaker selection for replacement mutations than GC cell lineage trees in the CDRs, and naïve cell lineage trees seem to undergo the weakest selection in CDRs and strong selection for replacement mutations in FWRs. These findings illustrate the different mutation and selection courses of each B cell sub-population in human gut, and, again, the potential of lineage tree-based mutation and selection analyses.



Lineage Tree-Based Transition, Mutation and Selection Analyses of Data From COVID-19 Patients Elucidates the Immune Response to SARS-COV-2

To further demonstrate the potential of IgTreeZ, we analyzed B cell sequences from three COVID-19 patients that differed in disease severity, obtained by Montague et al. at two or three time points from clinical symptom onset for each patient (Figure 4A), and of three healthy donors (Table 2) (25). We annotated the sequences, labeled the sequences by time point, and constructed lineage trees using AlakazaM (16). Next, we used IgTreeZ to filter trees based on their time point composition, to analyze the transitions between time points, and to perform tree-based mutation and selection analyses.




Figure 4 | Transition, mutation and selection analyses of human B cells of COVID-19 patients and healthy donors. (A) An example lineage tree from the patient with mild disease. Filled nodes represent sampled sequences, nodes with more than one color represent multiple sequences from different time points, and the numbers on edges correspond to numbers of mutations between nodes. The graph was created using the function IgTreeZ-draw. (B–D) The numbers of mutations involved in transitions for the mild, moderate, and severe disease patients. The plots were created using IgTreeZ-poptree. (E) The partial fractions of the mutations that involved positive amino acids out of all mutations. Source/Destination – the mutation source/destination that involved a positive amino acid. (F–H) The mean and confidence interval of the selection scores for the tree-based mutation counts of the mild, moderate, and severe disease patients. (I) The probability density function of the selection scores for clones that were shared between time points of the mild, moderate, and severe disease patients and of healthy donors. (J) The mean and confidence interval of the selection scores for the tree-based mutation counts of the same data as I. Panels (D–F, I, J) were calculated and plotted using ShazaM (15, 16).



Counting the number of mutations involved in transitions between time points (defined as transition distance) reveals that transitions between day ~15 to day ~30 and between day ~8 to day ~30 included the highest mutation counts (Figures 4B–D). This indicates an extensive GC response that took place at these times. Of note, impossible transitions (such as from day 30 to day 8) were also found, as tree construction algorithm are geared towards choosing the minimal tree out of the infinite number of possible trees, and the minimal tree is not always the best representation of the actual response; the same mutation could, in reality, occur simultaneously in parallel branches of the clone. However, the transition distances associated with impossible transitions were low (median of 2 mutations in the patients with severe and moderate disease, and 3-7 mutations in the patient with mild disease). This implies that the impossible transitions were probably the results of incorrect inference of the relationships of very similar sequences, as a result of the requirements of tree generating algorithms. It is not recommended to constrain such algorithms, because this will result in trees that are more grossly incorrect.

IgTreeZ’ mutation analysis function includes mutation profiling, in which mutations are characterized by their source and destination nucleotides, their location (FWR or CDR), and their type (transition or transversion, silent or replacement mutation). In addition, replacement mutations are characterized by source and destination amino acid charge, hydropathy, volume, chemical, hydrogen donor or acceptor atoms and polarity. We analyzed the data from COVID-19 patients and healthy donors using this function, and compared the results by subject and time point. The relative fractions of mutations involving a positive amino acid out of all the source mutations was the lowest in COVID-19 patients at time points 8-15 days. Moreover, the relative fractions of mutations involving a positive amino acid out of all the destination mutations in COVID-19 at these time points was among the highest (Figure 4E). This suggests a tendency of the affinity maturation in COVID-19 patients to avoid mutating positively charged amino acids, and to favor mutation that create such amino acids.

Next, we used ShazaM to evaluate selection strengths in the same lineage tree repertoires. The three patients’ lineage trees showed the strongest selection against replacement mutations in FWRs around 30 days from clinical symptom onset (Figures 4F–H). This indicates dominance of affinity-matured, structurally stable antibodies. On the other hand, the selection for replacement mutations in CDRs showed dynamic changes in the mild and moderate disease patients, but not in the severe disease patient. This may reflect the absence of an effective antibody selection process in the latter patient. On day 2, the mild disease patient showed the weakest selection for both the CDRs and the FWRs. This may indicate the generation of a large number of low affinity, pre-GC BCRs. Finally, to focus our analysis on clones that may have been involved in the immune response to SARS-COV-2, we filtered clones that were sampled at all three time points. Such clones had higher selection for replacement mutations in the CDRs (Figures 4I, J). Moreover, the patient with the severe COVID-19 disease showed the lowest selection for replacement mutations among the three patients.



Machine Learning Models Using IgTreeZ Output Can Distinguish Lymphoma From Normal Lineage Trees

IgTreeZ mutations analysis returns an extensive data table. This data can be used for machine learning. To demonstrate the potential of this application, we built six machine learning models to predict whether a tree-based mutation count originated from a healthy person or a DLBCL patient. Preceding model construction, we performed an exploratory data analysis (Supplementary Figures S1, S2) and a dimensionality reduction. We used PCA with two and three dimensions, and T-SNE, and found that all of them separated the data very well (Supplementary Figure S3). Therefore, we used the full dataset for the different models. Among the six models tested, the Support-Vector Machine (SVM) returned the best results.


SVM Model

We built an SVM model and tested a parameter space to obtain the optimal parameter values. We chose to define the following parameter options: kernel (the kernel type to be used in the algorithm) - [‘poly’, ‘rbf’, ‘sigmoid’] and C (the regularization parameter) - [50, 10, 1.0, 0.1, 0.01]). We defined gamma, the kernel coefficient, to be ‘scale’. We found the optimal parameter values to be kernel=rbf and C=10. Using these parameter values, the training and test sets show similar and high results – the macro avg scores are 0.97085 for the training and 0.95784 for the test sets, respectively (Tables 6, 7, respectively). The confusion matrices are also consistent, and the true prediction rate of the control trees was 0.99 for the training set and 0.98 for the test set, while the true prediction rate of the DLBCL trees was 0.95 and 0.92 for the training and test sets, respectively (Figures 5A, B, respectively). The ROC was 1 and 0.99 for the training and test sets, respectively, and overall exhibits a very high learning rate (Figure 5C).


Table 6 | Classification report of the training set.




Table 7 | Classification report of the test set.






Figure 5 | An SVM model can distinguish lymphoma from healthy control lineage trees using IgTreeZ output. (A, B) Confusion matrices for the training and test set, respectively. (C) Roc curves for both sets. Confusion matrices and ROC curves were created using Python’s scikit-learn package.





KNN, Decision Trees, Random Forest, AdaBoost and LDA Models

We chose to define parameter options for KNN, decision trees, Random Forest, AdaBoost and LDA models as shown in Supplementary Table 2. LDA results exhibit a small increase from the training set to the test set. However, since we analyzed a relatively small dataset, this increase is negligible. Since Random Forest and AdaBoost returns information on feature importance, we re-trained a simple, non-cross validation model, with the optimized parameters we found earlier. We found that the two most important features for Random Forest are ‘sequences’ and ‘nodes’ and for AdaBoost these are ‘sequences’ and ‘mutations_per_sequence’ (Supplementary Tables 3, 4 for Random Forest and AdaBoost, respectively), and tested their distributions (Supplementary Figure S4). From the ‘mutations_per_sequence’ distribution, it is apparent that DLBCL trees tend to have fewer mutations per sequence, with a narrower distribution than the control trees. On the other hand, we can see that the DLBCL trees have more diverse sequence and node numbers, and tend to have more sequences than the control trees. The two features seem to be two sides of the same coin – the DLBCL clones are larger, but this is mostly due to branching, as they contain fewer unique mutations in each sequence.





Discussion

In this work, we present IgTreeZ, a comprehensive tool for lineage tree analysis, and demonstrate the value of this tool. Several studies emphasized the importance of lineage tree-based mutation and selection analysis. Zuckerman et al. predicted an alteration in the SHM mechanism in myasthenia gravis thymic ectopic GCs that was later verified by gene expression analysis (4). Yaari and colleagues used lineage trees to show that the FWR and CDR are designed under different selection patterns and that long-term selection is dependent on the heavy chain variable gene family (29). Lineage tree-based mutation counts can reveal multiple mutation patterns that are under-counted using clone consensus sequences and over-counted using a direct sequence-based approach (Figure 1). Moreover, CDR3s include the junction between the V gene segment and the J gene segment, and part of the D segment in heavy chains. These segments include the nucleotide deletion and insertions, that can increase the CDR3 sequence diversity beyond the pre-encoded V-D-J germline sequences. All of this makes the CDR3 the most variable region in Ig genes, and it is most often critical for antigen binding. However, its variable nature makes it hard to analyze and thus it is often excluded from the selection analysis (16). Here we propose a method that also accounts for the mutations in the CDR3, and show that CDR3 mutations have a significant impact on the results of selection analysis (Figure 2).

