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List of Abbreviations 
ADCC — antibody-dependent cellular cytotoxicity 

ADGRG1 — adhesion G protein-coupled receptor G1 

AML — acute myeloid leukemia 

alloHSCT — allogeneic hematopoietic stem cell transplantation 
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Summary 
Human T cells are divided into αβ and γδ lineages based on T cell receptor (TCR) chain usage. 

Despite distinct developmental trajectories and antigen-recognition patterns, both can mount 

adaptive responses to infection and cancer through clonal expansion. However, limited 

integrated phenotypic-clonotypic information has hindered our understanding of how 

expanded T cell clones evolve and persist to sustain long-term immune surveillance. The 

advent of single-cell RNA sequencing (scRNA-seq) combined with single-cell TCR 

sequencing (scTCR-seq) enables unbiased characterization of T cell phenotypes while linking 

transcriptional states to clonotypes. This framework allows longitudinal tracking of phenotypic 

plasticity within individual expanded clonotypes, supporting precise dissection of effector and 

memory programs and the durability of functional T cell responses over time. 

In this dissertation, we developed a robust computational strategy to dissect αβ and γδ T cells 

from scRNA-seq data and applied it to two longitudinal clinical cohorts, revealing persistent, 

disease-associated, functionally competent αβ and γδ T cell responses in acute myeloid 

leukemia (AML) patients undergoing allogeneic hematopoietic stem-cell transplantation 

(alloHSCT) and in children exposed to repeated seasonal malaria. 

In the AML cohort, we used scRNA-seq to profile T cells from graft samples and two post-

transplant follow-up blood samples (day 30 and day 100) from ten AML patients undergoing 

alloHSCT. Using TCR-based clonal tracking, we found that graft-derived CD8⁺ αβ and γδ T 

cells persist after transplantation, accompanied by increased proliferation, clonal expansion, 

and transcriptional signatures potentially linked to alloreactivity. Transcriptome-wide 

screening further identified cellular biomarkers of engrafted T cells associated with beneficial 

graft-versus-leukemia (GvL) and detrimental acute graft-versus-host disease (aGvHD). 

In the malaria cohort, we employed scRNA-seq and scTCR-seq to profile peripheral γδ T cell 

phenotypes and clonotypes in a 10-year longitudinal cohort of four Malian children (aged 4–5 

years at enrollment) exposed to annual seasonal malaria transmission. Repeated infections 

drove clonal expansion of two distinct adaptive Vδ1⁺ effector populations with either 

regulatory (CX3CR1, PDCD1, IL10) or cytotoxic (CX3CR1, GNLY, IFNG, PRF1) programs, 

alongside the emergence of a previously unrecognized precursor-like Vδ1⁺ subset co-

expressing self-renewal (TCF7) and exhaustion-associated markers (TOX, PDCD1, TIGIT, 

HAVCR2). TCR-based clonal tracking showed that dominant Vδ1⁺ clonotypes in each 
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individual persisted over the decade with largely stable effector phenotypes, maintained by 

self-renewal and involving a precursor-like memory pool.  

In conclusion, this dissertation presents a computational framework for longitudinal single-cell 

analysis of αβ and γδ T cells, uncovering durable, disease-associated T cell immunity in AML 

and malaria. 
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Zusammenfassung 
Humane T-Zellen werden anhand ihrer T-Zell-Rezeptor-Ketten (TCR) in αβ- und γδ-Linien 

unterteilt. Trotz unterschiedlicher Entwicklungsverläufe und Antigenerkennungsmuster 

können beide durch klonale Expansion adaptive Reaktionen auf Infektionen und Krebs 

auslösen. Bisher hat die begrenzte Verfügbarkeit an integrierten phänotypisch-klonotypischen 

Informationen unser Verständnis davon eingeschränkt, wie expandierte T-Zell-Klone sich 

entwickeln und persistieren, um eine langfristige Immunüberwachung aufrechtzuerhalten. Die 

Kombination aus Einzelzell-RNA-Sequenzierung (scRNA-seq) und Einzelzell-TCR-

Sequenzierung (scTCR-seq) ermöglicht eine unvoreingenommene Charakterisierung von T-

Zell-Phänotypen und verknüpft dabei Transkriptionszustände mit Klonotypen. Dieser Ansatz 

erlaubt die longitudinale Verfolgung der phänotypischen Plastizität innerhalb einzelner 

expandierter Klonotypen und unterstützt so die präzise Analyse von Effektor- und 

Gedächtnisprogrammen sowie die Nachhaltigkeit funktioneller T-Zell-Reaktionen im 

Zeitverlauf. 

In dieser Dissertation entwickelten wir eine robuste computergestützte Strategie zur 

Charakterisierung von αβ- und γδ-T-Zellen aus scRNA-seq-Daten und wendeten sie auf zwei 

longitudinale klinische Kohorten an. Dadurch konnten wir persistierende, krankheitsassoziierte 

und funktionell kompetente αβ- und γδ-T-Zell-Antworten bei Patientinnen und Patienten mit 

akuter myeloischer Leukämie (AML) nach allogener hämatopoetischer 

Stammzelltransplantation (alloHSCT) sowie bei Kindern mit wiederholter saisonaler 

Malariaexposition nachweisen. 

In der AML-Kohorte nutzten wir scRNA-seq, um T-Zellen aus Graft-Proben sowie aus zwei 

Blutproben nach Transplantation (Tag 30 und Tag 100) von zehn AML-Patientinnen und -

Patienten nach alloHSCT zu profilieren. Mithilfe von TCR-basiertem klonalem Tracking 

stellten wir fest, dass aus dem Transplantat stammende CD8⁺-αβ- und γδ-T-Zellen nach der 

Transplantation fortbestehen, begleitet von erhöhter Proliferation, klonaler Expansion und 

Transkriptionssignaturen, die potenziell mit Alloreaktivität in Verbindung stehen. Ein 

transkriptomweites Screening identifizierte darüber hinaus zelluläre Biomarker von Spender- 

T-Zellen, die mit vorteilhafter Graft-versus-Leukämie (GvL) und schädlicher akuter Graft-

versus-Host-Reaktion (aGvHD) assoziiert sind. 

In der Malaria-Kohorte verwendeten wir scRNA-seq und scTCR-seq zur Analyse peripherer 

γδ-T-Zell-Phänotypen und -Klonotypen in einer zehnjährigen longitudinalen Kohorte von vier 
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malischen Kindern (im Alter von 4–5 Jahren bei Studieneinschluss), die einer jährlichen 

saisonalen Malariaübertragung ausgesetzt waren. Wiederholte Infektionen führten zur klonalen 

Expansion zweier unterschiedlicher adaptiver Vδ1⁺-Effektorpopulationen mit entweder 

regulatorischem (CX3CR1, PDCD1, IL10) oder zytotoxischem (CX3CR1, GNLY, IFNG, 

PRF1) Programm sowie zum Auftreten einer zuvor nicht beschriebenen vorläuferähnlichen 

Vδ1⁺-Subpopulation, die sowohl mit Selbsterneuerung assoziierte Marker (TCF7) als auch 

Erschöpfungsmarker (TOX, PDCD1, TIGIT, HAVCR2) exprimierten. Die TCR-basierte 

klonale Verfolgung zeigte, dass dominante Vδ1⁺-Klonotypen in jedem Individuum über ein 

Jahrzehnt hinweg persistierten und dabei weitgehend stabile Effektorphänotypen beibehielten, 

die durch Selbsterneuerung und unter Beteiligung eines vorläuferähnlichen Gedächtnispools 

aufrechterhalten wurden. 

Zusammenfassend präsentiert diese Dissertation einen bioinformatischen Worflow für die 

longitudinale Einzelzellanalyse von αβ- und γδ-T-Zellen und nutzt diesen, um eine dauerhafte, 

krankheitsassoziierte T-Zell-Immunität bei AML und Malaria zu identifizieren. Diese 

Ergebnisse vertiefen unser Verständnis persistenter T-Zell-Reaktionen und lassen sich direkt 

auf die Erforschung neuartiger therapeutischer Ansätze für Krebserkrankungen und 

Infektionskrankheiten anwenden. 
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Chapter 1: Introduction 
1.1 T Cells 
Human T lymphocytes (T cells) play a central role in cellular immunity, coordinating 

protective responses, maintaining tissue homeostasis, enforcing self-tolerance, and establishing 

long-term immunological memory1,2. These functions are principally mediated by T cell 

receptors (TCRs), which recognize antigens derived from pathogens, tumors, or environmental 

sources3-9. However, when regulation fails, T cells can contribute to autoimmunity and chronic 

inflammation by responding to self-antigens and driving harmful immune activation10,11. 

T cells are broadly divided into two main lineages—αβ and γδ T cells—based on the TCR 

chain usage3. Although both lineages can expand clonally and mount adaptive responses, they 

differ in their developmental trajectories and antigens-recognition patterns3,5,12-15. The 

following sections provide an overview of these two T cell types and the unique features of 

their antigen recognition and immune functions. 

1.1.1 αβ T Cells 

αβ T cells constitute the predominant T cell population in humans, comprising over 90% of 

circulating T cells1. They express a TCR composed of an alpha (α) and beta (β) chain3. During 

thymic development, CD4⁺CD8⁺ double-positive progenitors undergo positive and negative 

selection to ensure self-tolerance and the ability to recognize foreign peptides presented by 

major histocompatibility complex (MHC) molecules16. Following thymic selection, most 

mature αβ T cells differentiate into either CD4⁺ helper T cells or CD8⁺ cytotoxic T cells. αβ T 

cells are MHC-restricted, with CD8⁺ T cells recognizing antigens presented by MHC class I 

and CD4⁺ T cells responding to MHC class II4. In addition to these conventional subsets, a 

specialized population of CD4⁺ αβ T cells differentiates into regulatory T cells (Tregs), 

characterized by expression of the transcription factor Foxp311. Tregs are essential for 

maintaining immune tolerance by suppressing aberrant or excessive immune responses to self-

antigens, thereby preventing autoimmunity10. 

1.1.1.1 CD4+ T Cells 

CD4⁺ T cells play a central role in orchestrating adaptive immune responses by producing 

cytokines, providing help to other immune cells, and maintaining immune homeostasis1,17,18. 

Upon activation through their TCR in the presence of polarizing cytokines, naïve CD4⁺ T cells 

differentiate into distinct effector lineages, each defined by unique transcriptional programs, 

cytokine profiles, and immunological functions17,18. Th1 cells, driven by IL-12 and the 
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transcription factor T-bet19, characterized by secreting interferon-gamma (IFN-γ), lymphotoxin, 

IL-2, and TNF-α20. They activate macrophages and support CD8⁺ T cell responses, making 

them essential for immunity against intracellular pathogens such as viruses and certain 

bacteria17. Th2 cells, induced by IL-4 and regulated by GATA321, produce IL-4, IL-5, IL-13, 

and IL-922. They promote class switching in B cells (especially to IgE), activate eosinophils, 

and are critical for mediating allergic responses17,22. Th17 cells, differentiated under the 

influence of IL-6, IL-1β, and TGF-β with the transcription factor RORγt23, secrete IL-17A, IL-

17F, and IL-2223,24. They recruit and activate neutrophils and are important for mucosal 

immunity and defense against extracellular bacteria and fungi, especially at barrier surfaces23. 

T follicular helper (Tfh) cells, guided by IL-6 and IL-21 and expressing the transcription factor 

Bcl625, localize to germinal centers and provide help to B cells through IL-21 and CD40L 

signaling26. They are crucial for germinal center formation, antibody affinity maturation, and 

isotype switching26.  

Inducible regulatory T cells (iTregs), generated in the periphery in response to TGF-β and IL-

2, express the transcription factor Foxp3 and function to suppress immune responses and 

maintain peripheral tolerance, particularly at mucosal sites27,28. Natural regulatory T cells 

(nTregs) develop in the thymus and are selected for intermediate affinity to self-antigens. They 

constitutively express Foxp3, CD25, and CTLA-4, and are stably committed to a suppressive 

lineage10,11,27. nTregs play a key role in central tolerance by controlling autoreactive T cells 

that escape thymic deletion. Unlike iTregs, they maintain stable Foxp3 expression and function 

even in inflammatory environments10,27. 

Type 1 regulatory T cells (Tr1) are peripherally induced in response to persistent antigen 

exposure, particularly under inflammatory conditions enriched in IL-10 and antigen-presenting 

cell-derived signals such as IL-2729,30. Unlike Foxp3⁺ Tregs, Tr1 cells do not originate in the 

thymus and lack stable Foxp3 expression. Instead, they differentiate from conventional CD4⁺ 

T cells in peripheral tissues, especially during chronic immune activation. Tr1 cells are defined 

by their high production of IL-10 and co-expression of inhibitory molecules such as LAG-3 

and CD49b, which mediate contact-dependent and cytokine-driven suppression of effector T 

cell responses29,31. Through these mechanisms, Tr1 cells contribute to the resolution of 

inflammation and promote long-term immune homeostasis32.  
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1.1.1.2 CD8+ T Cells 

CD8⁺ T cells (cytotoxic T lymphocytes, CTLs) are specialized in detecting and eliminating 

infected or transformed cells33,34. After thymic selection, naïve CD8⁺ T cells patrol secondary 

lymphoid tissues and peripheral compartments, where they detect peptide antigens presented 

on major histocompatibility complex class I (MHC I) molecules. CTLs activation typically 

requires coordinated signals delivered by professional antigen-presenting cells—TCR 

engagement with peptide–MHC I, costimulation, and inflammatory cytokines—together 

instructing clonal expansion and differentiation into effector states34. Activated effector CD8⁺ 

T cells kill target cells through perforin- and granzyme-mediated cytolysis and through death 

receptor pathways such as Fas–FasL, while also producing cytokines including IFN-γ and 

TNF-α that amplify antimicrobial and antitumor immunity1,33-35. Following antigen clearance, 

most effector cells undergo a contraction phase, whereas a fraction persists as long-lived 

memory CD8⁺ T cells capable of rapid recall responses1,2,33,36,37. This differentiation continuum 

encompasses circulating and tissue-resident programs and is governed by transcriptional and 

epigenetic mechanisms that balance immediate cytotoxicity against longevity, self-renewal, 

and proliferative potential38,39.  

In chronic viral infection and cancer, persistent antigen exposure and chronic TCR stimulation 

can drive CD8⁺ T cells into dysfunctional states termed exhaustion, characterized by distinct 

constrained proliferative capacity, reduced effector function, increased surface checkpoint 

receptor expression and transcriptional factor TOX35,40-45. Such dysfunctional states are 

epigenetically imprinted that limits full reinvigoration of CTL functions in the presence of 

immune checkpoint blockade44,46. A key conceptual advance in the last decade is the 

recognition of TCF1+ ‘stem-like’ or ‘memory-precursor’ CD8⁺ T cell populations (Tpex) that 

maintain long-term responses under chronic antigen stimulations47-54. These cells typically 

retain self-renewal capacity, proliferate robustly, and generate downstream effector-like 

progeny, thereby acting as the renewable source that sustains CTLs pool47. In cancer and 

chronic infectious disease, these precursor-like subsets are strongly linked to clinical benefit 

from immune checkpoint blockade35,47,52,55,56. 

1.1.2 γδ T Cells 

Human γδ T cells are defined by γδ TCR chain usage and comprise two major compartments: 

Vγ9Vδ2 (Vδ2⁺) cells, which dominate the peripheral blood at steady states, and non-Vγ9Vδ2 

γδ T cells (commonly Vδ1⁺ and Vδ3⁺), which are enriched in organs and mucosal 

tissues3,6,7,15,57. A hallmark of human γδ T cells is their non-classical antigen-recognition 
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patterns: γδ TCRs can recognize targets in a peptide–MHC independent way, which enables 

them for rapid, stress-focused immune surveillance3,12-14. 

1.1.2.1 Vγ9Vδ2 γδ T Cells 

Human Vγ9Vδ2 T cells are defined by expression of a semi-invariant Vγ9Vδ2 TCR, 

characterized by “public” germline CDR3γ sequences exclusively using Vγ9JP segment paired 

with a “private/shared” CDR3δ repertoire, and are developmentally pre-programmed in utero, 

undergo polyclonal expansion after birth, and can persist stably into adulthood15,58-61. Vγ9Vδ2 

T cells sense phosphoantigens (pAgs)—including the microbial metabolite (E)-4-Hydroxy-3-

methyl-but-2-enyl pyrophosphate HMBPP and the host-derived metabolite isopentenyl 

pyrophosphate IPP of infected or transformed cells62,63. These pAgs function as “molecular 

glues” that promote heteromeric association between the intracellular domains of butyrophilin 

BTN3A1 and the structurally related BTN2A1 to form a heterodimer, enabling Vγ9Vδ2 TCR 

engagement and inducing innate-like, peptide–MHC-independent activation of Vγ9Vδ2 T 

cells64-68. 

In infections, Vγ9Vδ2 T cells exert direct antimicrobial activity through perforin/granzyme-

dependent cytotoxicity against diverse pathogens, such as Mycobacterium tuberculosis69. They 

can also kill target cells via death-receptor pathways such as Fas/FasL and TRAIL, with 

effector potency further tuned by innate-like activating receptors (e.g., NKG2D)70. Beyond 

direct cytotoxicity, they can also eliminate target cells, such as Plasmodium falciparum–

infected red blood cells, through antibody-dependent cellular cytotoxicity (ADCC)71. 