We used IgTreeZ to show that tree-based mutation analysis reveals different mutation profiles of gut B cell sub-populations. We found that naïve trees are not subject to positive nor negative selection in the CDRs, and that naïve trees’ FWRs seem to be subject to selection for replacement mutation. The latter finding is surprising, as naïve B cells are defined as cells that have not yet been exposed to an antigen, and did not undergo affinity maturation, hence their IgV genes are not expected to contain any mutations. Indeed, 60-70% of the naïve cell sequences contained no mutations, and those that did had only very few mutations per sequence (Tejedor Vaquero S et al. manuscript in preparation). There are several possible explanations for the observation of SHM in cells that were identified as naïve B cells. First, cannot completely exclude PCR errors, however these should have been eliminated by the use of unique molecular identifiers; the relatively high percentage of naïve B cell sequences with mutations also argues against this possibility. The latter consideration, and the low SHM frequency in these sequences, also argue against many of these cells having been contaminating IGM memory cells. Recent studies show that “naïve B cells” (typically IgDhighIgM+CD10-CD27-CD38low) are more heterogeneous than expected and may include a fraction recently activated by antigen. So our naïve cells with IgV gene mutations may represent, at least in part, recently activated naïve cells which have just been instructed to become GC B cells and begun to express activation-induced cytidine deaminase (AID). An exciting possibility is that these are similar to the “activated naïve” B cells observed in systemic lupus erythematosus (7, 30) and COVID-19 (31). Whatever the explanation, the selection for replacement mutations in the FWRs is inconsistent with selection for receptor stability. Perhaps the Ig undergoes many mutations in the FWRs during early activation, with selection not yet operative, so that these results only reflect mutations and not selection. The differentiation pathways of this fraction of naïve B cells are still being elucidated; they may or may not enter the GC at a later time point, and may even participate in a wholly extrafollicular activation pathway.

We also analyzed COVID-19 patient repertoires and found indications for extensive SHM between the second and fourth week after onset of clinical symptoms and evidence for the generation of affinity maturated, structurally stable antibodies by day ~32 post-infection in the patients with mild and moderate responses. A tree-based mutation analysis of the lineage trees of all COVID-19 patients revealed a tendency of SHM to avoid mutating away from positive amino acids, but a high tendency to create them. Recently, Khan and colleagues found that an acidic tandem repeat in the Nsp3 subdomain of the HCoV-HKU1 polyprotein was the predominant target of antibody responses in adult donors (32). This may explain the positive tendency we recognized. In a review from 2021 (33), the authors note that high neutralizing antibody titers are associated with potentially extrafollicular B cell responses, and suggest that the development of neutralizing antibodies against SARS-CoV-2 can be accomplished by many B cells with little or no affinity maturation required. This is consistent with our finding that the mild disease patient shows the lowest selection pressure on the second day from the appearance of clinical symptoms.

COVID-19 patient clones that were sampled at all three time points had higher selection for replacement mutations in the CDRs (Figures 4I, J). Although clones shared between all three time points tend to be larger and include more mutations, the overall mutation counts had less impact on the selection than mutation location [Figure 4B, and as shown by (15)]. For this reason, this higher selection for replacement mutations may be part of the effort exerted by the immune system to generate efficient antibodies against the virus, an effort which may have been less effective in the patient who suffered from a severe disease.

Finally, we have shown that the output from IgTreeZ can be used in machine learning models, for example to distinguish between lymphoma and normal lineage trees. Mutation-based machine learning was recently shown to predict a sequence’s cell type (34). An accurate tree-based mutation profiling can be useful for machine learning based classification as well.

IgTreeZ is designed for repertoires. The program can process a large number of trees using parallel processing, and by default uses the maximal number of processors available, but this can be adjusted using a parameter. Using 4 CPU cores, the mutation analysis, the most complex of IgTreeZ functions, takes less than 30 minutes for 90,000 trees containing 2,000,000 sequences. Utilizing 64 CPU cores decreases the running time of the same tree set to 12 minutes. To overcome the operating system’s maximum argument number limit, IgTreeZ can receive its input trees as a directory name, and process the whole directory’s content. A tree with more than 5000 nodes is analyzed in less than two minutes, even on an 8G RAM. These features theoretically allow IgTreeZ to process any number of trees, even large ones.

In summary, B cell lineage tree analysis may shed light on many of aspects of B cell affinity maturation in GCs in particular, and on B cell response population dynamics in general. Our new tool, IgTreeZ, performs various types of lineage tree-based analysis in a simple command line mode, making all these analyses easily accessible to non-bioinformaticians. An important conclusion from our analysis is that CDR3 regions, which are often excluded from selection analyses, must be included for the results to be correct; while CDR3 inclusion is only possible if these analyses are lineage tree-based.
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Effective secondary response to antigen is a hallmark of immunological memory. However, the extent of memory CD8 T cell response to secondary boost varies at different times after a primary response. Considering the central role of memory CD8 T cells in long-lived protection against viral infections and tumors, a better understanding of the molecular mechanisms underlying the changing responsiveness of these cells to antigenic challenge would be beneficial. We examined here primed CD8 T cell response to boost in a BALB/c mouse model of intramuscular vaccination by priming with HIV-1 gag-encoding Chimpanzee adenovector, and boosting with HIV-1 gag-encoding Modified Vaccinia virus Ankara. We found that boost was more effective at day(d)100 than at d30 post-prime, as evaluated at d45 post-boost by multi-lymphoid organ assessment of gag-specific CD8 T cell frequency, CD62L-expression (as a guide to memory status) and in vivo killing. RNA-sequencing of splenic gag-primed CD8 T cells at d100 revealed a quiescent, but highly responsive signature, that trended toward a central memory (CD62L+) phenotype. Interestingly, gag-specific CD8 T cell frequency selectively diminished in the blood at d100, relative to the spleen, lymph nodes and bone marrow. These results open the possibility to modify prime/boost intervals to achieve an improved memory CD8 T cell secondary response.
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Introduction

CD8 T cells are one of the pillars of adaptive immunity. Naïve CD8 T cells are primed in lymph nodes (LNs) and the spleen by mature dendritic cells (DCs), which present short antigen (Ag)-derived peptides in the groove of Major Histocompatibility Complex (MHC) class I (MHC-I) molecules, together with sufficient costimulatory signals and in the context of CD4 T cell help. Thereupon, Ag-responding CD8 T cells proliferate and differentiate as effectors and memory cells. In contrast to naïve T cells that mostly recirculate in blood, spleen and LNs, effector and memory T cells have enhanced capacity to migrate to the bone marrow (BM) and extra-lymphoid tissues (1). Upon recognition of Ag-MHC-I presented by target cells, effector CD8 T cells display cytotoxic activity and/or cytokine production, thus critically contributing to the clearance of Ag-expressing cells. Afterwards most effector CD8 T cells die, while a few memory CD8 T cells remain durable, ready to provide an enhanced secondary response in case of subsequent encounter with the same Ag (2).

Although memory CD8 T cells are critical for durable protection against viral infections and tumors (3), some questions of their biology are still unsolved, hampering the possibility to manipulate CD8 T cell responses, for example in vaccine design. Generating CD8 T cell-eliciting vaccines proved challenging for many years. The obstacles have now been reduced by some effective platforms, including those based on adenoviral vectors (4–6) and on mRNA (7). Nevertheless, there is no clear protocol for how best to induce long-lasting immunity in a predictable manner in respect to vaccine dose and route of administration. Similarly, even though it has been suggested that delaying vaccine boost can be beneficial for improved CD8 T cell response, at least to adenoviral vector-based vaccines, there is no current agreement on the criteria for setting the appropriate time intervals between repeated injections (8–10). Solving these issues can be extremely beneficial for immunological understanding and for public health policy, as emphasized by the current COVID-19 pandemic (11–13).

We previously showed that the Chimpanzee adenovector ChAd-gag induced a strong clonal expansion of CD8 T cells against the model antigen Human Immunodeficiency Virus-1 (HIV-1) gag in BALB/c mice (14). Indeed, after intramuscular (i.m.) injection with ChAd-gag, gag-specific CD8 T cells in S-G2/M phases of cell cycle were found not only in LNs and spleen, but also in peripheral blood. Results were similar after boosting with Modified Vaccinia virus Ankara (MVA)-gag (14). Using this ChAd-gag/MVA-gag model (14, 15), we have now addressed here the impact of the prime/boost time interval on gag-specific CD8 T cell immunity. Our hypothesis was that establishment and regulation of quiescence in primed CD8 T cells after clonal expansion would be closely related to the cells’ responsiveness to boosting. To test this hypothesis, we evaluated in parallel the post-proliferative tail of the primary response in spleen, LNs, BM and blood, and the kinetics of responsiveness to boost. We identified the time-shift from low to high responsiveness, and characterized the molecular profile of highly responsive splenic memory CD8 T cells.



Methods


Adenoviral and MVA vectors

Replication defective, ΔE1 ΔE2 ΔE3 ChAd3 vector encoding HIV-1 gag protein under HCMV promoter (ChAd-gag) and MVA encoding the HIV-1 gag protein under the control of vaccinia p7.5 promoter (MVA-gag) were generated as described and used in all experiments (14–17).



Vaccination

Six-week-old female BALB/c mice were purchased from Envigo (S. Pietro al Natisone, Udine, Italy), housed at Plaisant animal facility (Castel Romano, Rome, Italy), and used for experiments at 7-9 weeks of age. Mice were divided into groups of at least 35 mice each (untreated and vaccinated). All mice of the vaccinated group were primed at day (d) 0 with ChAd-gag, and either analyzed at the indicated times post-prime, i.e. d30 (range 27-35), d60 (range 60-67), or d100 (range 95-109), or boosted. For prime/boost experiments, primed mice were divided in different sets, each boosted at a single time after prime, i.e. at either d30 or d100 (ranges as above). Viral vectors were administered intramuscularly (i.m.) in the quadriceps at a dose of 107 viral particles (vp) for ChAd-gag and 106 plaque-forming units (pfu) for MVA-gag, in a volume of 50 μl per side (100 μl total) (14). All experimental procedures were approved by the local animal ethics council and performed in accordance with national and international laws and policies (UE Directive 2010/63/UE; Italian Legislative Decree 26/2014; authorization n. 1065/2015-PR).