In cancer, Vγ9Vδ2 T cells provide a complementary antitumor mechanism to αβ T cells 

because their recognition is not constrained by peptide–MHC, enabling responses against 

tumors with low neoantigen burden or MHC-I downregulation8. They detect transformation-

associated metabolic dysregulation—particularly the accumulation of isopentenyl 

pyrophosphate (IPP)—through the BTN3A1/BTN2A1 axis, mediate potent cytotoxicity, and 

integrate stress surveillance signals through NKG2D8,62,65,67,68,72. These intrinsic features have 

provided the rationale for several translational cancer immunotherapy strategies, including ex 

vivo expansion and adoptive transfer, in vivo activation with aminobisphosphonates or BTN3A 

agonists, and engineered redirection approaches such as T cell engagers and CAR-based 

platforms8,73-77. 
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1.1.2.2 Non-Vγ9Vδ2 γδ T Cells 

Non-Vγ9Vδ2 γδ T cells predominantly use Vδ1 or Vδ3 chains paired with diverse TCRγ chains 

and are enriched in tissues such as the gut epithelium, skin, spleen, and liver, where they 

contribute to tissue homeostasis and immune surveillance against infection and cell 

transformation6,57,78-81. This compartment is dominated by Vδ1 and Vδ3 cells, with smaller 

contributions from Vγ9-negative Vδ2 populations82. Compared with innate-like pAg-reactive 

Vγ9Vδ2 T cells, non-Vγ9Vδ2 subsets display greater TCR diversity. Their more private TCR 

repertoires are shaped by postnatal antigen exposure, showing individualized clonal expansions 

later in life15,83-85. These responses are thought to arise through clonal selection from a naïve-

like pool characterized by high expression of CD27, CD28, CCR7, IL7R, and CD62L, followed 

by focused expansion, effector differentiation, and long-term persistence83,84. Such adaptive-

like responses have been observed in the context of CMV, Mycobacterium tuberculosis, and 

Plasmodium falciparum infections83,84,86-94. The ligands of non-Vγ9Vδ2 γδ T cells remain 

largely unknown. Current evidence suggests that these cells recognize a broad spectrum of 

predominantly host-derived ligands, including classical or MHC-like molecules92,95,96, lipid 

antigens presented by CD1 family members97-99, and stress-associated self-proteins such as 

Annexin A2100. Reported ligand specificities are mostly clonotype-restricted, thereby hindering 

the establishment of general principles underlying antigen recognition by non-Vγ9Vδ2 γδ T 

cells13,14. Non-Vγ9Vδ2 γδ T cells can eliminate infected or transformed cells through perforin- 

and granzyme-mediated cytotoxicity and can also mediate antibody-dependent cellular 

cytotoxicity (ADCC). Beyond direct target-cell killing, these cells can also produce 

inflammatory cytokines and shape broader immune responses within tissues6,57,81.  

Accumulating evidences show that increased abundance of tumor-infiltrating non-Vγ9Vδ2 γδ 

T cells is associated with favorable outcomes in human cancer such as NSCLC101, CRC102-105, 

and kidney cancer106. Similarly, the long-term clinical remission of leukemia patients post-

HSCT positively correlated with robust and durable γδ T cell reconstitution107-110. A 

prospective clinical trial demonstrated that haploidentical HSCT following ex vivo αβ T- and 

B-cell depletion is a clinically effective and well-tolerated strategy for children with acute 

leukemia, with improved GRFS109,111. This is partially due to the MHC-independent 

recognition the cancer cells through γδ TCR and NK receptors109,112. More importantly, the 

intratumoral non-Vγ9Vδ2 γδ T cells exhibit retained effector functions even though with 

elevated inhibitory receptor expression on the cell surface and blockade of inhibitory receptors 

on non-Vγ9Vδ2 γδ T cells has been showed to enhance the killing of tumor cells in 
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vitro103,105,106. These intrinsic tumor-reactive properties of non-Vγ9Vδ2 γδ T cells position 

them as outstanding candidates for cancer immunotherapy and several preclinical studies have 

shown promising results8,113,114. 

1.1.3 TCR 

The T cell receptor (TCR) mediates the antigen recognition and T cell responses through the 

TCR-CD3 complex. TCR is composed of two chains, TCRα and TCRβ for αβ Τ cells, and 

TCRγ and TCRδ for γδ Τ cells3. TCR repertoires are generated through combinatorial somatic 

rearrangement of multiple variable (V), diversity (D) (for the β-chain and δ-chain only), joining 

(J) and constant (C) gene segments along with Palindromic (P) nucleotides addition and non-

templated (N) nucleotides addition or deletion between spliced gene segments3,115-117. The 

complementary determining region 3 (CDR3) is the most informative part and defines the 

specificity of a TCR. The vast diversity of TCR repertoires underlies the specificity of adaptive 

immunity, as each T cell typically expresses a unique TCR that is selected to recognize a 

defined peptide–MHC complex to initiate immune responses regarding protecting the host 

through eliminating of infected cells or transformed cells3, with an exception of the regulatory 

T cells which specialize in peripheral tolerance in contrast to canonical effector responses10. 

The TCR repertoire collectively enables recognition of a broad range of foreign and self-

derived antigens3,4,116.  

In addition to the biological functions of TCR complex, the sequences of TCR can serve as 

molecular identifiers of individual T cell clones, as the probability of generating the same 

V(D)J rearrangement more than once is exceedingly low due to the immense diversity of TCR 

pairs (up to 10^15 for αβ pairs115 and 10^18 for γδ pairs117). TCR repertoire profiling therefore 

provides a powerful framework to quantify antigen-driven clonal expansion, track longitudinal 

clonal persistence and dynamics, and resolve the heterogeneity of T cell responses83,84,118-121. 

This is closely linked to the well-defined continuum of T cell activation from naïve to effector 

states, during which antigen-specific clones undergo extensive proliferation to mount effective 

immune responses. Integrating TCR information with single-cell transcriptional phenotypes 

further enables reconstruction of the differentiation trajectories of individual T cell clones, 

providing a precise framework to resolve their activation states, functional plasticity, and 

disease relevance85,116,118-121.  
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1.2 AML and AlloHSCT 

Acute myeloid leukemia (AML) is a heterogeneous hematologic malignancy defined by the 

clonal accumulation of immature myeloid cells in the bone marrow and peripheral blood122,123. 

Although intensive chemotherapy has long served as the standard therapeutic solution, the 

outcomes remain to be improved, particularly in older patients accounting for a large 

proportion of AML cases122-124. Advances in the understanding of AML molecular 

pathobiology have recently accelerated the development of targeted therapies, including agents 

directed against mutated BCL2, FLT3, and IDH1/2 genes, shifting the field toward more 

biologically informed and subtype-specific treatment strategies122,123. However, many patients 

eventually relapse in the absence of effective consolidation therapy124,125. Thus, allogeneic 

hematopoietic stem cell transplantation (alloHSCT) remains a cornerstone of AML therapy 

because of its potent anti-leukemic activity mediated by the graft-versus-leukemia (GvL) 

effect126-130.  

T cells are the major players of GvL effects with clinical trials showing that depletion of T cells 

from the graft significantly increased the probability of relapse post-alloHSCT126. The 

mechanisms of GvL are the recognition of antigens presented by the MHC complex on the 

leukemia cells by donor-derived T cells131. However, because minor histocompatibility 

antigens are also expressed on healthy cells, donor-derived graft T cells may also mediate the 

detrimental graft-versus-host disease (GvHD), which primarily affects the skin, gastrointestinal 

tract, and liver, even in MHC-matched transplants132-134. 

Clinical GvHD prophylaxis strategies, including rabbit anti-thymocyte globulin (rATG) and 

post-transplant cyclophosphamide (PTCy), have substantially reduced the risk of GvHD. 

However, these approaches may also compromise graft-versus-leukemia (GvL) activity 

because current prophylactic regimens suppress T cell responses in a broadly non-specific 

manner135. To overcome this, graft engineering and especially T cell composition manipulation 

should be employed to augment GvL while minimize GvHD135,136. Recent studies have shown 

that negative depletion of αβ Τ and B cells from graft has significantly improved 5-year 

probability of chronic GvHD-free, relapse-free survival (GRFS) in pediatric acute 

leukemia111,137. This is consistent with intrinsic features revealed by in vitro studies 

demonstrating the potent anti-leukemic activity of both Vγ9Vδ2 and non-Vγ9Vδ2 γδ T 

cells109,112. Further improvement of alloHSCT is limited by the lack of clearly defined T cell 

populations associated with GvL versus GvHD.  
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1.3 Malaria 

Malaria is caused by infection with Plasmodium parasites, with Plasmodium falciparum 

responsible for the most severe and often fatal forms of the disease138. Following transmission 

by Anopheles mosquitoes, Plasmodium parasites first establish an asymptomatic liver stage, 

during which they replicate and differentiate into merozoites. Merozoites then target host 

erythrocytes to establish blood stage infection that causes the clinical symptoms of malaria139. 

1.3.1 CD4⁺ and CD8⁺ T Cell Responses to Malaria 

Malaria elicits complex and stage-specific T cell immune responses that contribute both to host 

protection and to immune regulation138. During the liver stage, CD8⁺ T cells are particularly 

important for recognizing and eliminating infected hepatocytes and may establish tissue-

resident memory populations that support rapid recall responses upon reinfection140-146. Due to 

the lack of ΜΗC class I on erythrocytes, CD8⁺ T cells are thought to contribute little to limit 

the blood stage of malaria infection, although malaria parasite-specific CD8+ T cells have been 

described in the blood of humans living in endemic areas and after vaccination147. In parallel, 

CD4⁺ T cells play broader helper and regulatory roles by coordinating inflammatory responses, 

activating myeloid cells, and providing essential support for humoral immunity148-150. Notably, 

regulatory Th1 (Tr1) cells, characterized by high levels of BLIMP1, T- bet, IFNγ and IL-10 

function as adaptive IL-10-producing regulatory CD4⁺ T cells that limit TNF- and Th1-driven 

immunopathology during blood-stage infection, but this protective anti-inflammatory role may 

also restrain efficient parasite clearance and humoral immunity94,118,151-156. Tr1-mediated 

immune regulation may contribute to the establishment of naturally acquired clinical immunity 

to malaria, which is a non-sterilizing, exposure-dependent form of protection that develops 

progressively in individuals residing in endemic areas through repeated Plasmodium exposure 

and primarily limits symptomatic disease and severe outcomes without fully preventing 

reinfection138,156,157.  

1.3.2 γδ T Cell Responses to Malaria 

γδ T cells contribute to both anti-parasite immunity and anti-disease tolerance during malaria. 

Vδ2⁺ γδ T cells can directly kill P. falciparum–infected erythrocytes through both TCR-

dependent cytotoxicity and antibody-dependent cellular cytotoxicity (ADCC)158-160. However, 

these Vδ2-mediated anti-parasites responses may be accompanied by excessive inflammation, 

as repeated exposure with progressive loss and dysfunction of Vδ2⁺ cells correlate with the 

development of asymptomatic infection in endemic settings161. In controlled human malaria 

infection (CHMI), repeated P. falciparum infection consistently drives clonal expansion of an 
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adaptive γδ repertoire, highlighting the potential roles of Vδ1+ T cells in acquiring long-term 

immunity to malaria162. This is further supported by the evidence that P. falciparum-challenged 

γδ T cells are able to mount recall responses that were largely maintained ~14 months after a 

single P. falciparum episode163. Also, in clinically immune individuals, expanded circulating 

Vδ1⁺ T cells produce IL-10 alongside IFN-γ in response to P. falciparum antigens, mirroring 

the type 1 regulatory (Tr1)–like cytokine profile164. 

 

1.4 Single Cell RNA Sequencing 

Single-cell RNA sequencing (scRNA-seq) has greatly improved our ability to dissect cellular 

and molecular complexity by enabling transcriptome profiling at single-cell resolution and 

large scale. Recent advances in experimental platforms and computational methods are further 

expanding the scope of single-cell analysis through multimodal approaches that integrate 

transcriptomic information with immune repertoires116,165,166, cell surface protein expression167, 

chromatin accessibility168, and epigenetic states169, thereby providing a more comprehensive 

view of cellular heterogeneity and dynamic biological processes. 

1.4.1 Library Generation 

The most critical step of scRNA-seq is cellular barcoding which enables the qualification of 

thousands of gene expression levels for individual cells170. Currently, there are two mainstream 

strategies to perform cell barcoding, namely droplet-based with a microfluidic device171 and 

plate-based172. The former method employs a microfluidic device to encapsulate single cell 

with single oligonucleotides-barcoded gel bead and reagents for reverse transcription into one 

oil droplet171. After cell lysis within the droplet, released transcripts are captured by the 

oligonucleotide barcodes and reverse-transcribed into cDNA (Fig. 1). The later platform uses 

a plate with microwells to isolate single cell and introduces cell-barcodes (Fig. 2)172. The 

limitations of both platforms are the low throughput regarding sample and cell number173-175.  

The development of combinatorial barcoding unmeshed the throughput of single-cell 

experiments176-186. In single-cell combinatorial barcoding methods, the cell membrane 

functions as a physical barrier and intracellular reaction compartment, allowing cellular 

contents to remain associated during fixation, permeabilization, and barcoding without 

requiring cell isolation (Fig. 3). This enables in-cell enzymatic reactions such as reverse 

transcription and sequential barcode ligation, while multiple rounds of barcoding generate a 

unique combinatorial barcode for each cell. In addition, these approaches facilitate large-scale 
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sample multiplexing through pre-labeling cells from different samples for parallel profiling. 

The downstream process post-barcoding is the same including cDNA amplification, 

fragmentation, introducing sequencing adaptors compatible with the next-generation 

sequencing (NGS) platforms. 
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Fig. 1 Workflow of droplet-based single-cell platform (adapted from 10x Genomics) 

Single cells and uniquely barcoded gel beads are partitioned together into oil droplets, known 

as Gel Beads-in-Emulsion (GEMs), in the presence of enzymes and reverse transcription 

reagents. Each GEM serves as an individual reaction chamber in which the gel bead dissolves 

and cellular target molecules are captured and barcoded to identify their cell of origin. 
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Fig. 2 Workflow of plate-based single-cell platform (adapted from BD Biosciences) 

Single cells are loaded into a microwell cartridge and paired with barcoded beads after optional 

sample staining. Following imaging-based quality control, cells are lysed, transcripts are 

captured on the beads, and the beads are recovered for reverse transcription, cDNA synthesis, 

library preparation, sequencing, and downstream analysis.  
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Fig. 3 Workflow of combinatorial barcoding single-cell platform (adapted from 

Rosenberg, Science, 2018) 

Combinatorial barcoding labels single-cell transcriptomes through repeated random 

distribution of fixed cells or nuclei into wells, where transcripts receive well-specific barcodes 

in each round. The first barcode is introduced by barcoded reverse transcription primers, the 

second and third by ligation to cDNA, and the fourth during PCR in library preparation. The 

bottom schematic depicts the final fully barcoded cDNA molecule.  
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1.4.2 Single Cell TCR Sequencing 

Because the informative CDR3 region of TCR transcripts is located at the 5′ end of the mRNA3, 

conventional single-cell barcoding strategies that rely on poly(A)-tail capture are generally not 

efficient for TCR recovery, particularly given the limited read length of current next-generation 

sequencing (NGS) platforms. To overcome this limitation, template switching is employed to 

introduce barcodes at the 5 ′  end during reverse transcription by employing the intrinsic 

properties of Moloney murine leukemia virus (MMLV) reverse transcriptase (Fig. 4)116,166. 

Nested PCR was used to enrich the barcoded TCR transcripts. For the combinatorial barcoding, 

multiplexing PCR using a set of primers targeting the variable TCR gene segments was 

employed to enrich TCR transcripts (Fig. 5). The combination of scTCR-seq and scRNA-seq 

enables T cells profiling at phenotypic-clonotypic resolution116. 
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Fig. 4 Schematic of template switching during reverse transcription (adapted from 10x 
Genomics) 

At the end of reverse transcription, the MMLV reverse transcriptase adds non-templated 

cytosines to the cDNA, which allows the template-switch oligo (TSO) to anneal. The enzyme 

then switches templates and extends the cDNA using the TSO, thereby introducing a known 

sequence at the 5′ end for subsequent amplification. 

  



22 
 

 

Fig. 5 Schematic of multiplexed PCR to enrich γδ TCR transcripts 

Following cDNA synthesis, multiplex PCR is performed using primer sets targeting TCR γ and 

δ variable region to selectively enrich TCR-derived transcripts. 
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1.4.3 Analysis Workflow 

The analysis workflow of single-cell data has been well-established with toolkit such as 

Scanpy187 and Seurat188. A typical scRNA-seq analysis workflow starts with preprocessing and 

quality control of the raw count matrix189. This usually includes removal of low-quality cells 

based on metrics such as low gene counts, low UMI counts, or high mitochondrial transcript 

fractions, followed by correction for technical artifacts such as ambient RNA contamination 

(SoupX190, CellBender191, and DecontX192) and doublets (DoubletFinder193, and Scrublet194). 

After QC, the expression matrix is normalized and transformed, for example by library-size 

normalization followed by log-transformation. The next stage is feature selection and 

dimensionality reduction187,188,195. Analysts typically identify highly variable genes (HVGs)196 

to focus on informative biological variation, then perform principal component analysis (PCA) 

on the normalized expression matrix. In practice, PCA provides a low-dimensional 

representation that is then used to construct a k-nearest-neighbor (KNN) graph195, which is a 

central structure for downstream clustering and visualization. If multiple donors, batches, 

chemistries, or studies are combined, data integration or batch correction is often performed 

before graph construction or clustering. Harmony197, reciprocal PCA (RPCA)188, and 

Scanorama198 are among widely used integration methods, and benchmark studies have 

evaluated their performance at atlas scale199. 

After the graph is built, cells are grouped by graph-based clustering, most commonly with the 

Leiden algorithm, which is an improved community-detection method derived from Louvain 

and is widely adopted for scRNA-seq because it operates directly on the neighborhood graph 

and tends to produce well-connected clusters200. For visualization, the high-dimensional 

structure is usually embedded in two dimensions with UMAP, which aims to preserve local 

neighborhood relationships from the graph and is now standard for displaying cellular structure 

and cluster relationships201. 

The resulting clusters are then assigned biological identities through cell-type annotation, either 

manually using canonical marker genes or with automated reference-based methods202,203. 

Once annotation is established, the main downstream analyses include differential gene 

expression, differential abundance, trajectory or pseudotime inference, RNA velocity, and cell–

cell communication analysis, depending on the biological questions. For multimodal datasets, 

these steps may also be extended to integrate surface protein, chromatin accessibility, or 

adaptive immune receptor information187,188.  
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1.5 Research Objectives 

The advancement of scRNA-seq technologies has boosted the pace of biological discovery 

while generating an unprecedented scale of single-cell datasets. Due to the intrinsic phenotype 

similarities between human adaptive γδ T cells and CD8+ αβ T cells204, a robust strategy to 

identify γδ T cells from single-cell dataset generated based on pan-T cells without TCR 

information remained to be developed. To address this, we generated a ground-truth single-cell 

dataset including both αβ and γδ TCR information and revealed that the combination of TRD 

and TRA/B gene modules from transcriptome robustly distinguishes γδ T cells and αβ T cells 

as presented in chapter 2. 

Graft T cells mediate the beneficial GvL and detrimental GvHD effects of alloHSCT treatment. 

However, the direct evidence of graft T cell persistence post-alloHSCT is still missing. To 

address this, we employed mega-scale scRNA-seq on 25 graft and post-alloHSCT PBMC 

samples obtained from a longitudinal cohort of ten AML patients. TCR clonal tracking revealed 

the persistence of graft γδ T cells and CD8+ αβ T cells while displaying alloreactivity. 

Transcriptome-wide screening identified novel cellular biomarkers of T cells associated with 

GvL and GvHD as presented in chapter 3. 

Human adaptive γδ T cells participate in immune responses to infections and cancer, showing 

durable clonal expansion and sustained functional competence. However, the lack of 

longitudinal studies with integrated clonal-phenotypic resolution limits our understanding of 

their functional plasticity, and longevity mechanisms. We used scRNA-seq and sc-γδTCR-seq 

to profile peripheral γδ T cell phenotypes and clonotypes in a 10–year longitudinal cohort of 

four Malian children (aged 4–5 years at enrollment) exposed to yearly seasonal malaria 

transmission. Clonal tracking revealed decade-long persistence of expanded clonotypes with 

distinct regulatory or cytotoxic phenotypes maintained by self-proliferation and involving a 

stem-like memory pool as presented in chapter 4. 

Overall, our goal was to develop novel single-cell sequencing methods and a computational 

framework for longitudinal single-cell analysis of αβ and γδ T cells to uncover the dynamics 

of disease-associated long-term T cell immunity. 
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1 Introduction
Single-cell RNA sequencing (scRNA-seq) has become a widely used 
technology in immunology.1 This technology has led to an explosion 
of published datasets, providing a wealth of data to be reanalyzed 
from different angles and depths. Reanalyzing existing data is even 
more important for γδ T cell research, due to the fact that many studies 
which had sequenced total immune cells or enriched T cells did not 
perform a throughout analysis on γδ T cells. However, how to accurate
ly identify γδ T cells from a large T cell dataset is still challenging. The 
most precise way (the golden standard) to distinguish between γδ T 
cells and αβ T cells is through the use of single-cell γδ T cell receptor se
quencing (sc-γδTCR-seq) or anti-γδTCR CITE-seq (cellular indexing of 
transcriptomes and epitopes).2 However, these methods have not 
been widely incorporated into published scRNA-seq datasets. While 
some studies have attempted to distinguish between αβ T cells and 
γδ T cells by using the constant genes of TRG/TRD (TRGC1, TRGC2, 
and TRDC),3 this approach may not be adequate to identify sufficient 
γδ T cells due to a high dropout rate of TCR transcripts in scRNA-seq 
data.4 Moreover, TRG genes are frequently expressed in αβ T cells, 
which may lead to false positives in γδ T cell identification.5,6

In humans, γδ T cells are categorized into two major groups based 
on the variable genes (TRGV and TRDV) of their γδ TCRs. The intra
thymically preprogrammed Vγ9Vδ2+ T cells are characterized by in
nate immunity gene programs such as ZBTB16 (encoding PLZF) and 
NCR3, and they do not express CD4 and CD8 molecules.2,7–11 On 
the other hand, the non-Vδ2 γδ T cells are more similar to CD8+ αβ 
T cells, with most of them expressing a TCR consisting of a Vδ1 or 

Vδ3 chain paired with a variable (V) γ chain.12 They exit the thymus 
as naive γδ T cells and have the ability to recognize a diverse range 
of antigenic targets.10,12–16 Upon antigen stimulation, non-Vδ2 T cells 
undergo massive clonal expansion and differentiate into cytotoxic 
effector cells.15,16 These cells share a similar gene expression pro
gram with cytotoxic CD8+ αβ T cells, including the expression of 
CD8A/B, FCGR3A (encoding CD16), EOMES, and TBX21 (encoding 
T-bet).2,17,18 The shared gene programs further complicate the dis
tinction between αβ T cells and γδ T cells in scRNA-seq analysis.

To develop a γδ T classifier for scRNA-seq datasets, we postu
lated that the variable TCR genes (TRAV, TRBV, TRGV, and TRDV) 
and constant TCR genes captured by the 5′-end scRNA-seq chem
istry (10x Genomics) would be sufficient to distinguish between αβ 
and γδ T cells in the transcriptome. We calculated the modular 
TCR expression of the constant and variable TCR genes (hereafter 
named TCR module score). We defined high γδTCR module score 
and low αβTCR module score population as putative γδ T cells. 
Our strategy was proved to be highly specific and sensitive when 
comparing to the genuine γδ T cells in the reference datasets. 
Therefore, our approach offers a practical solution for reanalyzing 
public scRNA-seq data of T cells with a focus on γδ T cells.

2 Materials and methods
2.1 Human samples and isolation of CD3+ T cells
Before sample collection, healthy donors provided written in
formed consent and the study was approved by the local ethics 
committee Hamburger Ärztekammer (PV5982).
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Whole EDTA blood from 4 healthy female donors was collected. 
Peripheral blood mononuclear cells (PBMCs) were isolated via a 
density gradient centrifugation (Biocoll; Biochrom) and stored a 
nitrogen tank in 90% fetal calf serum and 10% DMSO (6–10  ×   
106 cells/mL). PBMCs were thawed and stained with Live/ 
Death-PacO, Live/Death-APC-Cy7, and aCD3-BV650 (BioLegend). 
For each sample, live CD3+ T cells were sorted with the BD Aria 
Fusion, and 15,000 cells were then used for the preparation of 
single-cell libraries. The Chromium Next GEM Single Cell 5′ 
Library and Gel Bead Kit v1.1 (10x Genomics) were used. Upon 
completion of reverse transcription but prior to fragmentation, 
the single-cell barcoded full-length complementary DNA was div
ided into three parts. Each part was used separately to prepare the 
libraries for scRNA, sc-αβTCR, and sc-γδTCR. For the sc-αβTCR and 
scRNA libraries, we followed the manufacturer’s instructions. 
For the sc-γδTCR libraries, we used custom primers to enrich 
γδTCR transcripts. During the first target enrichment, we used 
primers RV_TRG1: ATCCCAGAATCGTGTTGCTC and RV_TRD1: 
CCCACTGGGAGAGATGACAA. For the second target enrichment, 
we used RV_TRG2: GGGGAAACATCTGCATCAAG and RV_TRD2: 
GACAAAAACGGATGGTTTGG as custom primers.2 We sequenced 
each library, including scRNA, sc-αβTCR, and sc-γδTCR, on the 
Illumina NovaSeq6000.

2.2 Data processing and analysis of scRNA-seq 
libraries
The scRNA-seq reads were aligned to the human reference gen
ome GRCh38-2020-A, and feature-barcode matrices were gener
ated via the Cell Ranger pipeline (version 4.0.0; 10x Genomics). 
Further analysis including dimensional reduction and cell cluster
ing was performed in R (version 4.2.2; R Foundation for Statistical 
Computing) using the R package Seurat (version 4.3.0). The quality 
control criteria were set as follows: (1) the number of UMI counts 
per cell is between 2,000 and 7,000; (2) the number of genes per cell 
is between 500 and 3,000; and (3) the percentage of mitochondrial 
genes is lower than 15%. After integration of 4 libraries, dimen
sional reduction analysis and unsupervised clustering were per
formed. The identities of clusters were annotated by gene 
expression profile.

Publicly available scRNA-seq datasets were reanalyzed accord
ing to the method in the original publications.19–22

2.3 scTCR-seq analysis
Cell Ranger VDJ pipeline (version 4.0.0; 10x Genomics) was used to 
align the scTCR-seq reads to the human reference genome 
(vdj_GRCh38_alts_ensembl-4.0.0.) and annotate productiveness 
of the TCR sequences. After excluding nonproductive TCR se
quences and duplicates, scTCR-seq data were introduced to the 
metadata of the corresponding scRNA-seq Seurat object by iden
tical barcodes. CDR3 was used to annotate genuine γδ and αβ T 
cell subtypes.

2.4 TCR module scores calculation
Constant or/and variable TCR genes (Supplementary Table 1) de
tected in the transcriptome were used to compute the TCR mod
ule scores using the AddModuleScore function (nbin = 24, ctrl =  
100) from Seurat (version 4.3.0). Briefly, all genes were binned 
into 24 bins based on their average expression level across all 
cells. For each gene in the TCR gene sets, 100 random genes 
from the same expression bin were selected as the control gene 
sets. Within each cell, the TCR gene module scores were com
puted by averaging the expression of each gene from the TCR 

gene sets after subtracting the average expression of the corre
sponding control gene sets.

2.5 Data availability
scRNA and scTCR datasets to generate Fig. 1 are available at 
https://zenodo.org/deposit/7989561. Data used in Fig. 2 are avail
able in the original publication.19 Raw sequencing data used in 
Fig. 3 are deposited in the Gene Expression Omnibus repository 
under accession number GSE200173.20 Raw sequencing data 
used in Supplementary Fig. 4 are deposited at the Genome 
Sequence Archive at the National Genomics Data Center 
(Beijing, China) under the BioProject ID PRJCA007744.21 Raw se
quencing data used in Fig. 4 are deposited in the ArrayExpress 
database at EMBL-EBI under accession number E-MTAB-11536.22

3 Results
3.1 Classifying γδ T cells in peripheral blood by 
modular TCR expression analysis
To obtain genuine γδ T cells and αβ T cells as a reference, we gen
erated a dataset by performing 5′-end scRNA-seq and paired sc-αβ 
and γδTCR-seq (10x Genomics) on CD3+ T cells collected from 
PBMCs of 4 healthy donors. Cells that passed quality control 
were visualized using UMAP (Uniform Manifold Approximation 
and Projection). Four major clusters, CD4+ T cells, CD8+ T cells, 
MAIT cells, and Vγ9Vδ2+ T cells were identified by gene expression 
profile (Supplementary Fig. 1A and B). A total of 1,755 cells de
tected with productive TCR-γ/TCR-δ chains were marked as genu
ine γδ T cells and 20,544 cells with productive TCR-α/TCR-β chains 
were marked as genuine αβ T cells. Cells without a productive TCR 
were removed (Supplementary Fig. 1A and C). Most non-Vδ2 γδ T 
cells collocated with CD8+ αβ T cells, suggesting they have similar 
phenotypes (Supplementary Fig. 1D and E). TRA/TRB and TRG/TRD 
gene expression from the transcriptome of each cell were calcu
lated as TCR module scores–αβTCR module score and γδTCR mod
ule score, respectively, using the AddModuleScore function from 
Seurat v4.3.23 Cells with high γδTCR module scores and low 
αβTCR module scores were marked as putative γδ T cells and vali
dated by genuine γδ T cells (Fig. 1A). Initially, only constant genes 
TRDC, TRGC1, and TRGC2 were used to calculate γδTCR module 
scores, while TRAC, TRBC1, and TRBC2 were used to calculate 
αβTCR module scores (Supplementary Table 1). However, this 
model yielded poor accuracy and sensitivity, with 40.1% of genu
ine γδ T cells locating within the putative αβ T population, while 
42.2% of putative γδ T cells by this classifier were genuine αβ T cells 
(Fig. 1B–D). To improve the efficiency of γδ T cells identification, 
TCR module scores were recalculated by introducing variable 
TCR genes (TRDV, TRGV, TRAV, and TRBV) together with the con
stant TCR genes (Supplementary Table 1). Using this strategy, 
the genuine γδ T cells formed a population with a high γδTCR mod
ule score and a low αβTCR module score, largely separated from 
the genuine αβ T cells (Fig. 1E–G). However, a subpopulation of 
genuine αβ T cells showed intermediate γδTCR module scores 
(γδInt), leading to an ambiguous boundary between genuine γδ T 
cells and αβ T cells. Quantification analysis showed that 11.0% 
of genuine γδ T cells were not defined as putative γδ T cells 
(Fig. 1G). This confounder mainly resulted from the TRG gene ex
pression by genuine αβ T cells (Supplementary Fig. 1F and G). 
Therefore, the γδTCR module score was recomputed using only 
the TRDC and TRDV genes (Supplementary Table 1). The genuine 
αβ T cells with γδInt score were largely reduced under this strategy 
(Fig. 1H and Supplementary Fig. 1H). Up to 95.9% of genuine γδ T 
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Fig. 1. Identification of genuine γδ T cells in PBMCs. scRNA-seq and scTCR-seq (γδ and αβ) of CD3+ T lymphocytes (22,883 cells) from PBMCs in 4 donors. 
(A) Schematic of workflow: genuine T cell subtypes were annotated with the detected CDR3 types and putative T subtypes were identified by TCR gene 
module scores. (B–D) Cells on TCR module scores calculated based on the constant TCR genes. (E–G) Cells on TCR module scores incorporating variable 
TCR (TRD/TRG vs TRA/TRB) genes. (H–J) Cells on TCR module scores computed on TRD vs TRA/TRB genes. (C, F, and I) Proportions of genuine T subtypes 
in putative T cell populations. (D, G, and J) Proportions of putative T subtypes in genuine T cell populations. (K) Receiver-operating characteristic 
curve (ROC) of 3 analysis models (B, E, and H). (L) Putative γδ T cells and αβ T cells on UMAP. (A, B, E, and H) The dashed line shows the threshold for high 
and low TCR module scores. (A, B, E, H, and L) Each dot represents 1 cell.
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cells were recovered as putative γδ T cells, demonstrating a lower 
false negative rate (Fig. 1I and J). The reliability of the combination 
of γδTCR module score by TRD genes and αβTCR module score was 
confirmed by area under the receiver-operating characteristic 
curve (AUC), which reaches as high as 0.98 (Fig. 1K). Moreover, 
the putative γδ T cells were nearly overlapped with genuine γδ T 
cells on the phenotypic UMAP (Fig. 1L and Supplementary Fig. 1C).

3.2 Modular TCR expression analysis detects 
tissue-resident γδ T cells
Given that most of γδ T cells in peripheral blood are Vγ9Vδ2+, 
while the non-Vδ2 γδ T cells are enriched in tissues,10,11 we ex
tended our analysis to a published scRNA-seq dataset that 
profiled the transcriptome with paired sc-αβ and γδTCR-seq 
of tumor-infiltrating T cells in human Merkel cell 

carcinomas.19 In that study, 1,659 genuine γδ T cells and 
1,839 genuine αβ T cells were defined by scTCR-seq (Fig. 2A). 
Notably, γδ T cells, with the majority of γδ T cells expressing 
Vδ1 TCR, were partially clustered together with αβ T cells 
(Fig. 2A and B). When the TCR module score analysis was per
formed on the constant TCR genes (Supplementary Table 1), 
the αβTCR score could not distinguish between αβ and γδ T 
cells, and 14.3% of genuine γδ T cells were defined as putative 
αβ T cells (Supplementary Fig. 2A–C). In contrast, after incorp
orating the constant and variable TRA/TRB and TRD genes into 
the analysis (Supplementary Table 1), the genuine γδ T cells 
and αβ T cells formed two distinct populations on TCR scores 
(Fig. 2C–E), and the area under the receiver-operating charac
teristic curve value of this classifier is 0.98 (Fig. 2F). The vast 
majority of genuine and putative γδ T cells were overlapped 
on the UMAP (Fig. 2A and G).