Organs

Spleen, LNs, BM and blood were analyzed either at the indicated days after prime or at d45 (range 41-46) after boost. At each time, organs were collected from 3 vaccinated and 3 untreated mice, and cells from the 3 mice of each group were pooled. Spleen, LNs (iliac and inguinal), and blood were processed as described (14, 18). Femurs and tibias were cleared of muscle tissues, and cut at the extremities. The open bone was placed in a cut pipette tip, placed in a microfuge tube, thereby keeping the bone away from the bottom of the tube and allowing the BM to be centrifuged out of the bone at 800xg for 1 minute. The bone was discarded and the pellet resuspended, thus obtaining a single cell suspension of BM cells (19). All cell suspensions were prepared in RPMI medium with 2 mM L-Glutamine, 100 U/ml Penicillin, 100 µg/ml streptomycin, 50 µM β-Mercaptoethanol + 10% volume/volume (v/v) Fetal Bovine Serum (FBS), and filtered with pre-separation filters (70 µm) (Miltenyi Biotech, Bergisch Gladbach, Germany).



Cell membrane and Ki-67/DNA staining

Cells were incubated with purified anti-mouse CD16/CD32 clone 2.4G2 (Fc block; BD Biosciences, San Jose, CA, USA), and stained as described with H-2k(d) AMQMLKETI (gag197-205) allophycocyanin (APC)-labeled Tetramer (Tetr-gag, NIH Tetramer Core Facility, Atlanta, GA, USA) and phycoerythrin (PE)-labeled Pentamer (Pent-gag, Proimmune, Oxford, UK), fluorochrome conjugated monoclonal Antibodies (mAbs) against surface (CD3, CD8, CD127, CD62L) and intracellular (Ki-67) molecules, and Hoechst 33342 (Thermo Fisher Scientific, Waltham, MA, USA) (14). The following mAbs were used: anti-CD3ε peridinin chlorophyll protein (PerCP)-Cy5.5 (clone 145-2C11, BD Biosciences), anti-CD8α BUV805 (clone 53-6.7, BD Biosciences), anti-CD127 biotin (clone A7R34, eBioscience, Thermo Fisher Scientific) plus Streptavidin PE-Cy7 (BD Biosciences), or anti-CD62L PE-Cy7 (clone MEL-14, Biolegend, San Diego, CA, USA), and anti-Ki-67 mAb conjugated with Fluorescein isothiocyanate (FITC) or Alexafluor 700 (clone SolA-15; eBioscience, Thermo Fisher Scientific). Dead cells were excluded with eBioscience Fixable Viability Dye eFluor780 (eFluor780, Invitrogen, Thermo Fisher Scientific)



Intracellular IFN-γ assay

Spleen and BM cells were incubated at 37°C in 5% CO2 in round-bottom 96-well plates (2×106 cells/well) for 5 hours with a pool of gag protein-derived peptides (gag peptide pool, 15mers overlapping by 11 amino acids) at final concentration of 2 µg/ml for each peptide. Dimethyl sulfoxide (DMSO, Sigma-Aldrich, St. Louis, MO, USA), the peptide pool diluent, was used as negative control and phorbol myristate acetate/ionomycin (PMA/Iono, Sigma-Aldrich) at final concentration of 20 ng/ml and 1 µg/ml respectively as positive controls. All incubations were performed in the presence of Golgi plug (BD Biosciences). After stimulation, cells were collected and incubated with Fc block, stained with Live/Dead Fixable Violet Dye (Invitrogen, Thermo Fisher Scientific) for viability, and with the following mAbs against surface markers: anti-CD3ε APC, clone 145-2C11; anti-CD8α PerCP, clone 53-6.7; anti-CD4 PE, clone H129.19 (all from BD Biosciences). Intracellular staining was performed after treatment with Cytofix/Cytoperm and in the presence of PermWash (BD Biosciences) using anti-mouse IFN-γ FITC, clone XMG1.2 (BD Biosciences).



In vivo killing

Female BALB/c mice were primed with ChAd-gag and boosted with MVA-gag as above. At d45 (range 43-50) post-boost, vaccinated mice and control untreated mice were injected intravenously (i.v.) with 20x10^6 spleen cells previously obtained from untreated female BALB/c mice and stained with Carboxyfluorescein succinimidyl ester (CFSE, eBioscience, Thermo Fisher Scientific). In more details, the injected cells consisted in a 1:1 mixture of CFSEhigh gag-peptide pulsed and CFSElow unpulsed cells. Spleen, LNs and BM cells were obtained 3 hours after injection and analyzed by flow cytometry using a Beckman Coulter Cytoflex instrument. Propidium Iodide (PI) was used for dead cell exclusion. Percentage of gag-specific killing was calculated according to (20).



Flow cytometry analysis

Samples were analyzed by either LSRFortessa flow cytometer (BD Biosciences) or CytoFLEX System B5-R3-V5 (Beckman Coulter, Brea, CA, USA). In some experiments, CD3— cells were gated out when acquiring spleen and BM samples. Data were analysed using FlowJo software, v. 10.7.1 and 10.8.1 (FlowJo, Ashland, OR, USA).



Estimates of absolute cell numbers

Cells from spleen, LNs and BM were counted by trypan blue exclusion under light microscope, after lysis of Red Blood Cells (RBCs) (Sigma-Aldrich). Residual RBCs —identified as Ter119+ CD45— cells by staining with anti-CD45 Alexafluor 488 (clone 30-F11, Biolegend) and anti-Ter119 PerCP-Cy5.5 (clone TER119, eBioscience), and flow cytometry analysis— were found after RBC lysis in spleen (on average 40%) and BM (on average 30%), but not in LNs. Thus, spleen and BM cell counts were multiplied by 0.6 and 0.7, respectively, to obtain nucleated cell counts. Mouse White Blood Cell (WBC) counts/µl and total blood volume were previously reported (21, 22). The absolute numbers of gag-specific CD8 T cells in spleen, LNs, BM and blood, and of IFN-γ+ CD8 T cells in spleen and BM, were estimated based on their percentages determined by flow cytometry and on nucleated cell counts of corresponding organ as previously described (23).



Cell sorting, RNA sequencing, and bioinformatic analysis

Female BALB/c mice were primed with ChAd-gag as above, and analyzed at either d30 (range 28-29) or d100 (range 96-107) post-prime. CD8 T cells were enriched from pooled RBC-lysed spleen cells of 12 primed mice by negative selection with mouse CD8 Dyna Beads magnetic beads (Thermo Fisher Scientific). Enriched CD8 T cells were stained with Tetr-gag APC, Pent-gag PE, anti-CD3ε PerCP-Cy5.5, anti-CD8α FITC mAbs, and eFluor780. Then live Tetr-gag+Pent-gag+CD3+CD8+ cells were sorted by flow cytometry into PBS buffer 1% BSA 2 mM EDTA using a FACSAria III (BD Biosciences) equipped with 488, 561, and 633 nm lasers, and with FACSDiva software (BD Biosciences, v6.1.3). To reduce stress, cells were sorted in gentle FACS-sorting conditions, using a ceramic nozzle of size 100 μm, a low sheet pressure of 19.84 pound-force per square inch (psi) that keeps the sample pressure at 18.96 psi and an acquisition rate of maximum 1500 events/sec. FACS-sorted cells were confirmed to be 92.92 ± 5.70% pure prior to RNA extraction. Cells were centrifuged for 5 minutes at 300xg and pellets resuspended in Buffer RLT Plus (RNeasy Plus Mini Kit from Qiagen, Germantown, MD, USA), and frozen at -80°C. Total RNA was isolated, and cDNA libraries prepared using NEBNext Single Cell/Low Input Library Prep Kit (from 2ng RNA normalised input), following manufacturer’s instructions. They were then sequenced on Illumina HiSeq 4000 with 100bp single-end reads, following manufacturer’s instructions. Read adaptor removal and quality trimming was carried out with Trimmomatic (version 0.36) (24). Reads were then aligned to the mouse genome, using Ensembl GRCm38 - release 95 as reference. Read alignment and gene level quantification was performed by STAR alignment (v.2.5.2a) (25) together with RSEM package (v.1.2.31) (26). Statistical analyses were performed in the R programming environment (v. 4.0.3). We used DESeq2 (v.1.30.1) to find differential genes using the negative binomial distribution to model counts, with IHW (v.1.18.0) to control the false discovery rate (FDR), and ashr (v. 2.2.47) for effect-size shrinkage. Genes were designated as differentially expressed (DEGs) if FDR ≤ 0.01. All log-fold-changes estimates were regularised using ashr. We used an independent filter of low-signal genes whose effect varied from comparison to comparison, thus the total number of genes was not the same when analyzing down-regulated and up-regulated genes (total number of genes 10,333 and 7,846, respectively) (RNAseq data are available at GEO, access number GSE207389)



Statistical analysis

Student t test was used for comparison between two groups whenever each group had ≥9 samples, after checking that distribution was normal by Shapiro-Wilk test. Non-parametric tests were used for the remaining comparisons. Mann-Whitney test or Wilcoxon test were used for comparison between two groups. Either Kruskal-Wallis or Friedman test with Dunn’s correction for multiple comparison were used for comparison among more than two groups. Differences were considered significant when * P ≤ 0.05; ** P ≤ 0.01. Statistical analysis was performed using Prism v.6.0f, GraphPad Software (La Jolla, CA, USA).