Fig. 2. Identification of tissue-resident genuine γδ T lymphocytes. Reanalysis of the Merkel cell carcinoma tumor-infiltrating CD3+ T lymphocytes (3,498 
cells) dataset. (A) Genuine T cell subtypes on UMAP. (B) TCR-δ chain usage on UMAP. (C) TCR module scores calculated on TRA/TRB vs TRD genes. (D) 
Proportions of genuine T subtypes in putative T cell populations. (E) Proportions of putative T subtypes in genuine T cell populations. (F) 
Receiver-operating characteristic curve of 2 models (Supplementary Fig. 2A and C). (G) Putative γδ T cells and αβ T cells on UMAP.
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Fig. 3. Evaluation of γδ T lymphocytes identification strategy on a 5′-end dataset. Reanalysis of the human liver perfusates CD3+ T lymphocytes (25,254 
cells) dataset (GSE200173). (A) UMAP of T cells. (B) αβTCR positive and αβTCR negative cells on UMAP. (C) TCR module scores calculated on TRD vs TRA/ 
TRB genes. (D) Proportions of αβTCR positive and αβTCR negative cells in putative cell populations. (E) Proportions of putative T subtypes in αβTCR 
positive and αβTCR negative populations. (F) TCR gene module scores of Vγ9Vδ2+ cells calculated from TRD vs TRA/TRB genes. (G) Vδ2 and αβTCR 
expression of Vγ9Vδ2+ cells. Proportions of captured γδ T cells in panels (F) and (G) were indicated. (H) Putative γδ and αβ T cells on UMAP.
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Fig. 4. Evaluation of a γδ T lymphocyte identification strategy on a multiorgan dataset. Reanalysis of the multiorgan CD3+ T lymphocytes (183,680 cells) 
dataset (E-MTAB-11536). (A) UMAP of T cells: cluster annotations were taken from the original publication.22 (B) Tissue distribution of detected γδTCR. 
(C) Cells with detected γδ or αβ CDR3s (genuine γδ or αβ TCR) on TCR module scores calculated on TRD vs TRA/TRB genes. (D) Proportions of putative T 
subtypes in genuine T cell populations. (E) All cells on TCR gene module scores. The dashed line in panels (C) and (E) indicates the same thresholds for 
low and high TCR module scores. (F) Tissue distribution of putative γδ T cells. (G) Putative γδ T and αβ T cells on UMAP. BLD = blood; BMA = bone marrow; 
CAE = cecum; DUO = duodenum; ILE = ileum; JEJEPI = jejunum epithelial; JEJELP = jejunum lamina propria; LIV = liver; LLN = lung-draining lymph nodes; 
LNG = lungs; MLN = mesenteric lymph nodes; OME = omentum; SCL = sigmoid colon; SKM = skeletal muscle; SPL = spleen; TCL = transverse 
colon; THY = thymus.
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3.3 Demonstration of γδ T cell identification on a 
5′-end scRNA-seq dataset with CITE-seq
To assess the efficacy of our approach for identifying γδ T cells, we 
reanalyzed a dataset of CD45+ lymphocytes from human liver per
fusates prepared with the 5′-end scRNA-seq plus CITE-seq strat
egy.20 Within this dataset, 25,254 CD3+ T cells were clustered as 
CD4+ T cells, CD8+ T cells, MAIT cells, and Vγ9Vδ2+ T cells based 
on the transcriptome and cellular surface proteins (Fig. 3A and 
Supplementary Fig. 3A). Cells were classified into αβTCR+ or 
αβTCR− groups based on the protein expression (Supplementary 
Fig. 3B). In addition to Vγ9Vδ2+ T cells, a substantial proportion 
of CD8+ T cells were observed to lack αβTCR expression (Fig. 3B). 
αβTCR+ or αβTCR− cells were separated into 2 distinct populations 
by γδTCR and αβTCR module scores (Supplementary Table 1), 
89.5% of cells in the putative γδ T cells were αβTCR− cells, while 
84.9% of putative αβ T cells were αβTCR+ cells (Fig. 3C–E and 
Supplementary Fig. 3C and D). Among the Vγ9Vδ2+ T cell cluster, 
77.0% of cells were classified as captured γδ T cells by TCR module 
scores, while the Vδ2 expression from CITE-seq identified 85% of 
cells as captured γδ T cells (Fig. 3F and G). The distribution of pu
tative γδ T cells was similar to αβTCR-negative cells (Fig. 3B and H), 
with cells overlapping with CD8+ T cells mainly expressing TRDV1 
or TRDV3 genes (Supplementary Fig. 3E).

3.4 Assessment of modular TCR analysis for 
identifying γδ T cells from 3′-end scRNA-seq 
datasets
Next, we expanded our analysis to a 3′-end scRNA-seq dataset of 
tumor-infiltrating T cells in primary liver cancer.21 We found that 
using TRD based γδTCR module score to identify γδ T cells did not 
yield a better result compared with using TRDC expression. Both 
methods defined a similar number of γδ T cells (Supplementary 
Fig. 4A–D and Supplementary Table 1). Indeed, the TRDV genes 
were rarely captured in the 3′-end scRNA-seq datasets 
(Supplementary Fig. 4E).

3.5 Identifying γδ T cells by TCR module score 
from multiorgan T cell atlas
Finally, to further assess the ability of our solution for identifying 
γδ T cells from large datasets, we reanalyzed a heterogeneous 
single-cell atlas comprising a total of 183,680 T cells from 16 dif
ferent tissues obtained from 12 deceased organ donors.22

Sixteen T cell subpopulations were defined by Domínguez Conde 
et al. (Fig. 4A).22 sc-αβTCR-seq and sc-γδTCR-seq were performed 
on a small number of samples in this dataset, resulting in 599 
genuine γδ T cells (mainly from spleen and bone marrow) and 
68,426 genuine αβ T cells (mainly from lung-draining lymph no
des, mesenteric lymph nodes, spleen, and jejunum) (Fig. 4B and 
Supplementary Fig. 5). TCR module score analysis based on TRD 
and TRA/TRB genes was first performed on genuine γδ T cells 
and αβ T cells to set up the gate for γδ T cells (Supplementary 
Table 1). A total of 86.1% of genuine γδ T cells were defined as γδ 
T cells by TCR module scores (Fig. 4C and D). Next, we applied 
the same gate for all the T cells in the dataset, and 10,110 putative 
γδ T cells were identified, mainly from lung-draining lymph nodes, 
mesenteric lymph nodes, spleen, and jejunum (Fig. 4E and F). 
Notably, apart from the originally defined γδ T cell clusters 
(Tgd_CRTAM+ and Trm_Tgd), a substantial part of the putative 
γδ T cells were from originally defined CD8+ memory T cell clus
ters, highlighting the phenotypic overlapping between γδ T cells 
and CD8+ αβ T cells (Fig. 4A and G).

4 Discussion
In this study, we propose a solution to efficiently define γδ T cells 
from scRNA-seq datasets by computing the TCR gene module 
scores based on TRD genes and TRA/TRB genes. The γδ T cells in 
T cell datasets formed a γδTCR score high, αβTCR score low popu
lation by the TCR module scores. We found that this modular TCR 
score analysis for identifying γδ T cells was as efficient as 
sc-γδTCR-seq. We tested this method on 5 different datasets, in
cluding a heterogenous multiorgan cell atlas, and our results 
showed that the identification of γδ T cells by TCR gene module 
scores was simple and reliable on 5′-end scRNA-seq datasets.

All the genuine γδ T cells were featured as γδTCR score high and 
αβTCR score low in our tested datasets. In contrast, some of the 
genuine αβ T cells display intermediate γδTCR scores. This phenom
enon was even more pronounced when TRG genes were included in 
the calculation of γδTCR score. The expression of TRD/TRG genes in 
αβ T cells can be traced back to the intrathymic T cell development. 
Heterogeneous CD4−CD8− (double negative [DN]) thymocytes give 
rise to both αβ and γδ T cell lineages. The lineage commitment of 
αβ T cells and γδ T cells starts from the DN2 stage when TRD, TRG, 
and TRB gene loci begin to rearrange concurrently and is completed 
in the DN3b stage.24 When a productive β chain is rearranged, it can 
form a pre-TCR by pairing with an invariant pTα. The resulting 
pre-TCR serves to pass a checkpoint termed β-selection for αβ lineage 
development.25,26 However, rearranged TRG gene does not prevent 
thymocytes from passing β-selection, thus some αβ T cells can still 
preserve rearranged TRG loci and continue to transcribe TRG 
genes.5,27 Conversely, it is unclear whether the committed γδ thymo
cytes can have productive TCR-α or β segment rearrangement.6,28–30

Some non-Vδ2 γδ T cells share a similar transcriptome profile 
with cytotoxic CD8+ αβ T cells.2,17 Indeed, as we observed in our re
sults, γδ T cells and CD8+ αβ T cells frequently clustered together 
by transcriptome analysis. To this end, we used the TCR module 
scores to successfully identify genuine γδ T cells.

Our TCR module score method is limited in improving the γδ T cell 
identification when applied on 3′-end scRNA-seq datasets. Mainstream 
scRNA-seq methods capture messenger RNA molecules from either 
the 3′ end or the 5′ end, and the majority of sequencing reads cover 
around 200 to 300 bp length from the respective end.31,32 In a rear
ranged TCR gene, the constant region maps to the 3′ end, while the 
variable region is closer to the 5′ end. Conceivably, the 5′-end 
scRNA-seq methods are more sensitive in capturing variable TCR 
genes,33 whereas the identification of γδ T cells in 3′-end RNA-seq 
data is mainly based on the constant TCR genes, and incorporating 
the variable TCR genes does not significantly improve the resolution.

5 Conclusion
Accurately identifying γδ T cells in scRNA-seq datasets is essential for 
studying the biology of this important but understudied T cell subset. 
Our analysis strategy, based on calculating gene module scores for 
constant and variable TCR genes, demonstrated high sensitivity 
and stable performance across different tissue datasets and γδ T 
cell subtypes. The adoption of this method as a standardized tool 
will facilitate the in-depth reanalysis of γδ T cells from existing 
scRNA-seq data, thus enabling us to gain insights into the heterogen
eity and diversity of γδ T cells in different tissues and disease states.
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Supplementary figure legends 

Supplementary Fig. S1 Overview of the scRNA-seq dataset on PBMC CD3+ T 

cells 

A UMAP of T cells in Fig. 1. Cells are colored by subtypes. B Marker gene 

expression of cell populations in A. C γδ and αβ T cell on UMAP. D TCR δ chain 

usage of γδ T cells. Cells are colored by indicated TCR δ chain. E Number of non-

Vγ9Vδ2 γδ T cells distributed in each clusters. F Gene expression of indicated 

γδTCR genes. G,H Violin plots showing the γδTCR and αβTCR score for each 

clusters. The dashed line indicates the cutoff for annotating putative γδ T cells in Fig. 

1.   

Supplementary Fig. S2 TCR gene module score on constant TCR genes 

A-C T cells in Fig. 2 on TCR module scores calculated based on the constant TCR 

genes. Dashed line in A is the cutoff for annotating putative γδ T cells. 

Supplementary Fig. S3 Overview of the 5’ end scRNA-seq dataset on human 

liver perfusates CD3+ T lymphocytes 

A Marker gene and protein expression on cell populations in Fig. 3. B-D Violin plots 

showing the expression αβTCR protein, γδTCR module score, and αβTCR module 

score of cell populations. Dashed line indicates the cutoff for annotating cell type in 

Fig. 3. E TRDV1, TRDV2, TRDV3 expression on UMAP. 

  

Supplementary Fig. S4 Overview of the 3’ end scRNA-seq dataset on primary 

liver cancer infiltrated CD3+ T lymphocytes 

A T cells in Fig. 4 on TCR module scores calculated based on the TRC and TRV 

genes. B Putative γδ T cells on UMAP. C T cells in A on TCR module scores 



calculated based on the TRC genes. D-E TRDC, TRDV1, TRDV2, TRDV3 gene 

expression on UMAP. 

Supplementary Fig. S5 Tissue distribution of detected αβTCR. 
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Abstract
Background  Alloreactive T cells mediate graft-versus-leukemia (GvL) reactions and acute graft-versus-host disease 
(aGvHD) in AML patients following allogeneic hematopoietic stem cell transplantation.

Methods  To investigate biomarkers that identify alloreactive T cells associated with either beneficial GvL or 
detrimental aGvHD, we collected graft samples and two post-transplant follow-up blood samples (day 30 and day 
100) of ten AML patients undergoing hematopoietic stem cell transplantation and profiled over 777,000 CD45+ 
leukocytes in total by combinatorial barcoding-based mega-scale single-cell RNA sequencing.

Results  Using immune receptor sequences as intrinsic clonal barcodes, we observed that especially CD8+ graft-
derived T cells persisted and displayed enhanced proliferation, clonal expansion, and likely alloreactivity. Notably, 
patient-derived peripheral leukocytes that survived the conditioning, as identified by sex-chromosome-related 
genes, were primarily CD4+ T helper cells. MDGA1 expression on T cells and NK cells emerged as a novel biomarker 
potentially associated with aGvHD. Additionally, we observed a significant deficiency of ADGRG1 expression, a marker 
of alloreactive cytotoxic T cells, by αβ and γδ T cells from relapsed patients.

Conclusions  In conclusion, mega-scale single-cell monitoring of graft and hematopoietic immune cell 
reconstitution allowed us to demonstrate that MDGA1 and ADGRG1 may function as complementary biomarkers 
expressed by distinct circulating T cells that are associated with divergent outcomes in AML patients, enabling precise 
risk stratification of alloHSCT outcomes and presenting potential therapeutic targets.
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Background
Allogeneic hematopoietic stem cell transplantation 
(alloHSCT) remains the only curative therapy in acute 
myeloid leukemia (AML). [1] In alloHSCT, the elimina-
tion of residual leukemia cells surviving the preparative 
regimen is primarily driven by engrafted alloreactive 
lymphocytes, especially by αβ T cells through the GvL 
effect. [2, 3] However, alloreactive T cells responding to 
alloantigens and/or minor histocompatibility antigens 
on recipient cells are also involved in the pathogenesis of 
graft-versus-host disease (GvHD). [4, 5] Based on clinical 
symptoms, GvHD is classified as acute GvHD (aGvHD) 
or chronic GvHD, with aGvHD characterized by severe 
inflammation typically affecting the gastrointestinal tract, 
skin, and liver[6–8].

The failure of graft-versus-leukemia (GvL) reactivity 
leads to relapse (REL) which is the main cause of post-
alloHSCT mortality. [9] To overcome this, clinical strat-
egies aim at augmenting GvL while minimizing GvHD 
through graft composition modification. [10] However, 
there is a positive correlation between GvL and GvHD in 
AML patients. [11–13] Notably, depleting alloreactive αβ 

T cells from graft before infusion has shown significant 
improvement of the chronic GvHD-free, relapse free sur-
vival probability in pediatric leukemia patients. [14, 15] 
This benefit is partly attributed to natural killer (NK) cells 
and γδ T cells, which exert potent antileukemic effects in 
a major histocompatibility complex (MHC)-independent 
way [16–18].

Despite advancements in graft engineering, some AML 
patients undergoing alloHSCT treatment still relapse 
or develop aGvHD, highlighting the need for identi-
fying robust biomarkers for rapid diagnosis and early 
interventions of alloHSCT-associated GvL and aGvHD. 
Recently, using single-cell RNA sequencing (scRNA-seq), 
ADGRG1 (GPR56) and ZNF683 (HOBIT) were identified 
as biomarkers of alloreactive CD8+ cytotoxic T lympho-
cytes linked to effective antileukemia response, that were 
significantly enriched in the bone marrow of patients 
achieving complete remission (CR) following alloHSCT. 
[19–21] However, whether the predictive value of these 
biomarkers extends to expression by other cytotoxic 
T cells, such as γδ T cells, in peripheral blood remains 
unexplored.

Keywords  Mega-scale scRnAseq, AML, alloHSCT, αβ and γδ T cell persistence, aGvHD, GvL
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Furthermore, a recent CyTOF-based study revealed 
that CD11b+ CD163+ monocytes and CXCR3+ T cells 
appear in the blood and accumulate in the skin and gas-
trointestinal (GI) tract at the onset of aGvHD [22, 23], 
highlighting the power of high-throughput technologies 
in advancing biomarker discovery. Recent advances in 
scRNA-seq now enable large-scale, transcriptome-wide 
identification of novel aGvHD biomarkers across all 
immune cell populations in peripheral blood and biopsy 
samples [19–21, 24].

Methods
Clinical cohort and patient samples
Ten adult ( > 18y) patients with AML in complete remis-
sion who underwent alloHSCT with peripheral blood 
stem cell grafts (matched unrelated, n = 8; matched 
related, n = 2) in the Department for Stem Cell Trans-
plantation of University Cancer Center Hamburg-Eppen-
dorf from December 2021 to May 2022 were included in 
this study (Table 1). The study was approved by ethics 
commission of the Medical Chamber of Hamburg and 
was performed according to the approved study pro-
tocol (version 1.1 from 01.11.2021). Written informed 
consent was obtained from all participants. The major-
ity of patients received myeloablative conditioning 
(n = 7) with ATG-based immunoablation (n = 9). After a 

median follow-up of 20 months (18–22), three patients 
died (relapse, n = 2; NRM, n = 1). The relapses occurred 
on days +149 and +622. Five patients developed acute 
GvHD (II-IV) at a median of 57 days (19–136). The eight 
patients remained alive in complete remission at the last 
follow-up.

Peripheral blood stem cell graft samples were collected 
at the time of transplantation and were cryopreserved on 
the next day. The PBMC samples of recipients were col-
lected at day +30 (D30) and day +100 (D100) and were 
cryopreserved on the same or the following day. Mono-
nuclear cells were isolated using a Ficoll gradient and 
cryopreserved in DMSO until they were used for single 
cell analysis.

scRNA-seq library preparation and sequencing
All DAPI− (Thermo Fisher Scientific Cat# D1306) 
(RRID:AB_2629482) live cells were sorted from fro-
zen PBMC samples at the flow cytometry core facil-
ity of University Medical Center Hamburg-Eppendorf 
(RRID:SCR_017156). The sorted cells were fixed and 
permeabilized using Evercode™ Cell Fixation v2 (Parse 
Biosciences, Cat. ECF2001) following the manufacturer’s 
protocol. Fixed cells were stored at −80 °C. All samples 
were then processed together to prepare single-cell 
libraries using one Evercode™ WT Mega v2 Kit (Parse 

Table 1  A. Clinical characteristics of patients. MUD: Match unrelated donor; MRD: Match related donor; MAC: Myeloablative 
conditioning; RIC: Reduced-intensity conditioning; BU: Busulfan; Flu: Fludarabine; pCy: Post-transplant cyclophosphamide; TT: Thiotepa; 
ATG: Anti-thymocyte globulin; Treo: Treosulfan; TBI: Total body irradiation; NRM: Non-relapse mortality. B. Sample information. Available 
samples for the single-cell experiment are indicated
Patient Age/sex ELN 2022 Donor Conditioning Protocol aGvHD (II-IV) cGvHD Relapse NRM Death
A
REL_1 36/f intermediate MUD MAC Bu/Flu/pCy no 0 yes no yes
REL_2 68/m adverse MUD RIC TT/Bu/ATG yes 0 yes no no
CR_1 47/f intermediate MUD MAC TT/Bu/ATG yes moderate no no no
CR_2 56/m intermediate MUD RIC TT/Bu/ATG yes severe no no no
CR_3 38/m favorable MRD MAC TT/Bu/ATG no 0 no no no
CR_4 52/f intermediate MUD RIC Treo/Flu/ATG yes 0 no yes yes
CR_5 67/f intermediate MUD MAC TT/Bu/ATG yes 0 no yes yes
CR_6 68/m favorable MUD MAC TBI/Flu/ATG no moderate no no no
CR_7 68/f intermediate MUD MAC TBI/Flu/ATG no 0 no no no
CR_8 30/f favorable MRD MAC TT/Bu/ATG no 0 no no no
B
Patient Graft sample D30 sample D100 sample
REL_1 no yes yes
REL_2 yes yes yes
CR_1 yes yes yes
CR_2 yes yes yes
CR_3 yes yes yes
CR_4 yes yes no
CR_5 yes yes no
CR_6 yes yes no
CR_7 yes yes yes
CR_8 yes yes no
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Biosciences, Cat. ECW02050), according to the manufac-
turer’s instructions. Fifteen sub-libraries were sequenced 
on the Illumina NovaSeq 6000 S4 flow cell platform 
(RRID:SCR_016387) using PE150 chemistry with a 
sequencing depth of 25,000 reads per cell.

Preprocessing and dimensional reduction of scRNA-seq 
data
Raw fastq data were aligned to human genome assembly 
GRCh38 (hg38, Annotation release 109) and quantified 
using split-pipe software suite (Parse Biosciences, v1.1.1). 
The filtered feature-barcode matrices containing only cel-
lular barcodes (Valid cell barcodes: 777 920; Median tran-
scripts/cell: 5 931; Median genes/cell: 2 511) were used 
for further analysis. Single cell gene expression matrices 
were analyzed using Seurat (5.1.0, RRID:SCR_016341) 
[25]. To maximize cell retention, a relative broad thresh-
old was first set to clean the data with n_genes < 8 500, 
n_transcripts < 60 000, and percent_mito < 25%. After 
normalization, we sketched 10 000 cells of each donor 
and performed integration on the sketched cells using 
Harmony algorithm [26] based on donors. Dimensional 
reduction of the integrated sketched matrix was per-
formed using Uniform Manifold Approximation and Pro-
jection (UMAP, RRID:SCR_018217) [27] with the first 14 
principal components. Clustering was done by construct-
ing a k-nearest neighbors graph and identifying groups 
of cells using the original Louvain algorithm [28] with 
resolution of 2.0. Clusters were annotated based on the 
expression of canonical marker genes and three popula-
tions representing doublets (doublets number: 26,111, 
doublets ratio: 3.36%) were annotated.

Major immune cell populations—including T cells, NK 
cells, B cells, monocytes, and dendritic cells—were subset 
and analyzed using Scanpy (v1.10.3, RRID:SCR_018139) 
[29, 30]. For each subset, preprocessing was performed 
using stringent quality control thresholds: n_genes < 5 
000, n_transcripts < 15 000, and percent_mito < 10%. 
Putative doublets were identified and removed using 
the Scrublet algorithm (RRID:SCR_018098) [31]. For 
each sample, the top 3000 highly variable genes (HVGs) 
were identified. Hemoglobin genes, unannotated genes, 
mitochondrial genes, heat shock proteins, and ribo-
somal genes were excluded from HVGs. Integration was 
performed based on samples using Harmony algorithm 
(RRID:SCR_022206) [26]. Clustering was performed by 
constructing a k-nearest neighbors graph (k = 10) using 
the first 40 principal components from Harmony-cor-
rected embeddings. Cell clusters were identified using 
the Leiden algorithm [32] with a resolution of 0.6. A 
PAGA [33] graph was computed to infer connectivity 
between clusters, and UMAP [27] embedding was initial-
ized using the PAGA positions for better preservation of 
global topology. Clusters were annotated based on the 

expression of canonical marker genes and by referencing 
previously published gene modules [34].

γδ T cells were distinguished from αβ T cells based on 
their transcriptomic profiles using an in-house developed 
algorithm [35] and were annotated using reference gene 
modules [36].

Immune repertoire reconstitution and analysis
Immune repertoire was reconstituted from transcrip-
tome using TRUST4 algorithm (RRID:SCR_026162) 
[37]. Briefly, TRUST4 performed de novo assembly of 
V, J, and C gene segments, including the hypervariable 
complementarity-determining region 3 (CDR3), to gen-
erate consensus contigs of BCR/TCR sequences. These 
contigs were then realigned to IMGT reference gene 
sequences to annotate V(D)J gene usage and CDR3 fea-
tures. Only functional BCR/TCR with valid cell barcodes 
were retained for downstream analysis. CDR3 amino acid 
sequences were used to define unique clonotypes. Top 
three clonally expanded TCR β chain were employed to 
perform clone-matched analysis.

Differentially expressed genes and enrichment analysis
To mitigate the ‘drop-out’ effect associated with lowly 
expressed genes in single-cell data, functional analyses 
of CD8+ T cells were performed at the pseudo-bulk level 
rather than at the single-cell level. Specifically, CD8+ T 
cells from each sample (graft and follow-up) were aggre-
gated by summing gene-level counts to create pseudo-
bulk expression profiles. Differential expression analysis 
(DEA) was conducted using DESeq2 (RRID:SCR_015687) 
[38], and functional enrichment was assessed using the 
Over Representation Analysis (ORA) method imple-
mented in decoupleR (RRID:SCR_027127) [39]. Gene 
set activity was inferred using the Hallmark gene sets 
from the Molecular Signatures Database (MSigDB) 
(RRID:SCR_016863) [40].

Donor-recipient cell demultiplexing based on sex-specific 
gene expression
To distinguish recipient-derived cells in sex-mismatched 
post-transplant samples, demultiplexing was performed 
based on the expression of sex-specific genes. Expression 
of Y chromosome–linked genes (UTY, DDX3Y, USP9Y, 
RPS4Y1, RPS4Y2, EIF1AY, KDM5D, PRY, PRY2, DAZ1, 
DAZ2, DAZ4, ZFY, AMELY, TBL1Y, PCDH11Y) and 
X chromosome–linked genes (XIST, TSIX) was used to 
compute gene expression scores (Chr_Y_gene_score and 
Chr_X_gene_score) using the scanpy.tl.score_genes func-
tion from the Scanpy package. Female patient-derived 
(recipient) cells were identified based on low Chr_Y_
gene_score and high Chr_X_gene_score.
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Quantitative PCR to measure MDGA1 expression in T cells
Total RNA was extracted from sorted T cells obtained 
from three patients without aGvHD and four patients 
with aGvHD before treatment using the RNeasy Mini 
Kit (Qiagen, Cat. 74,106) according to the manufac-
turer’s instructions. RNA concentration and purity were 
assessed using a Qubit RNA BR Assay Kit (Invitrogen, 
Cat. Q10210). Complementary DNA (cDNA) was syn-
thesized from 30 ng of total RNA using the SMART-
Scribe Reverse Transcriptase (Takara, Cat. 639,536). 
Quantitative PCR (qPCR) was performed on a Quant-
Studio 3 Real-Time PCR System (Applied Biosystems) 
using PowerUp SYBR Green PCR Master Mix (Thermo 
Fisher Scientific, Cat. A25742). Gene-specific primers 
were designed to amplify MDGA1 and the housekeeping 
gene GAPDH as an internal control. Each reaction was 
run in triplicate in a total volume of 10 µL under stan-
dard cycling conditions: 95 °C for 10 min, followed by 40 
cycles of 95 °C for 15 s and 60 °C for 1 min. Ct values were 
obtained using the QuantStudio software (v1.7). Relative 
MDGA1 expression was calculated using the 2− ΔΔCt 
method, with GAPDH serving as the reference gene 
and the non-aGvHD group as the reference group. The 
sequences of qPCR primers are MDGA1_F: ​C​A​T​C​C​T​G​
A​C​C​G​A​T​C​T​C​C​G​T​G, MDGA1_R: ​G​T​A​G​T​G​G​A​T​G​A​T​G​
C​G​G​G​A​G​G, GAPDH_F: ​T​C​A​A​G​G​C​T​G​A​G​A​A​C​G​G​G​A​
A​G, and GAPDH_R: ​C​G​C​C​C​C​A​C​T​T​G​A​T​T​T​T​G​G​A​G.

Reanalysis of public datasets
For MS [41] dataset, processed AnnData objects were 
obtained from the original publications.

For the cytokine treated PBMC dataset [42], we 
obtained the AnnData object of all PBMCs and sub-
set T cells. After log-normalization, the proportion of 
MDGA1+ cells was calculated for each sample. Fold 
change was computed relative to the PBS-treated base-
line within each donor, and log₂ fold change (log₂FC) 
values were transformed accordingly. Paired statistical 
comparisons between cytokine-treated and PBS-treated 
samples from the same donor were performed using 
two-tailed paired t-tests. To visualize the results, volcano 
plots were generated by plotting log₂FC against –log₁₀(p-
value). Points were color-coded based on statistical sig-
nificance (p < 0.05) and direction of change.

For the alloHSCT transplantation [43] dataset, raw 
matrix was obtained from the original publications and 
processed with the code from the authors. ADGRG1 
feature was calculated based on the top 20 upregulated 
genes of ADGRG1+ T cells (ADGRG1, GZMB, FGFBP2, 
CX3CR1, GZMH, EFHD2, GNLY, NKG7, SPON2, CLIC3, 
PRF1, FCGR3A, ZEB2, KLRD1, TRGC2, S1PR5, CST7, 
SSBP3, TTC38, PLEK) [21] using the scanpy.tl.score_
genes function from the Scanpy package.

Statistical analysis
Statistical analyses were performed using using Python 
(v3.9.18) with the scipy package (v1.12.0) for independent 
and paired t-tests (ttest_ind, ttest_rel), and Mann-Whit-
ney U test (mannwhitneyu). In Supplementary figures 
S3–S4, paired t-tests were conducted between selected 
timepoints (e.g., Graft vs. D30, D30 vs. D100, Graft vs. 
D100) for donors with matched samples. To control for 
multiple testing, Bonferroni correction was applied to 
adjust p-values. In Fig. 3F-G and Fig. 5A-C, two-tailed 
paired Student’s t-tests were performed to calculate 
p-values. In Fig. 4A-C, Fig. 4E-F, Fig. 4 H-I, Fig. 6F-H, 
two-tailed Student’s t-tests were performed to calculate 
p-values.

Results
Longitudinal single-cell immune profiling of AML patients 
undergoing alloHSCT
To profile the immune reconstitution dynamics in AML 
patients post-alloHSCT, we collected 25 samples from 
ten patients at three timepoints: prior to graft infusion 
(Graft, n = 9), 30 days post-transplantation (D30, PBMC, 
n = 10), and 100 days post-transplantation (D100, PBMC, 
n = 6) (Table 1). During the observation period, two 
patients experienced relapse and five developed aGvHD 
(Table 1). In total, approximately ten million live immune 
cells were sorted and used to generate scRNA-seq librar-
ies in a single experiment to minimize potential batch 
effects (Fig. 1A). After quality control, over 770,000 cells 
from the 25 samples were classified into eight major 
hematopoietic cell populations and three doublet clus-
ters, with a median of 29,000 cells per sample (Fig. 1B; 
Fig. S1A-D). Following an additional round of fine-tuned 
quality control and doublet removal, 45 immune sub-
types of αβ T cells, γδ T cells, NK cells, B cells, mono-
cytes, and dendritic cells (DCs) were annotated based on 
their canonical marker genes (Fig. 1C; Fig. S2A-F).

We next examined the hematopoietic reconstitu-
tion patterns after alloHSCT. Within the lymphocyte 
compartment, quantitative analysis showed a gradual 
increase of the T cell proportions and a rapid rise in NK 
cell proportions especially CD56 bright populations at 
D30, while B cells nearly disappeared at D30 and were 
only slowly reconstituted at D100 (Fig. S3A, S4A-G). 
Monocytes accounted for a substantial proportion of 
the graft samples and show a trend to decrease post-
alloHSCT (Fig. S3B, S4H). The overall DC proportion did 
not change except for an increase of preDC from D30 to 
D100 and a decrease of cDC1 on D30 (Fig. S3B, S4I-J). 
Interestingly, the hematopoietic stem cell (HSC) com-
partment and a population characterized by expression 
of MKI67 remained constant at all timepoints (Fig. S3C-
D). These findings provide a comprehensive, carefully 
annotated high resolution landscape of graft and immune 
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Fig. 1  Experimental design and annotation of immune cells. (A) Schematic experimental workflow. The number of patients and samples for each time-
point are denoted. AML, acute myeloid leukemia; MAC, myeloablative conditioning; RIC, reduced intensity conditioning; aGvHD, acute graft-versus-host-
disease; G-CSF, granulocytes colony stimulating factor. (B) Uniform Manifold Approximation and Projection (umap) of 777,530 PBMC transcriptomes 
(including doublets). Each dot represents a cell or a doublet and is colored based on the cell type. Prolif. cells, proliferating cells; HSCs, hemopoietic stem 
cells. (C) UMAP of T cells, γδ T cells, NK cells, B cells, monocytes, and dendritic cells (DCs) with post-QC cell number indicated. Cells are colored by subtypes 
and the cluster ID are shown
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reconstitution in AML patients following alloHSCT 
treatment.

Graft-derived αβ T cells and γδ T cells persist in the host 
environment with activated transcriptional profiles 
consistent with alloreactivity
The sustained presence of engrafted immune cells in 
peripheral blood is a key indicator of successful hema-
topoietic chimerism. To track the graft-derived immune 
cells over time, the highly variable sequences of immune 
receptor genes were used as intrinsic molecular identifi-
ers for individual T and B cell clones. We employed the 
TRUST4 algorithm [37] to reconstruct the αβ/γδ T cell 
and B cell receptor (TCR/BCR) repertoires from the tran-
scriptomic data (Fig. S5A-C). The CDR3s of TCR β chain, 
TCR δ chain, and BCR heavy chain, which were distinct 
among individuals, were used to trace the graft-derived 
αβ T cells, γδ T cells, and B cells respectively (Fig. S5D-
G). We consistently identified multiple shared TCR β and 
TCR δ clones, but no overlapping immunoglobulin heavy 
chain (IGH) clones in paired graft and post-alloHSCT 
samples from the same patients (Fig. 2A–C). These find-
ings indicate that donor-derived αβ and γδ T cell clones 
persisted in the host circulation after transplantation. 
At the same time, no persistent donor B cell clones were 
detected, which is consistent with previous studies. [43–
45] The presence of shared TCR clones between graft and 
post-transplant time points confirmed successful long-
term survival of donor T cells.

The most prominent persisting engrafted T cell clones 
were CD8+ T cells. To further characterize their phe-
notype and differentiation in the host environment, we 
monitored their clonal expansion and differential gene 
expression post-alloHSCT. Clone-matched analysis of the 
top three most expanded TCR β clones revealed expan-
sion and phenotypic conversion of CD8+ T cell clones 
to proliferating CD8+ memory or terminally differenti-
ated Temra T cells after alloHSCT (Fig. 2D; Fig. S5H-J). 
Concurrently, genes upregulated in post-alloHSCT CD8+ 
T cells were significantly enriched in cell cycle–related 
and metabolic pathways, indicating an antigen-experi-
enced, activated status of these graft-derived T cells (Fig. 
2E–G). Taken together, these results suggest that persis-
tent donor T cells receive ongoing TCR-mediated signals 
within the host immune environment and are potentially 
alloreactive. However, homeostatic proliferation and 
responses to viral reactivation may also contribute to 
activation of persisting donor T cells.

Some host-derived T cells survive conditioning and 
alloHSCT treatment
Measurable (minimal) residual disease (MRD) is a 
strong indicator of the risk of relapse of AML patients 
after alloHSCT treatment. We thus employed the single 

nucleotide polymorphism-based demultiplexing algo-
rithm-souporcell [46] to find potential host-derived 
MRD, however we did not detect re-appearing leukemia 
cells using this tool. However, we could successfully use 
sex-chromosome-related genes to distinguish the cell 
origin in female patients who received the male-derived 
grafts (Fig. 3A). Compared with the cells from male 
patients who received male grafts, we observed a distinct 
cell population comprising 1,087 cells characterized with 
high chromosome X gene score and low chromosome Y 
gene score (Fig. 3A–C). Notably, 98.4% (1,070 of 1,087 
cells) of these cells originated from post-transplantation 
samples, which served as an internal control validating 
our method to detect residual host leukocytes (Fig. S6A). 
After excluding the 17 graft-derived cells as false-positive 
the remaining 1,064 cells were classified as residual host 
cells for downstream analysis (Fig. 3C; Fig. S6B). Across 
all samples, residual host cells predominantly consisted 
of T cells (Fig. 3D; Fig. S6C). Within these residual T 
cell populations, we observed a dominant proportion of 
CD4+ T cells relative to CD8+ T cells—opposite to the 
distribution seen in donor-derived T cells (Fig. 3E–F). 
In particular, terminally differentiated and proliferative 
CD8+ T cell subsets were missing within the host-derived 
compartment (Fig. 3G). Collectively, high-throughput 
scRNA-seq analysis reliably identified residual female 
host cells in the peripheral blood following male-to-
female alloHSCT, revealing that the T cell composition 
of host-derived cells was distinctly different from that of 
engrafted donor T cells.