Results


Kinetics of gag-specific CD8 T cell expansion and re-entry in a resting state after prime

We exploited our recently developed DNA/Ki-67 flow cytometry assay (14, 27, 28) to evaluate the kinetics of response of CD8 T cells specific for the immunodominant gag197-205 peptide (gag-specific) in spleen and LNs of BALB/c mice primed with ChAd-gag at about 2 months of age (Figures 1, S1). As depicted in Figure S1A, our strategy of analysis included a DNA-based singlet gate (Step 1), and an unusually “relaxed” FSC-A/SSC-A (FSC-SSC) gate (Step 4, in orange), as opposed to a classical “narrow” gate (Step 4, shown in white for comparison) (14, 27–29). Our strategy was designed to fully detect proliferating cells, following our previous demonstration that T lymphocytes undergoing clonal expansion were only partially included in the commonly used FSC-SSC gates for resting lymphocytes (14, 27–29). Indeed, we previously showed that proliferating lymphocytes had gradually increased FSC and SSC as they progressed into cell cycle, reflecting augmented cell and nucleus size, and mitochondrial dynamics (27).




Figure 1 | Analysis of frequency and cell cycle of gag-specific CD8 T cells from ChAd-gag-primed mice. Female BALB/c mice were primed i.m. in the quadriceps with ChAd-gag (107 vp) at d0 and the kinetics of gag-specific CD8 T cell response was tracked by flow cytometry. (A–G). Spleen cells were analysed by membrane and Ki-67/DNA staining at different days (d) post-prime (gating strategy in Figure S1A). Typical plots showing the percentage of “gag-specific” and “not gag-specific cells” from untreated (top) and primed (bottom) mice at d10 (A). gag-specific cells from primed mice were further analyzed on DNA/Ki-67 plots as follows (B, top left panel): cells in the G0 phase of cell cycle were identified as DNA 2n/ Ki-67— (bottom left quadrant); cells in G1 as DNA 2n/ Ki-67+ (upper left quadrant); cells in S-G2/M as DNA>2n/ Ki-67+ (top right quadrant). As a comparison, not gag-specific cells (B, bottom left panel) are shown. For each DNA/Ki-67 plot, corresponding Ki-67 Fluorescence Minus One (FMO) control plots (B, right panels) are shown. Summary of the kinetics of gag-specific frequency in primed and untreated mice (C), and of cell cycle phases of gag-specific CD8 T cells in primed mice (D) (summary of cell cycle phases of not gag-specific CD8 T cells shown in Figure S1B). Kinetics of the percentages of gag-specific and not gag-specific CD8 T cells in the “narrow” FSC-SSC gate (examples in E) and in the FSC-A/-H gate (examples in F), and summary of gag-specific CD8 T cell results (G) (summary of not gag-specific CD8 T cell results shown in Figure S1E). The figure summarizes results of 6 independent prime experiments with a total of 84 mice analyzed at the indicated d post-prime. In flow cytometry plots (in A, B, E, F), numbers represent percentages of cells in the indicated regions. In panels (C, D, G), symbols at d10 and d14 represent the mean and bars the Standard Deviations of 5 experiments (each performed with pooled cells from 3 mice per group). At d30, d35, d66 and d77, each symbol represents a pool of 3 mice. Statistical analysis was performed using Mann-Whitney test for comparison between untreated and primed mice at d10 and d14 (C), and Wilcoxon test for comparison between gag-specific CD8 T cells in the “narrow” FSC-SSC gate and in the FSC-A/-H gate at d10 and d14 (G). Statistically significant differences are indicated (** P ≤ 0.01). This figure includes unpublished data in relation to (14).



We then exploited cell staining with MHC-gag multimers to identify gag-specific and not gag-specific CD8 T cells from untreated and primed mice (Figures 1A, S1, Step 7). Typical examples of DNA/Ki-67 plots of primed spleens are shown in Figure 1B, with gating of gag-specific cells in G0, G1 and S-G2/M phases of cell cycle (top left); not gag-specific cells are shown for comparison (bottom left). Specificity of Ki-67 staining was demonstrated by corresponding Fluorescence Minus One (FMO) plots (Figure 1B, right). The frequency of gag-specific CD8 T cells in primed mice spleens increased from d10 to d30, and then was maintained at a plateau of ~0.7% up to ~ 3 months after prime, with a background of 0.0-0.1% in the spleens of age-matched untreated control mice (Figure 1C). Early after priming 83% and 10% of spleen gag-specific cells were on average in G1 and in S-G2/M respectively, with very similar results at d10 and d14. At d30 and later time points, the percentage of cells in S-G2/M dropped to virtually none, while that of cells in G1 slowly declined. The G1 trend was mirrored by the gradual increase of cells in G0, which represented the majority of gag-specific cells from day 35 onwards (Figure 1D). There was no parallel expansion of not gag-specific cells; in fact, ~93% of these cells was in G0, ~7% in G1, and ~0.3% in S-G2/M at all time points (Figure S1B). We also noticed that changes in membrane expression of two markers of long-term memory, i.e. CD127 (the α chain of IL-7 receptor), and CD62L (a LN homing molecule), tended to be more pronounced in gag-specific spleen cells that were already in G0 at d30 post-prime, as compared to those that were in G1 (Figures S1C, D). CD62L results were particularly intriguing, as it is known that this marker is normally high in naïve CD8 T cells, it is down-modulated upon priming, and then re-expressed by memory cells with a TCM phenotype (30, 31), but there is little information about its correlation with the quiescence phase G0. We thus examined it in more details, as explained in the next paragraphs.

To track the kinetics of proliferation followed by re-entry of spleen gag-specific CD8 T cells into a resting state, we exploited FSC and SSC changes associated with cell cycle (14, 27). As mentioned above, proliferating lymphocytes have FSC and SSC features that place many of them out of the conventional FSC- and SSC-based gates (14, 27). Thus, as a guide to evaluate the kinetics of primary response, we examined the exit and gradual re-entry of proliferating cells into two gates commonly used for resting lymphocytes, i.e., either the “narrow” FSC-SSC (Figure 1E) or the FSC-A/-H gate (Figure 1F). In fact, while these gates are normally applied to total spleen cells for lymphocyte and single cell gating, respectively, we exploited them here to follow Ag-primed T cell changes over time. Only a fraction of spleen gag-specific CD8 T cells was captured by any of these two gates in the second week post-prime (Figures 1E–G), as expected (14). This inadequacy seemed more evident in the case of the “narrow” FSC-SSC gate than in that of the FSC-A/-H gate (Figures 1E–G). One month after priming (d30-d35), the gag-specific cell percentage within the “narrow” FSC-SSC gate raised to ~88-93%, and that within the FSC-A/-H gate to ~98-99%, thus resembling the corresponding percentage of not gag-specific cells; there was no further change at d66 and d77 (Figures 1E–G). This kinetics was not observed in the case of not gag-specific cells that we examined in parallel as a control (Figure S1E). Results were similar in draining LNs (Figures S2A–D). Further analysis demonstrated that only a small percentage of cells in S-G2/M was captured by the FSC-A/-H gate, and almost none by the “narrow” FSC-SSC gate in both LNs (Figure S2E) and spleen (Figure S2F), in agreement with our previous data (14).



Kinetics of gag-specific TCM-phenotype changes at d30, d60 and d100 post-prime

We then used flow cytometry to track at d30, d60 and d100 post-prime the frequency of gag-specific cells in spleen, LNs, BM and blood, and the proportions among them of CD62L+ cells, i.e. those having a TCM phenotype (30, 31). CD62L staining was also combined with Ki-67 expression analysis, as explained in the next paragraph. It should be noted that in these experiments we did not stain DNA and relied on the typical FSC-A/-H gate to exclude cell aggregates (Figure S3, step 1), since we had observed that gag-specific cells in S-G2/M were extremely rare after d30 (Figures 1D, S2C) and that 98-99% of gag-specific cells were comprised in the FSC-A/-H gate at d30 and onwards (Figures 1F, G, S2D). We used a “relaxed” FSC-SSC gate (Figure S3, step 4), that was more appropriate than a “narrow” FSC-SSC gate for evaluation of gag-specific cells in G1 (see Figures S2E, F), even after d30 when G1 mostly represented a post-mitotic state (Figures 1D, S2C). We found that gag-specific frequency at d30 was on average 5.0% in blood, 3.8% in BM, 1.1% in spleen and 0.2% in LNs from primed mice (examples of flow cytometry plots in Figure 2A, summary of results in Figure 2B). The frequency remained roughly stable at d60 and d100 in the spleen and BM, with a tendency to increase in the LNs. In contrast, a significant decline was observed in the blood from d30 to d100 (Figure 2B). At any time point, and in each organ, primed mice had a significantly higher gag-specific frequency than untreated controls, which always displayed a negligible background (Figures 2A, B). In the primed mice samples, we discriminated between TCM and TEM gag-specific CD8 T cells according to their CD62L expression (Figure 2C). We found that the proportion of TCM tended to be higher in the LNs, and to increase over time in all organs (Figure 2C). Notably, there was a significant rise in TCM proportion among gag-specific CD8 T cells in the blood, from ~2% at d30 to ~21% at d100 on average (Figure 2C), reflecting the contemporary changes in lymphoid organs.




Figure 2 | Analysis of TCM/TEM-phenotype of gag-specific CD8 T cells from ChAd-gag-primed mice, and estimation of absolute cell numbers. Spleen, lymph nodes (LNs), bone marrow (BM) and blood cells from mice primed as in Figure 1 were analyzed at d30, d60 and d100 post-prime. (A–C). Flow cytometric analysis was performed after membrane and Ki-67 staining (gating strategy in Figure S3, Ki-67 results in Figure 3). Typical plots showing the percentage of gag-specific CD8 T cells at d30 in untreated (left) and primed (right) mice (A) and summary of results at d30, d60 and d100 (B). Examples of CD62L histograms of spleen gag-specific CD8 T cells at d30 and d100, showing the gate used to discriminate between TCM (CD62L+) and TEM (CD62L—) cells (C, top). Summary of TCM percentages at d30, d60 and d100 (C, bottom). (D–F). Absolute numbers of gag-specific CD8 T cells (D), and of TCM (E) and TEM (F) gag-specific CD8 T cells, at d30 and d100 in spleen, LNs, BM and blood. The figure summarizes results of 4 independent prime experiments with a total of 72 mice analyzed at the indicated d post-prime. In flow cytometry plots (in A and C, top), numbers represent percentages of cells in the indicated regions. In panels (B, C), bottom, each symbol represents a pool of 3 mice. Statistical analysis was performed using Mann-Whitney test for comparison between untreated and primed mice (B), and Kruskal-Wallis test with Dunn’s correction for multiple comparison for comparison among primed mice at d30, d60 and d100 (B, C, bottom). Statistically significant differences are indicated (* P ≤ 0.05; ** P ≤ 0.01).



To better investigate the d30-d100 shift, we estimated the absolute numbers of gag-specific cells, and of TEM and TCM gag-specific cells in spleen, LNs, BM and blood (Figures 2D–F). These estimates took into account CD8 T cell abundance in each organ, and the tendency of CD8 T cell percentages to an age-dependent decline in spleen, LNs and blood but not in BM in the time interval of our study (averages: spleen 9.77%; LN 20.85%; blood 9.25%, BM 0.43% at d30, age 11-13 weeks; spleen 7.50%, LNs 15.15%, blood 8.10%, BM 0.50% at d100, age 21-23 weeks). We found that an overall reduction in gag-specific cell numbers coexisted with selective increases of cells belonging to TCM subset and/or found in certain organs (Figures 2D–F). Thus, the sum of gag-specific cells in spleen, LNs, BM and blood at d100 was 88% of that at d30 (Figure 2D), and that of TEM 76% of that at d30 (Figure 2F). In striking contrast, taking the four organs altogether, TCM cells increased 2.5 times from d30 to d100 (Figure 2E). With regards to changes in gag-specific cell distribution, it was remarkable that the sum of cells contained in spleen and blood accounted for ~ ¾ of the cells found in the four organs altogether at d30, and for only ~half of them at d100 (Figure 2D). In fact, from d30 to d100 the number of gag-specific cells was reduced in blood and spleen, whereas that in LNs and BM increased (Figure 2D). Changes of TEM resembled those of gag-specific cells (Figure 2F), whereas a profound TCM cell increase was observed in each organ (Figure 2E).



Kinetics of re-entry into the G0 phase of gag-specific CD8 TCM and TEM cells at d30, d60 and d100 post-prime

We reasoned that the reported higher proliferative response to TCR triggering of TCM cells in comparison with TEM cells (30) might be associated with a diverse kinetics of re-entry into the G0 phase after expansion of the two memory cell types. In other words, we hypothesized that a faster re-entry of TCM cells into the quiescent phase G0 after priming might be associated with an improved capacity to expand in vivo upon antigenic re-exposure, as compared to TEM cells. To identify possible differences in the primary acute response/memory phase transition between the two memory subsets, we tracked Ki-67— (i.e. in G0) among TEM and TCM gag-specific cells in the primed mice samples described above. At d30, Ki-67— cells were on average ~81% in TCM and ~68% in TEM gag-specific cells from primed spleen (examples of flow cytometry histograms in Figure 3A, top). Both percentages increased over time, being on average ~96% in TCM and ~94% in TEM at d100 (examples in Figure 3A, bottom). The marked Ki-67+ cell decline among TEM cells from d30 to d100 was concurrent with a higher representation of TCM cells at d100, as evident in a typical Ki-67/CD62L plot showing an overlay of TCM (gray) and TEM (brown) gag-specific cells (Figure 3B, see also Figures 2C–F). A similar pattern was observed across spleen, LNs, BM and blood, with two points to be highlighted (Figure 3C). First, a statistically significant difference between LNs and blood TEM at d60 (bottom center), not observed at d100 (bottom right), indicating a slow re-entry of LN TEM in G0. Second, a tendency of BM TCM cells to contain a smaller fraction of Ki-67— than the other organs, both at d60 (top center) and at d100 (top right), indicating a low level of persistent activation of TCM in the BM.




Figure 3 | Analysis of Ki-67— cells among TCM and TEM-gag-specific CD8 T cells from ChAd-gag-primed mice, and estimation of absolute cell numbers. Spleen, LN, BM and blood cells from primed mice represented in Figure 2 were analyzed for Ki-67 expression by TCM and TEM gag-specific CD8 T cells, gated as in Figure 2. (A–C). Typical histograms showing the percentage of Ki-67— cells among TCM (left) and TEM (right) cells (A), and examples of Ki-67/CD62L plot showing an overlay of TCM (gray) and TEM cells (brown) (B); both panels represent spleen gag-specific CD8 T cells from primed mice at d30 (top) and d100 (bottom). Summary of results of Ki-67— cells among TCM (top) and TEM (bottom) gag-specific CD8 T cells from spleen, LNs, BM and blood at d30, d60 and d100 (C). In A, numbers represent percentages of cells in the indicated regions. (D–F). Absolute numbers of gag-specific Ki-67— CD8 T cells (D), and of TCM (E) and TEM (F) Ki-67— gag-specific CD8 T cells at d30 and d100 in spleen, LNs, BM and blood. Statistical analysis was performed by Friedman test with Dunn’s correction for multiple comparison (C). Statistically significant differences are indicated (* P ≤ 0.05).



In terms of absolute numbers, the sum of Ki-67— gag-specific cells in spleen, LNs, BM and blood altogether at d100 was 1.2-fold higher than that at d30, as a net result of increase in LNs and BM, almost no change in spleen, and evident reduction in blood (Figure 3D). This was in contrast with the absolute number of Ki-67— TCM found in the four organs altogether, that showed a striking 2.9-fold increase from d30 to d100, with a pronounced rise in each organ, especially in blood and LNs (Figure 3E). The sum of Ki-67— TEM in the four organs at d100 was similar to that at d30 (Figure 3F), in contrast to the above-described reduction of total TEM (Figure 2F). Single organ comparison showed that Ki-67— TEM cells were reduced in blood and spleen, but increased in LNs and BM (Figure 3F).



RNA sequencing and bioinformatic analysis of spleen gag-specific CD8 T cells at d30 and d100 after prime

A transcriptomic comparison between d100 and d30 spleen gag-specific cells by RNAseq showed that samples of the two groups were easily separated by Principal Component Analysis (Figures 4, S4A). Significant changes at d100 were found in 512 differentially expressed genes (DEGs), 362 of which were down-regulated and 150 up-regulated (Figure 4A). The top 50-up and top 50-down DEGs showed comparable results across samples of each group (Figure S4B).




Figure 4 | RNA seq analysis of spleen gag-specific CD8 T cells at d30 and d100 post-prime. Bulk RNA was sequenced from sorted spleen gag-specific CD8 T cells at d30 and d100 post-prime, in 4 independent prime experiments with a total of 7 samples. Bioinformatic analysis was performed to compare d100 and d30. (A). Scatterplot of genes whose estimated absolute log-2 fold change was < 11. The y-axis represents Log-2 fold changes regularised using an empirical Bayes method, and the x-axis represents means across all samples of the DESeq2-normalised counts. Differentially expressed genes (DEGs) with a statistically significant difference (false discovery rate (FDR) ≤ 0.01) are highlighted in blue. Selected gene symbols among the top 50 significantly upregulated (top 50-up) and the top 50 significantly downregulated (top 50-down) genes are indicated (see Figure S4 for full list). (B). DESeq2-normalised counts of representative DEGs having a statistically significant difference between d100 and d30, i.e. Ttk, Lrr1, IL7r, Ccr7, Sell, Bcl2, Socs3, Slfn5, Ssbp2, Myc, Pros1, Rflnb, Slc16a5, Gfod2, Gzma, Klrg1. Analysis of Cd3e and Zap70 is included. Each symbol represents an individual sample; columns represent the mean of d30 and d100 group; statistically significant differences are indicated (** FDR ≤ 0.01).



A striking reduction was observed in a small set of downregulated DEGs, with some of them showing a regularized log-2 Fold Change (LFC) comprised between -5 and -10 (Figure 4A). Among the DEGs that were down to virtually 0 normalized counts, B-myb (also known as Mybl2) was an already recognized T cell effector player of transition into memory state (32, 33), while others were newly described in this context, e.g. Ttk, the gene for Thymidine kinase 1, an IL-2 induced kinase regulating cell cycle progression of T cells (34); Kif14, the gene for Kinesin Family Member 14, a positive regulator of cell cycle (35, 36); and Lrr1, the gene for Leucine-Rich Repeat Protein 1, an inhibitor of 4-1BB signalling (37) (Figures 4A, B). Notably, about half of the top 50 significantly down-regulated genes (top 50-down) encoded for proteins involved in cell proliferation (Figure S4C, in bold blue). There was a trend of down-regulation of Mki67, the gene coding for Ki-67 protein, that did not reach statistical significance (not shown), even though the percentage of Ki-67+ cells within spleen gag-specific CD8 T cells significantly dropped from 31.50 ± 9.16 at d30 to 5.36 ± 2.56 at d100 (averages ± Standard Deviation, Mann-Whitney test, P ≤ 0.05). The lack of statistical significance in transcriptomic analysis possibly reflected the correction for multiple tests used for RNAseq data statistical analysis.