MDGA1 marks aGvHD-associated T cells
AlloHSCT‑associated aGvHD is a systemic inflammatory 
syndrome triggered by tissue damage from the condi-
tioning regimen and subsequently sustained by donor-
derived T cells [47]. First, we systematically compared the 
abundance of distinct T cell subset between two aGvHD 
outcomes and observed a relative decrease inTreg cells, 
naive CD8+ cells, and CD8+ Tmem TIGIT+ populations 
in aGvHD patients at D30 (Fig. 4A–B). The latter popu-
lation is characterized by upregulation of exhaustion 
markers TIGIT and TOX with reduced cytotoxic gene 
expression like GZMB, PRF1, and CX3CR1 while main-
taining the expression of memory markers including 
TCF7, and SELL (Fig. S2A). These CD8+ TIGIT+ Tmem 
cells have been described as an exhausted yet persistent 
subset that may play a regulatory role during chronic 
antigen exposure. Their relative depletion may contrib-
ute to unchecked immune activation in aGvHD, although 
this remains speculative and warrants functional vali-
dation. Meanwhile, we observed a larger population of 
naïve CD8+ Tnv in aGvHD patients at D30, although 
the difference was not statistically significant (Fig. 4C). 
Next, we investigated whether in contrast to the subtle 
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Fig. 2  Comparison of immune repertoire overlap and differentially expressed genes of CD8+ T cells between graft and follow-up samples. (A-C) the 
Complementary Determined Region 3 sequences (CDR3s) of T Cell Receptor (TCR) beta chain (A), TCR delta chain (B), and B Cell Receptor (BCR) heavy 
chain (C) are used to show the overlap of immune repertoire between different timepoints. (D) the three hyperexpanded TCR beta clones are shown on 
the T cell umap at three timepoints. Cells are colored by T cell subtypes. Pie plots on the shoulder are colored by the subtypes of T cells with indicated 
clones. The number shows the total T cell number with indicated clones at indicated timepoint.(E) Pathway analysis of differentially expressed genes of 
CD8+ T cells. (F-G) Enrichment of cell cycle and apoptosis gene signatures on CD8+ T cells
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Fig. 3  Characteristics of residual host cells in peripheral blood. (A-C) Chromosome X and chromosome Y related gene scores of all cells (doublets ex-
cluded) from 4 male-to-male transplantation (A), 5 female-to-male transplantation (B) patients and 1 female-to-female transplantation (C) patients. The 
female cells are gated. (D) Cell composition of major immune cell types from female patients gated in (B). Total cell counts per type are indicated. (E) T cell 
subtype composition from female patients gated in (B). Total cell counts per subtype are indicated. (F) Comparison of T cell population between donor- 
and patient-derived cells (patient-derived cells were gated in B, D, E). P-values were calculated using a two-sided paired Student’s t-test. (G) Differential 
abundance of T cell subtypes between four paired donor and patient (as indicated in F) at Day 30. Bars represent log2 Fold changes, with colors indicating 
cell origin. P-values were calculated using a two-sided paired Student’s t-test. p< 0.05 (*); P < 0.01 (**)
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Fig. 4  Identification of MDGA1+ T cells as a biomarker associated with aGvHD. (A) Differential abundance of T cell subtypes between different aGvHD 
outcomes at Day 30. Bars represent log2 Fold changes, with colors indicating aGvHD outcomes. P-values were calculated using a two-sided Student’s 
t-test. p < 0.05 (*). (B-C) Comparison of CD8 Tmem TIGIT (B) and CD8 Tnv (C) cells between different aGvHD outcomes over three timepoints. Lines are 
colored by aGvHD outcomes. P-values were calculated using a two-sided Student’s t-test. Not significant (ns). (D) Differentially expressed genes of post-
alloHSCT T cells between different aGvHD outcomes. Dots are colored by aGvHD outcomes. (E-F) Comparison of normalized MDGA1 UMIs of T cells be-
tween different aGvHD outcome at D30 (E) and D100 (F). Each dot represents one patient. P-values were calculated using a two-sided Student’s t-test. (G) 
Distribution of MDGA1-positive cells on the UMPA of all cells from aGvHD grade II-IV (left) and 0-I (right) samples. T and NK cells, B cells are indicated. (H-I) 
Comparison of normalized MDGA1 UMIs of NK cells between different aGvhd outcome at D30 (H) and D100 (I). Each dot represents one patient. P-values 
were calculated using a two-sided Student’s t-test. P-values were calculated using a two-sided Student’s t-test
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differences in cell population frequencies between dif-
ferent outcomes, aGvHD-driven systemic inflammation 
may exert a broader impact on the entire T cell compart-
ment. To further identify potential cellular biomarkers, 
we directly compared the differentially expressed genes 
(DEG) of T cells and identified several upregulated genes 
in the aGvHD group, such as PDE7B, MYOM2, KCNIP4, 
and MDGA1 (Fig. 4D). Of those genes, only MDGA1 
showed consistent and significant upregulation in all 
post-alloHSCT samples from aGvHD patients without 
individual dominance (Fig. 4E–F). MDGA1 encodes a 
glycosylphosphatidylinositol (GPI)-anchored cell surface 
glycoprotein, of which the function of in the immune 
system is currently unknown. We found that MDGA1 
was exclusively expressed by lymphocytes including T 
cells and B cells, but barely by myeloid cells (Fig. 4G). 
Notably, MDGA1 expression on NK cells was also sig-
nificantly upregulated in aGvHD patients (Fig. 4H–I). 
Together, these data suggest that MDGA1 expression 
by lymphocytes may be a candidate novel biomarker of 
aGvHD-associated inflammation. Nevertheless, although 
none of the patients included in this cohort experienced 
significant viral reactivation of CMV, EBV, HHV6, HSV 
or bacterial infection within the observation period, it is 
conceivable that responses to other pathogens may con-
tribute to induce MDGA1 expression.

MDGA1 expression is induced by proinflammatory 
cytokines
Next, we hypothesized that MDGA1 expression at the 
onset of aGvHD would be regulated by inflammatory 
cytokines. To validate this, we reanalyzed a publicly 
available scRNA-seq dataset which contains 10 million 
PBMCs from twelve healthy female and male donors 
treated with 90 different cytokines for 24 hours [42]. By 
systematically comparing the frequencies of MDGA1 
positive T in cytokine treated samples with PBS treated 
samples, we observed that treatment with pro-inflam-
matory cytokines such as IL-12, interferons, and TL1A 
consistently induced the expression of MDGA1 on CD4+, 
CD8+, and NK cells. Conversely, anti-inflammatory 
cytokines such as IL-4, IL-1Ra, IL-10, and TGF-beta1 
significantly downregulated the expression of MDGA1 
expression on T cells (Fig. 5A–B, Fig. S7A-B). Further-
more, we sought to validate the upregulation of MDGA1 
expression in T cells of aGvHD patients in an explor-
atory in vitro assay. Quantitative real time PCR analysis 
of sorted CD3+ cells showed indeed higher expression in 
T cells derived from alloHSCT‑associated aGvHD (Fig. 
S8). To additionally validate MDGA1 expression as a bio-
marker for other inflammatory diseases, we analyzed a 
large publicly available single-cell dataset of PBMCs from 
multiple sclerosis (MS) patients [41]. Consistently with 
our data, we noticed an increased expression of MDGA1 

on T cells in MS as compared to control samples (Fig. 
5D). Together, these results support the hypothesis that 
inflammatory cytokines induce MDGA1 expression 
on peripheral lymphocytes during aGvHD, with some 
patients exhibiting early upregulation prior to clinical 
onset, suggesting—though not definitively proving—a 
potential role in the preclinical phase of GvHD.

ADGRG1 marks GvL-associated cytotoxic T cells
Given recent evidences identifying ADGRG1 (GPR56) 
and ZNF683 (HOBIT) as biomarkers of alloreactive cyto-
toxic T lymphocytes mediating GvL in the bone marrow 
[19, 21], we investigated whether these markers were 
similarly informative in peripheral blood. We firstly com-
pared the expression patterns of ADGRG1 and ZNF683 
with those of classical cytotoxic genes in peripheral blood 
CD3+ T cells and observed that ADGRG1 consistently 
marked cytotoxic αβ T and γδ T cells (Fig. 6A–E, Fig. 
S9A-E). These findings indicate that ADGRG1 functions 
as a shared marker for both cytotoxic αβ T and γδ T cells 
in the peripheral blood of AML patients.

To explore if ADGRG1 expression on the peripheral 
T cells is associated with the remission status, we calcu-
lated the gene module score of ADGRG1 using the top 20 
upregulated genes of ADGRG1+ T cells identified in the 
bone marrow of AML patients. [21] To overcome the lim-
ited number of relapse patients in our cohort (n = 2), we 
incorporated a publicly available scRNA-seq dataset ana-
lyzing the graft and PBMCs at day 100 after alloHSCT. 
[43] That study by Obermayer et al. included single cell 
analysis of five alloHSCT patients treated for heterog-
enous underlying leukemia diseases, see supplementary 
table S3. Combined exploratory validation analysis sug-
gested that the ADGRG1 gene feature of CD8+ αβ T and 
γδ T was significantly reduced in patients who relapsed 
later (Fig. 6F). However, the ADGRG1 gene feature of 
CD8+ αβ T and γδ T are not associated with aGvHD (Fig. 
6G–H). These data are consistent with a recent report 
on bone marrow T cell signatures [21] and collectively 
suggest that ADGRG1 expression of circulating cyto-
toxic T cells also is a potential biomarker of effective GvL 
responses in AML patients following alloHSCT.

Discussion
AlloHSCT remains the standard of care for AML 
patients, but the lack of robust biomarkers for rapid 
diagnosis of complications, including GvHD, and risk 
stratification limits timely intervention and affects the 
optimization of clinical outcomes. In this study, we used 
a cutting-edge ultra-high throughput scRNA-seq strat-
egy to profile the reconstituted immune system at sin-
gle-cell resolution in AML patients. This allowed us to 
dynamically and longitudinally track the entire engrafted 
immune cell landscape and explore the association of 
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immune cell phenotypes with clinical outcomes, thereby 
enabling transcriptome-wide identification of novel bio-
markers of alloHSCT-associated GvL and aGvHD.

The advancement of combinatorial scRNA-seq enabled 
us to exponentially increase the data size without intro-
ducing technical batch effects, which is one of biggest 
challenges for scRNA-seq analysis. [48–52] We profiled 
the transcriptome of over 777,000 cells from 25 samples 
of ten patients in one single experiment. Based on these 
high-quality data, we confidently identified rare resid-
ual host-derived T cells using sex-chromosome-related 

genes. These host-derived T cells exhibited a markedly 
different phenotype compared to engrafted donor T cells 
with a lack of terminal differentiated CD8 T cells, which 
may underlie their impaired anti-leukemia activity.

Using the T cell receptor sequences as cell-intrinsic 
molecular identifiers, we observed multiple persistent 
αβ T and γδ T cell clones post-alloHSCT, which dis-
played alloreactivity characterized by clonal expansion 
and increased activity of the cell cycle pathway. Engrafted 
B cells were not found post-alloHSCT, which is consis-
tent with a previous study that chemotherapy during the 

Fig. 5  Screen cytokines for regulating MDGA1 expression. (A-C) Volcano plot showing significant changes in MDGA1-positive CD4+ T cells (A), CD8+ T 
cells (B), and NK cells (C) of samples treated with indicated cytokines compared with PBS-treated controls. The gray dashed line represents a significance 
threshold of p = 0.05. P-values were calculated using a two-sided paired Student’s t-test. (D) Comparison of normalized MDGA1 UMIs of T cells in PBMC 
between healthy donors and patients with multiple sclerosis. Each dot represents one patient. P-values were calculated using a two-sided Student’s t-test
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conditioning regimen resulted in an almost complete 
depletion of B cells. [53] Intriguingly, we did not observe 
persisting lymphocytes in REL patients, possibly leading 
to relapse due to lack of effective GvL. [19]

Recent studies have demonstrated that cytotoxic αβ T 
cells and γδ T cells are beneficial for alloHSCT treatment 

in AML patients. [14, 15, 19, 21] However, a universal 
biomarker of GvL-associated cytotoxic lymphocytes 
remains undefined. Recent studies found that the remis-
sion status of AML patients after alloHSCT was associ-
ated with an ADGRG1+ signature of CD8+ T cells in the 
bone marrow. Here, we identified ADGRG1 (also known 

Fig. 6  Characterize ADGRG1 expression on peripheral T cells. (A-D) Normalized gene expression on the T cell UMPA. (E) Dot plot showing the cytotoxicity-
related gene expression on T cell subtypes. (F) Comparison of ADGRG1 feature on CD8+ T and γδ T cells at D100 between two remission status. P-values 
were calculated using a two-sided Mann-Whitney U test. (G-H) Comparison of ADGRG1 feature on CD8+ T and γδ T cells between different aGvhd out-
comes at D30 (G) and D100 (H). P-values were calculated using a two-sided Mann-Whitney U test
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as GPR56) as a robust biomarker consistently expressed 
across peripheral cytotoxic αβ T, and γδ T cells, with cell 
abundance significantly correlated to AML remission 
status. Although our patient cohort contained only two 
REL patients, which clearly poses limitations on drawing 
general conclusions, this advocates for further exploring 
ADGRG1 expression by all subsets of cytotoxic T cells 
in the peripheral blood as a general and easily accessible 
biomarker for monitoring and predicting AML remission 
after alloHSCT. [20]

The discovery of MDGA1 as a potential novel bio-
marker for inflammation, and in particular for GvHD in 
AML patients after alloHSCT was only possible due pro-
filing of significantly larger numbers of cells and samples 
without introducing additional technical batch effects. 
Additionally, transcript detection sensitivity has been 
dramatically improved through the inclusion of random 
primers during reverse transcription. [48] Prior studies of 
aGvHD primarily focused on the known molecules asso-
ciated with immune cell functions, such as the chemo-
kine receptor CXCR3 on T cells and integrin CD11b on 
monocytes [22], while MDGA1 has not yet been associ-
ated with inflammatory lymphocytes and may thus rep-
resent a truly novel biomarker. Also, MDGA1 expression 
at the cell surface would make it tangible for detection by 
flow cytometry and thus qualify as an easily accessible 
biomarker. However, anti MDGA1 monoclonal antibod-
ies are not commercially available, which also precludes 
protein-level validation in this study. Moreover, patients 
included in the current cohort were heterogenous, not 
all patients developed aGvHD on D30. While we here 
focused on high resolution reconstruction of the dynam-
ics of post-transplantation immune cell reconstitution, 
including the discovery of the novel putative aGvHD bio-
marker MDGA1, the small and heterogeneous patient 
cohort remains a major limitation of this study. There-
fore, these findings should be interpreted as hypothe-
sis-generating and robustness of MDGA1 as an aGvHD 
biomarker and its precise role in inflammatory responses 
still require exploration in larger patient cohorts and pro-
spective sampling at the onset and resolution of aGvHD. 
Nevertheless, we also observed upregulation of MDGA1 
on peripheral T cells from patients suffering from the 
inflammatory autoimmune disease MS, which supports 
the hypothesis that MDGA1 expression by lymphocytes 
is not specific to aGvHD in alloHSCT patients, but may 
serve as a broader indicator of inflammation.

Conclusions
We applied ultra-high-throughput (mega-scale) com-
binatorial barcoding-based scRNA-seq [48] to profile 
the dynamics of immune cell reconstitution from graft 
through two follow-up peripheral blood samples of ten 
AML patients who received alloHSCT treatment. We 

demonstrated that engrafted αβTCR+ and γδTCR+ effec-
tor T cells persisted in the host and exhibited enhanced 
activity, particularly through TCR signaling pathways. 
Importantly, we identified MDGA1 and ADGRG1 as 
potential complementary markers for functionally dis-
tinct T cell subsets associated with aGvHD and GvL, 
respectively. Our study provides a comprehensive, lon-
gitudinal characterization of immune responses related 
to alloHSCT in AML patients. Therefore, we suggest 
that these cell surface receptors serve as novel biomark-
ers that could facilitate the rapid diagnosis of alloHSCT 
outcomes and delineate the T cell subsets associated with 
them. This would enable timely interventions to optimize 
treatment efficacy and patient outcomes.
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Supplementary figure legends 

Supplementary Fig. S1 Overview of the scRNA-seq dataset 

(A) Dotplot showing the marker gene expression of major cell populations. (B) Gene 

number (upper) and transcripts number (lower) of major cell populations. (C-D) Cell 

number (upper) and cell composition (lower) of each sample.  

Supplementary Fig. S2 Marker gene expression of subpopulations 

(A-F) Matrixplot showing marker gene expression of total T cells (A), γδ T cells (B), 

Natural Killer cells (NK) (C), B cells (D), monocytes (E), dendritic cells (DCs) (F). 

Gene expression are scaled between 0 and 1. 

Supplementary Fig. S3 Comparison of cell frequency between different 

timepoints 

(A-D) Comparison the frequency of lymphocytes (A), myeloid cells (B), HSCs ( 

C), and Prolif. cells (D). Each dot represents one sample and is colored by the 

remission status of the patient. P-values were calculated using a two-sided paired 

Student’s t-test and adjusted by Bonferroni correction. 

Supplementary Fig. S4 Comparison of subtype frequency between different 

timepoints 

(A-J) Comparison the frequency of CD4+ T cells (A), CD8+ T cells (B), innate T cells ( 

C), Vδ2neg γδ T cells (D), Vδ2 γδ T cells (E), NK cells (F), B cells (G), monocytes 

(H), and DCs (I-J). Each dot represents one sample and is colored by the remission 

status of the patient. P-values were calculated using a two-sided paired Student’s t-

test and adjusted by Bonferroni correction. *: p < 0.05, **: p < 0.01. 

Supplementary Fig. S5 Overview of immune repertoire 



(A-C) The number of barcodes and clonotypes of TCR β chain (A), TCR δ chain (B), 

and BCR IGH chain (C) of each sample. (D-E) The overlap of TCR β clonotypes 

between different donors (D) or between different timepoints (E). (F-G) The overlap 

of TCR δ clonotypes between different donors (F) or between different timepoints 

(G). (H-J) The overlap and clonality of indicated clones between different timepoints. 

Supplementary Fig. S6 Overview of residual host-derived cells 

(A) Pie plot showing the cell composition of timepoints. Cell number and percentage 

are indicated.  (B-C) The frequencies (B) and normalized frequencies (C) of residual 

host-derived cells from indicated samples same as that in Fig. 3B. The numbers on 

the top of the bar are the absolute cell number of the residual host-derived cells (B) 

or proportion of T cells (C). Bars are colored by cell type.  

Supplementary Fig. S7  Definition of MDGA1+ T and NK cells 

(A-B) Violin plot showing the expression of MDGA1 on T cells (A) and NK cells (B). 

Cell with expression above the red dashed line (y = 0.2) was defined as MDGA1+. 

Supplementary Fig. S8  Validation of MDGA1 expression in T cells from 

patients with acute GvHD after allogeneic hematopoietic stem cell 

transplantation by qPCR 

Comparison of normalized MDGA1 expression of T cells between patients with and 

without aGvHD. Each dot represents one patient. P-values were calculated using a 

two-sided Student’s t-test. 