In contrast to the dominance of proliferative genes in the top 50-down, the top 50 up-regulated DEGs (top 50-up) were more heterogeneous, and the LFC did not exceed +5 for any of them (Figures 4A, S4C). As expected, the top 50-up DEGs comprised Ccr7, Sell, and Il7r that encode for CCR7, CD62L, and IL-7Rα (CD127) respectively, all recognized markers for TCM phenotype and memory T cell longevity (33, 38), as well as Bcl2, a pro-survival gene (33, 39), and Socs3, which encodes for a cytokine signalling regulator that controls IL-7Rα re-expression after initial down-regulation in activated T cells (40) (Figures 4A, B). Remarkably, top 50-up DEGs included Slfn5, a member of the Schlafen family of genes that has been implicated in T cell quiescence and proliferative potential (41–43), and some genes previously involved in regulating quiescence and maintenance of hematopoietic stem cells (HSCs), i.e. Ssbp2, Sequence-specific ssDNA–binding protein 2 (44), and Myc (45), often cited for its role in T cell metabolism and memory T cell differentiation (33, 46, 47) (Figures 4A, B). The above mentioned Socs3 has also been implicated in re-setting quiescence of HSCs after proliferation (48), while the pleiotropic gene Pros1, Protein S, also in the top 50-up genes, has been proposed as a regulator of neural stem cell equilibrium between quiescence and proliferation (49)(Figures 4A, B). Altogether, changes in these genes (Figures 4A, B, S4C, in bold red) support the notion that the quiescent state of gag-specific cells at d100 was actively and finely regulated.

Additional top 50-up DEGs encoded for proteins regulating cell metabolism and redox state (i.e. Qpct, Slc16a5, Gfod2, Nmnat3) (Figures 4A, B, S4C, in bold black), pointing to a metabolic change at d100. It is worth noting that Rflnb, Refilin B, a TGF-β effector (50) and Tgfbr3, TGF-β receptor III, were among the top 50-up DEGs, in agreement with the major role of TGF-β signalling in T cell memory (51), and of TGF-β RI and RII in T cell biology (52, 53), even though the function of TGF-β RIII has been poorly investigated in this context (54). Furthermore, Cd101 was among the top 50-up DEGs; this gene encodes for a T cell-inhibitory glycoprotein shown to come up in chronic infection (55) (Figures 4B, S4B, C).

Although not listed in the top 50-down, Gzma, Gzmb, and Gzmk were significantly down-regulated, as were Nkg7 and Klrg1, all typical genes of CD8 T cell effector signature (Figures 4A, B). Control genes with no significant changes included CD3d, CD3g, CD3e, ZAP70, Cd8a and Cd8b1 (Figure 4B; RNAseq data available at GSE207389).



Kinetics of responsiveness to boost

To compare protocols with different prime/boost intervals, ChAd-gag-primed mice were boosted with MVA-gag either at d30 or at d100 post-prime, and rested for 45d. Then the frequency of gag-specific cells, and that of TCM among gag-specific cells, was measured in spleen, LNs, BM and blood (Figures 5A, B). There was a trend of higher gag-specific frequency when boost was performed at d100 post-prime as compared to boost at d30 in all organs, that reached statistical significance in LNs (Figure 5A). Independently of the time of boost, the organs with the highest frequencies were BM and blood, followed by spleen and then LNs, similarly to the results at d30 and d60 post-prime (see Figure 2B). There was no difference between the two boosts in terms of proportion of TCM among gag-specific cells (Figure 5B). As expected, LNs contained a higher percentage of TCM than any of the other organs, thus resembling post-prime data at d30 and d60 (see Figure 2C).




Figure 5 | Analysis of gag-specific CD8 T cell frequency, TCM-phenotype and in vivo killing activity at d45 post-boost. Female BALB/c mice were primed as in Figure 1 at d0. One set of primed mice was boosted with MVA-gag at d30 post-prime, and another at d100 post-prime. For each set, analysis was performed at d45 post-boost. (A, B). Frequency of gag-specific CD8 T cells (A) and percentage of TCM among gag-specific CD8 T cells (B) in spleen, LNs, BM and blood of primed/boosted mice. (C, D). Primed/boosted and untreated control mice were injected i.v. with a 1:1 mixture of gag-pulsed CFSEhigh cells and unpulsed CFSElow syngeneic spleen cells (approximately 10x10^6 cells each). After 3 hours, the percentages of CFSEhigh and CFSElow cells were measured in spleen, LNs and BM, and the percentage of gag-specific killing was determined. Examples of CFSE histograms (C) and summary of results (D). (A, B) summarize results of 5 independent prime/boost experiments with a total of 60 mice, including control untreated mice (note that at each time point, 3 untreated mice were examined as a control; results were similar to those of untreated control mice shown in Figures 2A, B). Each symbol represents a pool of 3 mice. (C, D) summarize results of 4 independent prime/boost experiments with a total of 36 mice, including control untreated mice (see example in panel C). In (C), numbers represent percentages of cells in the indicated regions. In (D), each symbol represents a single mouse. Statistical analysis was performed by either Student t test, after checking that distribution was normal by Shapiro-Wilk test, or Mann-Whitney test. Statistically significant differences are indicated (* P ≤ 0.05).



In vivo killing assay showed that gag-specific cells were functional in spleen, LNs and BM (Figures 5C, D). There was a significantly higher percentage of gag-specific killing in spleen and LNs in the group of mice boosted at d100 post-prime as compared to the group boosted at d30, and a tendency of similarly increased killing in the BM (Figure 5D). Spleen and LNs showed a more prominent killing than BM (Figures 5C, D), possibly reflecting their higher CD8 T cell percentages (see above). Intracellular IFN-γ assay performed at d45 post-boost by stimulating either spleen or BM cells with a pool of gag protein-derived peptides (gag peptide pool) confirmed that boost at d100 post-prime elicited a significantly stronger CD8 T cell response than boost at d30 (Figures S5A–C). Absolute cell number estimation similarly showed that boost at d100 was more effective than boost at d30 (Figures S5D–F), and also demonstrated that both boosts yielded tremendously higher numbers of gag-specific CD8 T cells in spleen and BM than those obtained by prime only (compare Figure S5E with Figure 2D). In respect to BM versus spleen comparison, when percentage of IFN-γ+ among CD8 T cells was evaluated, BM response reached higher levels than that in spleen in both d30 and d100 experimental groups (Figures S5B, C), echoing the gag-specific frequency results (see Figure 5A). In terms of absolute gag-specific cell numbers, spleen contained 2-4-times more cells than BM (Figure S5D–F). Estimations based on IFN-γ+ assay (Figures S5D, F) were somehow different as compared to those based on MHC-gag multimer staining (Figure S5E), even though cell numbers were in a similar range. This was not surprising, considering that IFN-γ+ assay measured CD8 T cells producing one cytokine after stimulation with gag peptide pool, whereas MHC-gag multimer staining detected CD8 T cells specific for a single immunodominant peptide, i.e., gag197-205. Altogether, these results show that boost at d100 was more effective than that at d30.




Discussion

An improved understanding of memory CD8 T cell biology can be highly beneficial for prevention and treatment of human infections, autoimmune diseases and cancers. Long-lived CD8 T cell memory can be established by vaccination protocols based on at least two vaccine doses, however decisions regarding prime/boost time interval have been taken mostly empirically so far (56, 57). In this article we described a splenic memory CD8 T cell signature associated with enhanced response to delayed boost in a model of ChAd-gag/MVA-gag vaccination of BALB/c mice.

In our model, delayed boost at d100 post-prime was more effective than early boost at d30 in terms of frequency and numbers of gag-specific CD8 T cells, in vivo gag-specific killing, and IFN-γ production, all measured at d45 post-boost, i.e. in the secondary memory phase. In contrast, delayed and early boost resulted in similar proportions of TCM among gag-specific CD8 T cells in lymphoid organs, suggesting that a more effective response following boost at d100 did not include a change in TCM representation at d45 post-boost.

In our experiments, mice were primed at ∼2 months of age, and they reached ∼3 and 5 and ½ months when they were boosted at d30 and d100 post-prime, respectively. In agreement with the previously described naïve CD8 T cell decay in aging mice, in relation with reduced thymic output (58, 59), we found here that CD8 T cell percentages tended to decrease at d100 in spleen, LNs and blood, but not in the BM. Nevertheless, considering the limited time frame of our investigation, and that the previously described decay involved naïve cells but not memory CD8 T cells (58), we did not expect any impact of CD8 T cell percentage decrease on gag-specific cell response to boost. As a matter of fact, we found that responsiveness to boost was increased at d100.

We identified a d100 splenic transcriptomic profile of gag-specific memory CD8 T cells, characterized by shut off of several proliferative genes (e.g. Ccna2, Cdc25c, Pclaf), and up-regulation of stem cell genes previously implicated in setting the equilibrium between quiescence and proliferation (e.g. Slfn5, Ssbp2, Myc, Socs3). These results are in agreement with the absolute dominance of Ki-67— cells by flow cytometry analysis, and give granularity to the molecular changes occurring from d30 to d100, i.e. a time interval remarkably characterized by stable numbers of Ki-67— gag-specific CD8 T cells in the spleen. Transcripts involved in T cell negative regulation and TGF-β pathway (e.g. Rflnb, Tgfbr3, Cd101) were also up-regulated, as were some metabolic genes (e.g. Qpct, Gfod2). Increased expression of TCM/long-lived memory T cell markers (e.g. Sell, Ccr7, Il7r, Bcl2), and down-regulation of effector T cell transcripts (e.g. Gzma, Gzmb, Gzmk, Nkg7, Klrg1) were in agreement with previous results (33, 60). At first, TCM marker up-regulation at d100 might appear in contrast with the concurrent strong down-regulation of proliferative genes, considering that TCM phenotype has been associated with increased proliferation potential (30). Nonetheless, these apparent puzzling findings might be reconciliated according to a recent hypothesis suggesting that persistence of memory CD8 T cells in a non-proliferative quiescent state might preserve their potential for prompt expansion upon secondary antigen stimulation (61).

Our flow cytometry analysis and our cell number estimates suggest that gag-specific CD8 T cells migrated from spleen and blood into LNs and BM during the d30-d100 time frame, even though migration in and out of other organs cannot be excluded. Our further findings on gag-specific TCM/TEM phenotypes are consistent with the possibility that TCM had a survival advantage over TEM in all examined organs, and likely self-renewed in the BM (61), while a fraction of TEM up-regulated CD62L, thus acquiring a TCM phenotype. Thus, the transcriptomic differences between d100 and d30 spleen gag-specific CD8 T cells might be due to: i) plasticity of the splenic memory population (e.g. TEM to TCM shift); ii) selective survival of a cell subset (e.g. Ki-67— TCM); iii) selective cell recirculation in and out of spleen (e.g. TEM migration out of the spleen and accumulation into LNs and BM); iv) a combination of some or all of the above.

In sum, the main features of the d100 versus d30 gag-specific CD8 T cells in the spleen were a selective 2.6-fold increase in Ki-67— TCM as opposed to a 1.2-fold decrease in Ki-67— TEM, and a transcriptional switch to a mature memory state (Figure 6). This included, as expected, an increase in TCM phenotype and a decrease in T cell effector genes, plus newly described changes in genes regulating quiescence and proliferation, not implicated before in T cell memory, and in transcripts involved in inhibitory pathways of T cell responses (Figure 6). It is remarkable that in parallel with the d100-d30 molecular shift in the spleen, we measured significant changes in the blood, i.e. a decline in gag-specific frequency within CD8 T cells, and an increase of TCM within gag-specific cells.




Figure 6 | Schematic of “quiescent-but highly responsive” memory spleen CD8 T cell signature. Spider plot representing key features of splenic signature of gag-specific CD8 T cells at d30 (pink) and d100 (green) post-prime. Units of measure are the following: absolute cell numbers in the spleen for TCM, TEM, Ki-67— TCM, and Ki-67— TEM gag-specific CD8 T cells (see Figures 2E, F, 3E, F); mean DESeq2-normalized counts for Sell, Ssbp2, Slnf5, Klrg1, Ttk, and Lrr1 (see Figure 4B).



Our data are in the same line of previous evidence showing compromised memory T cell longevity with short 14d-prime/boost intervals (62). However, we specifically addressed memory CD8 T cell maturation, as we focused on ≥ 30 d post-prime, after the ending of clonal expansion (63). Some older studies also compared a d30 prime/boost interval with longer ones, using adenoviral vector-based vaccine in mouse models, e.g., d30 versus d60 in ref (9), and ∼d30 versus ∼d110 in ref (8). Some key features characterize our study as compared to these previous ones. Our choice of d30 versus d100 prime/boost comparison was based on the hypothesis that establishment of quiescence in primed CD8 T cells would be related to improved cells’ responsiveness to boosting, and on the experimental results on the kinetics of accumulation of Ki-67— TCM and TEM gag-specific CD8 T cells in lymphoid organs. In contrast, kinetics of clonal expansion and of re-entry in quiescent phase were not investigated in the above-mentioned studies, nor advanced technologies such as RNAseq were used to characterize the molecular signature of highly responsive memory CD8 T cells at d100 post-prime (8, 9). Furthermore, we compared secondary responses at d45 post-boost, in contrast to the above-mentioned comparative studies that analyzed earlier times post-boost (8, 9). This is because we were interested in established CD8 T cell memory, rather than in changes of the kinetics and/or magnitude of the acute response after boost.

Our data are in agreement with old pioneer studies and more recent ones that altogether emphasize through different approaches the role of a TCM/stem cell molecular profile for long-lived T cell memory (60, 64–67), and are consistent with the hypothesis that lymphoid microenvironments regulate the equilibrium between quiescence and self-renewal in long-term T cell memory (61). Notably, our findings establish a new memory CD8 T cell profile of responsiveness to boost, giving a valuable contribution to the rational design of vaccination protocols. Advancements in this field are much needed, as defining the time interval between vaccine shots represents one of the current challenges after the success of many anti-SARS-CoV-2 vaccination strategies, including those based on adenoviral-vectors and on mRNA (13).
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Region Naive (%) GC (%) Memory (%) Plasma (%)
FWR1 1.3 9 9.8 12
FWR2 12 8.5 10.7 10.2
FWR3 47 42.6 41.6 39.1
CDR1 58 7T 11 1
CDR2 8.4 9 12.6 126
CDR3 165 232 16.2 16.2
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Region Naive (%) GC (%) Memory (%) Plasma (%)

FWR1 1.6 10.2 9.3 13.4
FWR2 1.4 10 109 12

FWR3 48.7 37.9 405 36.2
CDR1 5.6 10.4 15 131
CDR2 g 12.6 154 14.1
CDR3 17 18.9 124 111
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Group Sample name Patient Tissue Study # Trees

Healthy Controls H1 H1 PB 27) 18,068
H2 H2 PB (28) 9,190
Overall healthy control trees 27,258

DLBCL D1 P1 PB Kedmi et al. 1,651
D2 P2 PB 1,309
D3 P3 PB 35
D4 P4 BM 738
D5 P1 BM 2,419
D6 P2 BM 4,834
Overall DLCBL trees 10,915
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Severity Subject ID Sex Age Collection time (days from symptom onset)

Healthy H1 F 28

Healthy H2 F 30

Healthy H3 M 45

Mild 2 F 37 2
Mild 15
Mild 34
Moderate 8 M 37 14
Moderate 32
Severe 34
Severe 18 F 62 8

Severe 30
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3 Female 35 Naive, Memory, GC, Plasma cells
4 Female 63 Naive, Memory, GC, Plasma cells
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Identifier Days btw. samples
Atopic Asthmatics (AA)

AAO2 28

AAO3 23

AAO4 32

AAOS 6

AAOB 21

AAO7 4

Non-Atopic, Non-Asthmatic controls (NANA)

NANAO1

NANAO3

NANAO4

NANAOS

NANAO7

NANAO8

NANA10

NANAT1

NANA12

38

29

33

26

29

43

13

18

NBx*

No. of sequences
(No. of clones)

19933
8190)
15508
(5943)
17229
(7936)
19717
8877)
13623
(6891)
13364
(6047)

13115
(5055)
27556
(10539)
35805
(10951)
41013
(11082)
41549
(12165)
16333
(8246)
14087
(6249)
12976
(5451)
11009
(5041)

NBV_PBMC*
No. of sequences
(No. of clones)

7100
(4502)
693
(191)
426
(113)
1401
(768)
3916
(1898)
2570
(1859)

28976
(21016)
640
(528)
4
@)
33877
(26559)
17250
(2366)
2556
(2086)
582
(401)
571
215)
6467
8272)

BBx*

No. of sequences
(No. of clones)

8013
(1534)
4092
(1638)
13646
(4356)
4126
(1487,
18852
6119)
21939
(5073)

19398
(4807)
8809
(3297)
17084
(8517)
16957
(5491)
18994
(6141)
22065
(7645
10082
(3748)
14482
(3979)
13485
(4909)

BBV_PBMC*
No. of sequences
(No. of clones)

14756
(8344)
5765
(3516)

1489
(962)
386
(108)
626
(293)
19
©)

14636
(9257)
1618
(859)
8736
(7060)
2973
(2026)
4532
(1595)
1385
(518)
713
(©82)
410
(99)
3885
(1924)

“NBx, nasal mucosal biopsy; NBV_PBMC, peripheral blood cells from a blood sample taken at the same time as the nasal biopsy; BBx, bronchial musical biopsy and BBV_PBMC,

peripheral blood cells from a blood sample taken at the time of the bronchoscopy.

*AbSeq and AbPair data combined.
***This number includes 958 sequences from the carina, 11093 sequences from biopsies from the right lung mucosa and 9888 sequences from biopsies form the left lung mucosa.
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Surface Marker Cell Type Function Pathogen/Condition Studied Species + References
CD69 CD4* Taw  Tissue retention Lung Donation, Mtb, RSV, Influenza Human (18, 19, 22, 24, 30, 46)
NHP (44)
CD8" Tau Lung Donation, Mtb, RSV, Influenza Human (8, 18, 19, 22, 24, 30, 45, 46)
NHP (21, 44, 45)
CD103 (oE integrin) CD4* Taw  Adhesion to E-cadherin, initial Lung Donation, Mtb, biopsy, RSV, Influenza Human (11, 18, 19, 22, 24, 30, 46)
recruitment, facilitates persistence and
surveillance
CD8" Tam Lung Donation, Mtb, biopsy, RSV, Influenza Human (8, 18, 19, 22, 24, 30, 45, 46)
NHP (21, 45)
CD49a (o4 B4 integrin/VLA-1)  CD4* Ty Adhesion to Collagen 1V, limits Lung Donation, Mtb Human (19, 24, 30)
apoptosis, faciltates locomotion for
surveillance
CD8" Tam Lung Donation, Mtb Human (19, 24, 30)
CD49d (04B1 integrin/VLA-4) CD4* Ty Adhesion to Fibronectin Mtb Human (24, 47)
CD101 CD4* Tam  Inhibits T cell activation, proliferation Lung Donation Human (30)
CD8" Tau Lung Donation, Mtb Human (19, 24, 30)
PD-1 (CD279) CD4* Tpy  Immune checkpoint and T cell Lung Donation, Mtb Human (19, 30)
exhaustion marker (prevent aberrant NHP (48)
activation)
CD8" Tam Influenza Human (19, 30, 46)
NHP (44)
CXCR3 CD4* Tay  Chemokine receptor Mtb, RSV Human (11, 18)
CD8" Taw Biopsy Human (20)
CXCR6 CD4* Tam  Chemokine receptor Lung Donation, biopsy Human (11, 19, 46)
CD8" Tam Lung Donation, biopsy Human (19, 20, 46)
CCR5 CD4* Tpm  Chemokine receptor Lung Donation/cancer lobectomy, Mtb Human (11, 18, 46)
CD8" Tau Mtb Human (46)
CCR6 CD8* Try  Chemokine Receptor Lung Resection Human (20, 49)
CD44 CD8" Tay  Leukocyte rolling and adhesion Mitb, influenza Human (24)
CD28/CD28H CD8* Trm T cell activation Lung Resection Human (11, 49)
CD45RO CD4" Tay  Memory T cell marker Influenza Human (33)
CD8* Trm Lung donation, Influenza Human (22, 33)
CD45RA" CD4* Tpy  Naive T cell marker Lung Donation Human (19, 30)
CD8* Tau Lung Donation Human (19, 30)