Supplementary Fig. S9  Characterization of ADGRG1 expression on γδ T cells 

(A) Dot plot showing the cytotoxicity-related gene expression on γδ T cell subtypes. 

(B-E) Normalized gene expression on the T cell UMAP. 



Supplementary Table S1 

 

 

 

 

 

Supplementary Table 1: Clinical details for the pairs A-E from public dataset 
Obermayer_2023, according to reference 43. MCL: Mantle cell lymphoma; BPDCN: 
Blastic plasmacytoid dendritic cell neoplasm; AML: Acute myeloid leukemia; MDS: 
Myelodysplastic syndrome; BW: Body weight 

 

Patient Age Disease Dose of CD34+ cells aGvHD Relapse 

A 53 MCL 6 Mio/kg BW II no 

B 56 BPDCN 5.4 Mio/kg BW I no 

C 65 AML 5.3 Mio/kg BW I no 

D 54 MDS 6.2 Mio/kg BW 0 yes 

E 43 AML 4.6 Mio/kg BW I no 
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Abstract (200 words) 

Human adaptive γδ T cells, expressing a Vδ1 T cell receptor (TCR), participate in immune responses to 

infections and cancer, showing durable clonal expansion and sustained functional competence. 

However, the lack of longitudinal studies with integrated clonal-phenotypic resolution limits our 

understanding of their functional plasticity, and longevity mechanisms. We used single-cell RNA and 

γδ TCR sequencing (scRNA-seq and sc-γδTCR-seq) to profile peripheral γδ T cell phenotypes and 

clonotypes in a 10–year longitudinal cohort of four Malian children (aged 4–5 years at enrollment) 

exposed to yearly seasonal malaria transmission. Repeated infection drove clonal expansion of two 

distinct Vδ1⁺ effector populations with either regulatory (CX3CR1, PDCD1, and IL10) or cytotoxic 

(CX3CR1, GNLY, INFG, and PRF1) phenotypes, alongside the establishment of a previously 

unrecognized precursor-like Vδ1⁺ subset co-expressing self-renewal (TCF7) and exhaustion-associated 

markers (TOX, PDCD1, TIGIT, and HAVCR2). Clonal tracking revealed that the dominant Vδ1⁺ 

clonotypes in each individual persisted over the decade with stable effector phenotypes, maintained by 

self-renewal and involving a precursor-like memory pool. Together, these findings define mechanisms 

of durable adaptive γδ T cell immunity during recurrent malaria, instructing the development of γδ T 

cell–based immunotherapies for infectious diseases and cancer. 

  



Introduction 

Adaptive human γδ T cells, dominated by Vδ1 and Vδ3 T cell receptor (TCR) δ-chain usage, undergo 

marked clonal expansion in response to chronic infections including cytomegalovirus (CMV)1-8, 

Mycobacterium tuberculosis (Mtb)9-11, Plasmodium falciparum (P. falciparum)12-14, and they are 

involved in anti-cancer immunity15-31. γδ TCR tracking revealed that expanded Vδ1⁺ γδ T clones persist 

more than six months in immunocompromised patients after allogeneic stem cell transplantation with 

CMV reactivation and for over 18 months in healthy adults, supporting the idea that ongoing antigen 

exposure may sustain durable Vδ1⁺ T cell responses3,5-7,32. This contrasts with CD8⁺ αβ T cells, in which 

continuous TCR stimulation drives exhaustion along the establishment of a TCF1⁺ memory precursor-

exhausted pool33-43. This divergence is further supported by clonally expanded tumor-infiltrating Vδ1⁺ 

T cells, which retain functional plasticity despite elevated inhibitory receptor expression (PD1, TIM3, 

TIGIT), as reported across leukemia16,27,29, melanoma17, colorectal cancer21,22,28,30, breast cancer18, renal 

cell carcinoma23, non–small-cell lung cancer20, and Merkel cell carcinoma26. These observations raise 

the question how Vδ1⁺ T cells maintain sustained responses across prolonged or repeated antigen 

exposure without contraction or functional exhaustion. Therefore, the long-term stability and phenotypic 

plasticity of Vδ1⁺ T cells should be addressed through longitudinal γδ TCR clonal tracking across 

repeated infections in humans. 

Malaria provides an opportune natural setting to interrogate the durability of Vδ1⁺ T cell responses. 

Repeated P. falciparum exposure drives the expansion of circulating effector Vδ1⁺ T cells in controlled 

human malaria infection (CHMI) and in individuals living in malaria-endemic regions with annual 

seasonal transmission14. Notably, these P. falciparum-challenged γδ T cells are able to mount recall 

responses that were largely maintained ~14 months after a single P. falciparum episode44. Moreover, in 

clinically immune individuals, expanded circulating Vδ1⁺ T cells produce IL-10 alongside IFN-γ in 

response to P. falciparum antigens, mirroring the type 1 regulatory (Tr1)–like cytokine profile45-56. 

Together, these observations suggest long-lived, exposure-associated Vδ1⁺ T cell responsiveness in 

malaria, but it remains unclear whether this represents bona fide “γδ T cell memory” with persistent 

clonotypes and reproducible recall across repeated P. falciparum infections. This gap arises because 

circulating Vδ1⁺ T cells are rare, and traditional approaches, such as bulk TCR sequencing and flow 

cytometry, lack the phenotypic–clonotypic resolution needed for longitudinal tracking of Vδ1+ T cell 

responses in malaria. 

To overcome these limitations, we employed single-cell profiling to longitudinally track peripheral γδ 

T cells at clonal-phenotypic resolution over 10 years in four Malian children exposed to seasonal malaria 

each year. We uncovered decade-long persistence of malaria-induced Vδ1⁺ T cell expansions with a 

stable effector program, sustained by ongoing self-renewal and a previously unrecognized memory-

precursor population.   



Results 

Longitudinal single-cell profiling of circulating T cell dynamics over a decade of recurrent malaria 

To study human T cell responses to repeated episodes of malaria in an unbiased way, we employed 

ultra-high-throughput combinatorial barcoding-based single–cell RNA and TCR sequencing of 

circulating CD3+ T cells in a 10-year longitudinal cohort including four Malian children (aged 4 to 5 

years at the time of enrollment) exposed to intense seasonal malaria transmission (Figure 1a). From a 

total of 96 PBMC samples, collected at two annual cross–sectional blood–draws and individually shortly 

after febrile malaria episodes, we recovered 381,638 high quality CD3+ T cells (Figure 1b). Based on 

canonical lineage markers and T cell functional gene programs, we identified 28 distinct T cell 

populations across CD4+ αβ Τ, CD8+ αβ Τ, Vγ9Vδ2 γδ Τ, and non–Vγ9Vδ2 γδ Τ compartments (Figure 

1c-e). 

Repeated malaria episodes were associated with a marked expansion of CD4⁺ αβ T cells (from ~40% in 

year 1 to ~80% in year 10) (Figure 1f), consistent with prior reports. In contrast to these dynamic αβ T 

cell shifts, non–Vγ9Vδ2 γδ T cells remained consistently expanded over the decade, reaching atypically 

high frequencies comparable to the Vγ9Vδ2 γδ T cell compartment (Figure 1f). This dataset provides a 

comprehensive 10–year single–cell atlas of circulating αβ and γδ T cell dynamics in recurrent malaria 

and identifies the consistent expansion of non–Vγ9Vδ2 γδ T cells in malaria–exposed children. 
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Figure 1. Decade-long single-cell profiling of T cell dynamics in Malian children 

a, Schematic of the experimental design.  

b, UMAP of the 381,638 high-quality CD3+ T cells. Cells are colored by T cell subset.  

c-e, UMAP of 219,567 CD4+ αβ Τ (c), 129,259 CD8+ αβ Τ (d), and 32,812 γδ T cells (e). Cells 

are colored by annotation.  

f, Frequencies of CD4+ αβ T, CD8+ αβ Τ, and Vγ9Vδ2 γδ T (Vδ2) and non-Vγ9Vδ2 γδ T (Vδ1) 

cells across the 10-year observation period. Lines and shaded areas are colored by cell subset 

and denote mean ± s.d. Conv represents convalescent period after acute infection.  

  



Repeated malaria exposure drives expansion of distinct circulating Vδ1⁺ T cell subsets 

To generalize our observations, we reanalyzed a cross-sectional single–cell dataset of circulating T cells 

from children in malaria-endemic Burkina Faso and found enriched Vδ1⁺ T cells, contrasting to the 

predominated circulating Vδ2⁺ cells in age–matched non–endemic Western children (Figure 2a, b). 

Consistently, in our longitudinal cohort, circulating Vδ1⁺ T cells expanded robustly within individuals 

during acute malaria and remained elevated after infection compared with pre–season baseline samples 

(Figure 2c). This expansion was attributable to several phenotypically distinct Vδ1⁺ subsets including 

an effector population (c22 Vd1 PD1hi), a proliferative population (c28 Vd1/2 MKI67), and a naïve–

like population (c19 Vd1 TCF7lo) (Figure 2d). Prior study showed that repeated P. falciparum 

infections drove the clonal selection and expansion of circulating effector Vδ1⁺ T cells in controlled 

human malaria infection (CHMI). To investigate whether those phenotypic states represented a shared 

T cell differentiation continuum or independent lineages, we leveraged γδ TCR sequences to track 

clonotypes across clusters. Strikingly, γδ TCR clonotypes were highly shared among the effector 

populations (c22 Vd1 PD1hi and c23 Vd1 GNLY), the proliferative population (c28 Vd1/2 MKI67), 

and a small memory-precursor population (c21 Vd1 PD1lo), but displayed only minimal clonotype 

sharing with the naïve–like populations (Figure 2e). This suggests that prior infections established a 

pool of memory Vδ1⁺ T cells that preferentially contributed to effector responses upon reinfection. 

Effector Vδ1⁺ T cells with overlapping TCR clonotypes comprised two transcriptionally distinct 

cytotoxic populations, namely the c22 Vd1 PD1hi cluster expressing EOMES, TOX, PDCD1, and IL10, 

consistent with a Tr1–like program, whereas the c23 Vd1 GNLY cluster expressed GNLY, PRF1, and 

IFNG, consistent with a Th1–like cytotoxic program (Figure 2f). Notably, the relative abundance of 

these two effector populations remained proportionally stable across children aged 5 to 12 years residing 

in a malaria-endemic region (Figure 2g). Together, these data suggest that malaria exposure drives the 

expansion of two phenotypically distinct yet clonally related cytotoxic effector states and maintains 

these via a previously unappreciated memory–precursor Vδ1⁺ population.  
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Figure 2 Distinct effector Vδ1+ T cells are expanded in repeated malaria
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Figure 2. Distinct effector Vδ1+ T cells are expanded in repeated malaria  

a, Correlations between age and non-Vγ9Vδ2 γδ T (Vδ1) or Vγ9Vδ2 γδ T (Vδ2) frequency 

among γδ T cells in children residing in Burkina Faso were assessed using two-sided 

Spearman’s rank correlation (ρ); ρ and P values are shown. Solid lines indicate the fitted trend 

and dashed lines denote the 95% confidence interval. Paired comparisons between Vδ1 and 

Vδ2 frequencies within donors were assessed using a two-sided paired t-test (n = 126 pairs, P 

< 0.001). 

b, Frequencies of non-Vγ9Vδ2 γδ T (Vδ1) and Vγ9Vδ2 γδ T (Vδ2) among γδ T cells in children 

residing in Europe. Paired comparisons between Vδ1 and Vδ2 frequencies within donors were 

assessed using a two-sided paired t-test (n = 14 pairs, P = 0.009). 

c, Frequencies of Vγ9Vδ2 γδ T (Vδ2) and non-Vγ9Vδ2 γδ T (Vδ1) cells in Donor_4 across the 

observation period. Acute malaria episodes are indicated.  

d, Fold change (FC) of γδ T cell subsets in paired infected versus uninfected samples within 

each donor: Donor_1 (2018_conv vs 2018_may), Donor_2 (2015_conv vs 2015_oct), Donor_3 

(2018_dec vs 2018_may), Donor_4 (2012_conv vs 2012_may). c18 Vd1 TCF7hi, P = 0.125; 

c22 Vd1 PD-1hi, P = 0.125; c28 Vd1/2 MKI67, P = 0.125. P values were calculated using a 

two-sided Wilcoxon matched-pairs signed-rank test with paired samples within each donor (n 

= 4 donor pairs). 

e, γδ TCR repertoire similarity between clusters quantified by the Morisita–Horn index using 

TCR δ CDR3 amino acid sequences. Values range from 0 (minimum) to 1 (maximum) and are 

shown as a white-to-green gradient (0 = white, 1 = green). 

f, Comparison of differentially expressed genes (DEGs) between c22 Vd1 PD1hi and c23 Vd1 

GNLY clusters. c22-specific DEGs, n = 231; shared DEGs, n = 271; c23-specific DEGs, n = 

196. Total DEGs: c22, n = 502; c23, n = 467. Immune-related gene examples are indicated. 

g, Correlations between age and c22 Vd1 PD1hi and c23 Vd1 GNLY frequency among γδ T 

cells in children residing in Burkina Faso (n = 126) were assessed using two-sided Spearman’s 

rank correlation (ρ); ρ and P values are shown. Solid lines indicate the fitted trend and dashed 

lines denote the 95% confidence interval. 

 

  



Decade-long persistence of dominant Vδ1⁺ clonotypes despite infection-associated repertoire 

remodeling 

The stability and TCR repertoire overlap of Vδ1⁺ effector states in exposed individuals suggested that 

malaria may maintain sustained clonal selection and self-renewal of the Vδ1⁺ T cell repertoire. We 

therefore compared clonality across Vδ1⁺ subsets and found that Vδ1⁺ effector clusters (c22 Vδ1 PD1hi 

and c23 Vδ1 GNLY) showed higher clonality than naïve and memory Vδ1⁺ populations (Figure 3a, b). 

To establish a baseline for longitudinal tracking, we then quantified clonality at the earliest observation 

timepoint and found that the γδ TCR repertoire at an age of 4-5 years was already dominated by a small 

number of Vδ1 clonotypes (Figure 3c-e), contrasting with the Vδ2 predominance reported in children 

from non-endemic regions. Strikingly, most expanded Vδ1⁺ clonotypes persisted throughout the 10-year 

observation period, accompanied by few newly expanded Vδ1 and Vδ3 clonotypes that emerged after 

multiple infections and remained detectable in subsequent years (Figure 3f). In line with this, similarity 

analyses indicated that the Vδ1⁺ TCR repertoire remained relatively stable over the decade, driven by 

the long-term persistence of dominant clonotypes (Figure 3g, h). Although repeated infections were 

associated with fluctuations in the broader Vδ1⁺ repertoire, the established dominant clonotypes 

remained largely unchanged (Figure 3H). Thus, longitudinal clonal tracking supports that malaria-

associated Vδ1⁺ effector clones are long-lived and persist for at least a decade, rather than being reshaped 

de novo with each malaria episode.  
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Figure 3. Established Vδ1+ TCR repertoires persist over 10 years  

a, Clonality of γδ TCR (TCR δ chain) on UMAP. Dot size indicates scaled clonality and colors 

denote clusters.  

b, Gini index of γδ TCR (TCRδ chain) repertoires. Dots are colored by donor, and the gray line 

indicates the mean Gini index for each cluster.  

c-e, Treemaps showing TCRδ CDR3 clonotype usage for the indicated samples. Clonotypes are 

colored by TCRδ chain usage. 

f, Abundance of the top 10 γδ TCR (TCR δ chain) clones across the observation period in 

Donor_1. The line plot shows γδ T cell number (gray) and the number of unique TCRδ CDR3 

clonotypes (blue) per sample. Clonotypes are colored by TCR δ chain usage. Conv indicates 

the convalescent period after acute infection. 

g, γδ TCR repertoire similarity between timepoints quantified by the Morisita–Horn index using 

TCR δ CDR3 amino acid sequences. Values range from 0 (minimum) to 1 (maximum) and are 

shown as a white-to-green gradient (0 = white, 1 = green). 

h, Abundance of Vδ1 TCR repertoire over the indicated timepoint (Donor_1). Conv represents 

convalescent period after acute infection. Line plot shows γδ T cell number (gray) and unique 

γδ TCR (TCR δ chain) clonotypes (blue) for each sample. Clonotypes are colored by TCR δ 

chain usage. 

 

  



Vδ1⁺ effector pool is maintained by self-proliferation and memory precursors across repeated 

malaria  

The observed durable Vδ1⁺ effector responses across repeated malaria provided a unique opportunity to 

investigate the mechanisms of their long-term persistence. Because the newly identified Vδ1⁺ precursor-

like cells shared a highly overlapping TCR repertoire with effector and proliferative populations 

(Figures 2e, 4a), we asked whether they contribute to sustaining Vδ1⁺ effector responses. Using 

PhyloVelo to reconstruct γδ T cell clonal lineages, we identified two distinct differentiation trajectories 

(branch A: c21 Vd1 PD1lo to c22 Vd1 PD1hi; branch B: c28 Vd1/2 MKI67 to c23 Vd1 GNLY) (Figure 

4b). Given the highly overlapping TCR repertoires of c22 Vδ1 PD1hi and c23 Vδ1 GNLY, we tested 

whether dominant Vδ1⁺ clones switch between these effector programs over disease courses. 

Longitudinal tracking of the top expanded Vδ1⁺ clonotypes revealed largely stable effector phenotypes 

across most timepoints, supporting the functional stability Vδ1⁺ T cells during recurrent malaria (Figure 

4c, d). Notably, clonal lineage tracing suggested that these expanded clones adopted a precursor-like 

memory program and transiently entered a proliferative state following acute malaria (Figure 4b-d). 