Multiple markers relating to adhesion/migration/activation are specifically upregulated on lung Taw. Other naive/effector/memory markers help distinguish memory T cells from regular
effector T cells (e.g. CD45RA and CD45RQ). Mtb, Mycobacterium tuberculosis; RSV, Respiratory Syncytial virus.
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CD38 Cell adhesion

CD80 GC-matured memory marker

cb27 Post- activation marker, memory B cell marker
CD73 GC-matured memory marker

PD-L2 (CD273) GC-matured memory marker

CD20 B cell differentiation

CD69 Tissue retention

CD44 Leukocyte rolling and adhesion

CD11a Integrin, cell adhesion

CXCR3 Chemokine receptor

Influenza

Influenza, Pneumococcus

Healthy lung resection/lobectomy

Influenza, Pneumococcus

Influenza, Pneumococcus

Pneumococcus

Healthy lung resection/lobectomy, Influenza, Pneumococcus

Pneumococcus
Pneumococcus
Influenza

Mouse (12)

Mouse (7, 12, 35, 39)
Human (35)

Mouse (12, 35, 39)
Mouse (7, 12, 35, 39)
Mouse (39)

Human (35)

Mouse (7, 12, 35, 39)
Mouse (35, 39)
Mouse (35)

Mouse (7, 12)

Brys Surface markers are mostly associated with activation, GC-maturation and tissue homing and share some similarities with Trp.
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Assumption Serology Platform oB Positive (N) Negative (N) Total (N) Attack Rate P-Value
A Commercial 1 35 52 87 40.2% X2, P =02274
2 10 25 35 28.6% Fisher, P = 0.3002
Total 45 v 122 OR = 1.68 (0.674-4.42)
MSD 1 35 52 87 40.2% X2, P =0.3643
2 " 24 35 31.4% Fisher, P = 0.4137
Total 46 76 122 OR = 1.46 (0.598-3.76)
B Commercial 1 35 52 87 40.2% X2, P = 0.0386*
2 10 35 45 22.2% Fisher, P = 0.0523
Total 45 rad 132 OR =2.34 (0.976-6.01)
MSD 1 35 52 87 40.2% X2, P =00712
2 11 34 45 32.4% Fisher, P = 0.0845
Total 46 76 132 OR =2.06 (0.879-5.15)

Assumption A assumes that the 10 individuals seropositive from outbreak 1 were protected from reinfection and were excluded from the attack rate calculation. Assumption B assumes that
reinfections are possible within the 10 seropositive from outbreak 1 and were susceptible to reinfection during outbreak 2. *p < 0.05. Bolded values initially indicated significance (p < 0.05).
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Virus-specific T cells restricted to HLA-A*01:01/HLA-B*08:01 or HLA-A*02:01/HLA-B*07:02 were isolated from donors #1-17 and donors #18-29, respectively. CMV and EBV serostatus
and age are indicated for each donor. HLA typing was determined either by serology, where the second digits could not be determined (XX), or with high resolution HLA typing unless
indicated by N.D. Blanks indicate homozygosity for the given allele. For one of the unrelated stem cell donors the age was not known (N.K.).
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Virus Antigen HLA Peptide # of isolated T-cell populations/# of attempted isolations (%)

Per specificity Per virus Per HLA

CMV pPPS0 HLA-A*01:01 VTEHDTLLY 7/8 (88%) CMV: HLA-A*01:01:

pp65 HLA-A*01:01 YSEHPTFTSQY 6/8 (75%) 53/70 29/39

Pp65 HLA-A*02:01 NLVPMVATV 8/9 (89%) (76%) (74%)

IE-1 HLA-A"02:01 VLEETSVML 5/9 (56%)

Pp65 HLA-B*07:02 TPRVIGGGAM /9 (89%)

pp65 HLA-B*07:02 RPHERNGFTVL /9 (89%) HLA-A*02:01:

IE-1 HLA-B*08:01 ELRRKMMYM 5/9 (66%) 70/90

IE-1 HLA-B*08:01 QIKVRVDMV 6/9 (67%) (78%)
EBV LMP2 HLA-A"01:01 ESEERPPTPY 4/6 (67%) EBV:

LMP2 HLA-A"02:01 FLYALALLL 11/12 (92%) 111/129

LMP2 HLA-A"02:01 CLGGLLTMV 10/12 (83%) (86%)

EBNA3C HLA-A"02:01 LLDFVRFMGV 7/12 (58%) HLA-B*07:02:

BMLF1 HLA-A"02:01 GLCTLVAML 10/12 (83%) 33/42

BRLF1 HLA-A"02:01 YVLDHLIW 11/12 (92%) (79%)

EBNA3A HLA-B*07:02 RPPIFIRRL 11/12 (92%)

BZLF1 HLA-B*08:01 RAKFKQLL 17/17 (100%)

EBNA3A HLA-B*08:01 FLRGRAYGL 13/17 (76%) HLA-B*08:01:

EBNA3A HLA-B*08:01 QAKWRLQTL 17/17 (100%) 58/69
AdV HEXON HLA-A"01:01 TDLGQNLLY 12/17 (71%) AdV: (84%)

E1A HLA-A"02:01 LLDQUIEEV 8/12 (67%) 26/41

HEXON HLA-B*07:02 KPYSGTAYNAL 6/12 (50%) (63%)

Seventeen donors were used to isolate HLA-A*01:01/B*08:01-restricted virus-specific T cells and 12 donors were used to isolate HLA-A*02:01/B*07:02-restricted virus-specific T cells.
CMV, Cytomegalovirus; EBV, Epstein-Barr virus; AdV, Adenovirus.
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Specificity TRBV Shared TCR TRBJ Motif
CMV-pp50¥™E 9 CASSVGQGSSYEQYF 2-7 SxGQG
CMV-ppB5"SE 9 CASSVTGGTDTQYF 2-3 VTGGT
CMV-pp65"-Y 7-6 CASSLAPGATNEKLFF 1-4 LAPG
CMV-IE1VE 9 CASSLGQGGVETQYF 2-5 GQGGV
CMV-pp65™*~ 7-9 CASSLIGVSSYNEQFF 2-1 SLIGxS
CMV-pp65~FH 4-3 CASSPQRNTEAFF 1-1 PxRNT
CMV-IE19K 9 CASSVQRQTANTGELFF 2-2 VxRxXANT
CMV-IE1EHR 27 CASSSYRTDLNTEAFF 1-1 TDLN
EBV-LMP2"™Y 6-5 CASSYQGGNYGYTF 1-2 SxQGG
EBV-LMP20@ 102 CASSEDGMNTEAFF 1-1 DGMN
51 CASSLEGQASSYEQYF 2-7 EGQxxS
EBV-EBNA3CHP 19 CASSIALASEQYF 2-7 IAL
EBV-BMLF16L¢ 20-1 CSARDRVGNTIYF 1-3 RDR(V/T)G
29-1 CSVGTGGTNEKLFF 1-4 GXGGTN
EBV-BRLF1™- 20-1 CSAIGGSYNEQFF 2-1 AIGGS
EBV-EBNA3A™® 4-1 CASSQDRLTGGYTF 1-2 RLTG
EBV-BZLF1°A¢ 27 CASSSLNTEAFF 2-1 SSSLN
20-1 CSARDRGAENTGELFF 2-2 RDRxxEN
EBV-EBNA3A™? 7-8 CASSLGQAYEQYF 2-7 SxGQA
EBV-EBNA3AK 5-1 CASSLETGGYGYTF 1-2 LETA/G)
AdV-HEXON™*- 20-1 CSAPGQGTDTQYF 2-3 (ANV)PGQ
AdV-E1ALP 20-1 CSARPGLADEQFF 2-1 ARXGLA
AdV-HEXON*®Y 10-3 CAINPGTAYGYTF 1-2 INP

We investigated which regions of PUB-I or PUB-HS CDR33 AA-sequences were predictive for the specificity. We searched for each motifin our library of 2355 CDR33 AA-sequences to
determine what part of the junctional regions were unique for each specificity, without being present in any other specificity. Underscores with an x represent any of the 20 AAs. Some
motifs contain two possible AAs that can be part of the motif which are shown between brackets. The minimum motifs are also shown in bold font in the original CDR3 8 AA-sequences.
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