Collectively, these results suggest that Vδ1⁺ effector persistence is maintained through self-proliferation 

and replenishment from a precursor-like reservoir.  
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Figure 4 Vδ1+ effector pool is maintained by self-proliferation and memory precursors
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Figure 4. Effector Vδ1+ T cells are expanded in repeated malaria  

a, Alluvial plots showing γδ TCR (TCR δ chain) clonal expansion and repertoire overlap. Bar 

height indicates clonotype count among all sequenced cells of each cluster, whereas color 

corresponds to phenotype. Bands connect clonotypes observed across multiple samples. The 

number of unique clonotypes for each cluster is indicated. 

b, γδ TCR (TCR δ CDR3) clonotypes were used to trace clonal lineages, and phylogeny-

informed transcriptomic velocity (PhyloVelo) was overlaid on the UMAP to visualize clonal 

trajectories. Black arrows indicate the forward PhyloVelo velocity field, pointing toward 

inferred future transcriptional states. The purple arrow highlights lineage 1 (c21 Vd1 PD1lo to 

c22 Vd1 PD1hi), and the yellow arrow highlights lineage 2 (c28 Vd1/2 MKI67 to c23 Vd1 

GNLY). 

c-d, Cell states of the indicated clonotype (TCR δ CDR3) across the indicated timepoints. Cells 

are colored by clusters as indicated in in (b). 

  



Discussion 

In contrast to Vγ9Vδ2 γδ T cells, which are phenotypically preprogrammed in utero4,57, expand after 

birth58,59, and persist into adulthood3,60-62, Vδ1+ γδ T cells are shaped by postnatal antigen exposure, 

showing individualized clonal expansions later in life5,6,63. Accumulating studies have revealed the 

persistence and functional durability of these clonally expanded Vδ1+ T cells16-18,20-23,26-30,44. To define 

the mechanisms of this durability in humans, we systematically profiled long-lived Vδ1⁺ T cells at 

single-cell, clonal–phenotypic resolution in a 10-year longitudinal cohort of children that were 

repeatedly exposed to seasonal malaria. We found that malaria-driven effector Vδ1⁺ expansions are 

maintained through ongoing self-renewal and replenishment from a previously unappreciated memory-

precursor population. Our study provides the first direct evidence that Vδ1⁺ T cells can couple decade-

long clonal stability with functional plasticity during repeated malaria. 

Clonally expanded Vδ1⁺ effectors remain remarkably stable over time, even after P. falciparum 

clearance64. Similarly focused adaptive γδ repertoires, dominated by a few high-frequency Vδ1 

clonotypes, have also been reported in CMV1-3,5-7,62,65, Mtb-infected individuals9-11, and adults at steady 

state62,66. The driving force of these dominant expansions remains unclear, because the ligands are 

largely unknown. A plausible hypothesis, informed by γδ TCR ligands identified to date, is that 

infection-induced host-derived ligands persist beyond acute infection and provide sustained stimulation 

that preserves these adapted pools67,68. Even in the absence of defined ligands, several non-mutually 

exclusive mechanisms could contribute to the long-term maintenance of these individually effector Vδ1 

pools, including (i) self-renewal of effector cells5,69, reminiscent of long-lived tissue-resident invariant 

γδ T cell populations in mice70-73; (ii) enhanced survival programs, including expression of anti-

apoptotic factors (e.g., Bcl2a1)74, potentially linked to immune checkpoint receptor 

expression18,20,21,23,26,75; and (iii) a pool of ‘stem-like’ memory precursors, which in our data is by a 

precursor-like population characterized with the expression of TCF7, TOX, and EOMES39,55. 

The supernumerary proliferative potential of T cells has been demonstrated in an experimental mouse 

model with iterative immunization, where antigen-specific αβ T cells sustained recall proliferation and 

effector function for >10 years, despite acquiring canonical exhaustion-associated features76. As a major 

obstacle to long-term functional T cell longevity, T cell exhaustion characterized by constrained effector 

capacity, is closely linked to clinical outcomes in chronic infection and cancer, including responses to 

T cell–based immunotherapy37,40,77,78. In long-term responders to CD19 CAR T therapy, an early wave 

of Vδ1+ CAR T cells expanded and persisted for more than 3 years during the initial response phase, 

before the CAR T compartment shifted into a decade-long remission phase dominated by proliferative, 

cytolytic CD4⁺ CAR T cells with a Tr1-like phenotype79. Beyond their cytotoxic potential, Tr1 cells 

have paradoxically emerged as key immunoregulatory effectors that restrain excessive inflammation 

and limit immunopathology across autoimmunity, infection, transplantation, and immunotherapy52. In 

this study, we identified malaria-driven effector Vδ1+ T cells (c22 Vd1 PD1hi) with Tr1-like signatures. 



Consistent with phenotypic fidelity of Tr1, these expanded Vδ1 clonotypes maintained the regulatory 

transcriptional state across timepoints, indicating long-term stability of their effector programs53,55,56. 

Moreover, leveraging TCR-based lineage tracing, we uncovered a previously unappreciated precursor-

like Vδ1+ T (c21 Vd1 PD1lo) population that sustains the long-term effector pool. Together, these 

findings position Vδ1⁺ T cells as long-lived effectors that mediate immune surveillance80,81, warrant 

immune homeostasis82, and with implications for γδ T cell–based immunotherapy25. 

γδ T cells contribute to both anti-parasite immunity and anti-disease tolerance during malaria12-14,44,45,83-

94. Vδ2⁺ γδ T cells can directly kill P. falciparum–infected erythrocytes through both TCR-dependent 

cytotoxicity and antibody-dependent cellular cytotoxicity (ADCC)84,91,92. However, this Vδ2-mediated 

anti-parasites responses may be accompanied by excessive inflammation, as repeated exposure with 

progressive loss and dysfunction of Vδ2⁺ cells correlate with the development of asymptomatic infection 

in endemic settings86. In CHMI, repeated P. falciparum infection consistently drives clonal expansion 

of an adaptive γδ repertoire, highlighting the potential roles of Vδ1+ T cells in acquiring long-term 

immunity to malaria14. Here we found that one donor (Donor_4), who experienced more frequent 

symptomatic malaria, was dominated by persistent Vδ2 clonotypes alongside a long-lived regulatory 

Vδ1⁺ population (c22 Vd1 PD1hi), which could contribute to limiting excessive inflammation. In 

contrast, donors with less frequent symptomatic malaria showed preferential persistence of a cytotoxic 

Vδ1⁺ population (c23 Vδ1 GNLY). Together, these observations strongly support a link between durable 

Vδ1⁺ γδ T cell responses and clinical immunity to malaria88, although validation in larger cohorts will 

be required. 

The protective memory potential of γδ T cells has been demonstrated in mice70-73 and macaques95, but it 

remains poorly defined in humans because γδ T cell responses to most infections are not well 

characterized and longitudinal cohorts capturing naturally repeated exposure are limited. Malaria 

provides an ideal framework to address this question: it triggers strong acute immune activation and, 

with repeated exposure in endemic settings, robustly drives clonal expansion of Vδ1⁺ T cells12,14,83,93. 

Importantly, malaria is predominantly a blood-borne infection, making serial sampling highly 

feasible90—whereas in many other settings, such as solid tumors, adaptive γδ T cells are largely tissue-

resident and thus difficult to sample repeatedly over time. By revealing the cellular programs 

underpinning the long-term Vδ1+ T cell persistence, our work shows that human adaptive γδ T cells can 

adapt a memory-like program akin to αβ T cells and points to a strategy for leveraging these durable 

responses in malaria vaccine development. 

  



Methods 

scRNA-seq library preparation and sequencing 

All CD3+ T cells were sorted from frozen PBMC samples. The sorted cells were fixed and 

permeabilized using Evercode™ Cell Fixation v2 (Parse Biosciences, Cat. ECF2001) following the 

manufacturer’s protocol. Fixed cells were stored at −80°C. All samples were then processed together to 

prepare single-cell libraries using one Evercode TCR Mega, Human TCR + WT Kit (Parse Biosciences, 

Cat. ECIT3500), according to the manufacturer’s instructions. Fifteen sub-libraries were sequenced on 

the Illumina NovaSeqX 25B flow cell platform using PE150 chemistry with a sequencing depth of 

25,000 reads per cell.  

scRNA-seq analysis 

Raw fastq data were aligned to human genome assembly GRCh38 (hg38) and quantified using split-

pipe software suite (Parse Biosciences, v1.4.0). The filtered feature-barcode matrices containing only 

cellular barcodes were used for further analysis. Single cell gene expression matrices were analyzed 

using Scanpy (v1.9.6). Detailed parameters for data clean and dimensional reduction are shown in 

Supplementary Methods. 

Statistical analysis 

Statistical analyses were performed using Python (v3.8.10) with the scipy package (v1.10.1).  

 

Code and data sharing statement  

Single-cell sequencing raw data have been deposited in the Gene Expression Omnibus (GEO) under 

accession number GSExxx. To review GEO accession GSExxx: Go to xxx and enter token (xxx) into 

the box. Processed single-cell AnnData objects are available at Zenodo (xxx). Code for data processing 

and analysis is deposited on GitHub (xxx). All data and code for reproducibility will be made publicly 

available upon manuscript acceptance. 
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Chapter 5: Discussion 

5.1 Clonal Tracking Unlocks Novel Insights into Immunity 

Single-cell TCR clonal tracking has been employed to longitudinally track individual T cell 

clones in infections118,205, vaccinations206-208, and cancer119,209. The integration of transcriptome 

and clonotypes enables characterization of T cell differentiation, persistence, functional states, 

and lineage relationships at single-cell resolution116.  

In this dissertation, we employed TCR tracking to investigate the long-term maintenance of 

graft-derived T cells and showed that both CD8+ αβ and γδ T cells remain detectable after 

transplantation while displaying alloreactivity characterized with increased proliferation and 

metabolic activities. In parallel, we used TCR tracking to investigate γδ T cell dynamics in 

children living in a malaria-endemic region and uncovered the decade-long persistence of 

adaptive effector γδ T cells, sustained by self-proliferation and a previously unrecognized 

precursor-memory population, thereby deepening our understanding of the mechanisms 

underlying γδ T cell longevity. Similarly, TCR clonal tracking has been used to demonstrate 

the high clonal fidelity of CD4+ αβ T cells during repeated malaria, showing that most 

clonotypes maintain stable subset identities over time and that Tr1 cells dominate the parasite-

specific memory CD4+ T cell response118.  

In CD8+ T cells, clonal tracking has further revealed that clonally related progenitor 

populations in the tumor draining lymph nodes sustain the long-term persistence of tumor-

specific T cells during immune checkpoint blockade, highlighting lineage coupling between 

lymphoid and intratumoral T cell states119. Similarly, recent cross-tissue TCR repertoire 

comparisons revealed that Trm and tumor-associated Tex cells are clonally distinct, thereby 

helping define the lineage architecture and functional T cell subsets that contribute to anti-

tumor immunity120,210. Such concept extends to tumor-reactive γδ T cells, as the TCR 

repertoires of melanoma-infiltrating γδ T cells and peripheral blood γδ T cells are highly 

overlapped indicating clonal relatedness across circulating and intratumoral compartments121. 

Clonal tracking has also been extended to NK cells by using somatic mitochondrial DNA 

mutations as endogenous molecular barcodes, revealing substantial clonal expansion of 

adaptive NK cells in HCMV-seropositive individuals211-213. Similarly, longitudinal CAR T cell 

clonal tracking through lentiviral vector integration site (LVIS) analysis have revealed that the 

expansion, persistence, and eventual clonal focusing of distinct CAR T cell subsets, including 
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highly activated cytotoxic CD4+ T cell populations which are linked to the therapeutic efficacy 

and long-term remission214. 

In summary, single-cell clonal tracking has emerged as a powerful approach for investigating 

T cell responses in cancer and infection, providing a more precise, robust, and broadly feasible 

framework than conventional FACS- or function-based assays, particularly for γδ T cells, 

whose cognate ligands remain largely unknown.  
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5.2 T Cell Composition and TCR Repertoire Predict AlloHSCT Outcomes 

In Chapter 3, we showed that the phenotypes of both αβ and γδ T cells were strongly associated 

with alloHSCT outcomes. Particularly increased frequencies of ADGRG1 cytotoxic αβ and γδ 

T cells in peripheral blood at an early post-alloHSCT stage were linked to improved relapse-

free survival in patients with AML215,216. A similar population was also detected in the bone 

marrow, where it showed comparable associations with clinical outcome217. These cells are 

clonally expanded and terminally differentiated and partially from graft as revealed by TCR 

clonal tracking218. This raises the debate that whether these cells are mediating anti-leukemia 

activity or just function as a biomarker although the direct kill leukemia blast capacity has been 

revealed by in vitro functional assay109,112,137. One potential explanation is the cross-reactivity 

of TCR as has been observed for CMV-reactive γδ TCR219.  

However, whether this pronounced cytotoxicity is linked to GvHD remains to be fully 

determined, particularly given the reported positive association between graft-versus-leukemia 

(GvL) and graft-versus-host disease (GvHD)126,127,220,221. To address this challenge, multiple 

graft-engineering strategies has been explored. Notably, one clinical trial using αβ T cell- and 

B cell-depleted grafts in pediatric leukemia demonstrated improved GVHD-free, relapse-free 

survival (GRFS), consistent with observations that enhanced early γδ T cell reconstitution is 

associated with superior outcomes110,112,137. These findings highlight the need to dissect graft 

T cell composition in greater detail. In this context, our study provides a framework for 

profiling graft-derived T cell phenotypes and clonotypes at single-cell resolution, thereby 

enabling a more precise definition of the cellular populations linked to beneficial versus 

adverse alloHSCT outcomes136. 

Beyond clonal tracking, immune receptor sequencing has recently been applied to disease 

classification. The next step would be to exploit T cell phenotypes and repertoire features for 

disease outcome prediction222-228. This approach is particularly attractive because integration 

of T cell phenotype with immune repertoire could precisely dissect functional T cell states 

involved in GvL or GvHD, thereby connecting immune identity with disease prognosis and 

treatment response. Specifically, given our finding that γδ T cells adapt to a stable phenotype 

and repertoire to perform long-term immunosurveillance and their reported beneficial roles in 

anti-leukemia, employing the γδ TCR repertories combined with their phenotypes to predict 

the outcomes of alloHSCT would be a promising direction.  
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In the long term, this concept could be translated into a clinically relevant tool for assessing 

graft quality, based on the premise that the cellular composition and functional properties of 

graft-derived T cells shape post-transplant immune responses. Accordingly, future studies in 

large cohorts should focus on establishing a robust scoring system that integrates T cell 

composition, repertoire features, and clinical parameters to evaluate graft quality, inform graft 

engineering, and support early clinical interventions aimed at improving alloHSCT outcomes. 
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5.3 The Need for a Cross-Tissue, Pan-Disease Human γδ T Cell Atlas 

In Chapter 4, we identified two new peripheral γδ T cell subsets, termed ‘stem-like’ memory 

Vδ1 and IL10+ Vδ1 T cells, in single-cell datasets from the malaria cohort. The ‘stem-like’ 

memory Vδ1 subset was defined by a distinct transcriptional phenotype characterized by TCF7, 

TOX, EOMES, IL10, and PDCD1 expression, and showed clonotypic overlap with effector 

Vδ1 T cells. The identification of this population was enabled by unsupervised clustering of 

single-cell data, highlighting how recent advances in single-cell technologies have 

revolutionized our understanding of γδ cell heterogeneity in an unbiased manner. Consistently, 

recent single-cell analyses in human ulcerative colitis also uncovered previously unappreciated 

γδ T cell subsets, including ‘stem-like’ TCF1+ PD-1+ cells and cytotoxic effector-like 

populations, highlighting the power of these approaches to resolve functionally distinct γδ T 

cell states in human disease229. 

Building on this, the generation of a cross-tissue human γδ T cell atlas would substantially 

advance our understanding of γδ T cell biology. Given their pronounced tissue-specific 

distribution, and phenotype heterogeneity, such an atlas would first provide a reference 

framework for the physiological compartmentation of γδ T cells across human organs6,15,81. 

This is necessary because γδ T cells, especially adaptive Vδ1+ subsets, are preferentially 

distributed in epithelial tissues, where they are implicated in maintaining barrier integrity and 

tissue homeostasis7,57,81. Moreover, γδ T cells are uniquely adapted for tissue 

immunosurveillance by detecting stress-induced and transformation-associated signals13,15.  

This cross-tissue atlas of healthy states could then be extended across diseases to define how 

γδ T cell states are remodeled in pathological contexts, thereby distinguishing shared tissue 

programs from disease-specific adaptations in cancer, infection, autoimmunity, and 

transplantation. Recent studies have revealed the human γδ T cells are not uniformly anti-tumor 

but instead undergo tumor- and tissue-specific functional polarization. For example, whereas 

colorectal tumors promote an AREG-producing Vδ1 state with features linked to tissue repair, 

endometrial tumors preferentially harbor cytotoxic γδ T cells104. A similar immunoregulatory, 

tumor-promoting role for γδ T cells has been described in pancreatic ductal adenocarcinoma, 

where they suppress protective αβ T-cell responses through checkpoint-ligand-mediated 

crosstalk230. This is also supported by the distinct clonally expand regulatory and cytotoxic 

Vδ1 T cells in malaria infected individuals158,161,164,231-233.  
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However, generating a de novo cross-tissue, pan-disease γδ T cell atlas would require a 

substantial number of samples and considerable financial resources. To address this challenge, 

our here-introduced new method to link combinatorial barcoding-based single cell sequencing 

and single cell γδ TCR sequencing should help to overcome the bottleneck of generating 

sufficient high-quality datasets. Furthermore, we present a robust strategy for retrieving γδ T 

cells from public single-cell datasets. Beyond γδ T cell atlas generation, this approach can also 

help evaluate and refine T-cell annotation, as Vδ1 T cells often phenotypically overlap with 

cytotoxic CD8 αβ T cells204. Such an atlas would provide a valuable resource for understanding 

how diseases reshape γδ T cell, and in turn help identify therapeutic targets and guide the 

optimization of γδ T cell-based immunotherapies for cancer and infectious disease8.   
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