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Abstract

Inhibitory killer cell immunoglobulin-like receptors (iKIRs) are a family of inhibitory receptors

that are expressed by natural killer cells and late-stage differentiated T cells. iKIRs are well-

known for their function during innate responses but there is evidence that they also regulate

T cell-mediated immunity. Importantly, recent immunogenetic studies indicate that iKIRs en-

hance T cell-mediated control in chronic viral infections in humans. Whether iKIRs play an

analogous role in other contexts is currently unknown. This thesis aims to tackle that ques-

tion by combining immunogenetic analysis, mathematical modelling and iKIR expression data

analysis in the context of type 1 diabetes (T1D). In autoimmunity, an enhanced T cell response

might be considered detrimental and so iKIRs might have an opposite effect and exacerbate

self-reactive T cell responses. The immunogenetic analysis of two T1D cohorts confirms this

hypothesis and reveals a large detrimental effect of iKIR genes in T1D. Specifically, the pro-

tection conferred by some HLA class II genotypes is weakened in individuals carrying a high

number of iKIR genes together with their ligand genes. Mathematical modelling shows that an

iKIR-mediated increase of CD8+ and CD4+ T cell survival can explain the effect of iKIR genes

in individuals carrying protective HLA class II genotypes. Finally, the iKIR expressing CD4+

and CD8+ T cell populations are relatively small and not expanded in blood in T1D patients,

suggesting that crosstalk between autoreactive T cells and other iKIR expressing immune pop-

ulations is more likely to explain the observed iKIR effect. Overall, this thesis expands the

iKIR modulatory role of T cells during antiviral responses to autoimmune responses, hinting

at a core and widespread function of iKIRs in adaptive human immunity.
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Chapter 1

Regulation of the immune response

1.1 The immune system

Pathogens have a massive impact on hosts’ lives. The COVID-19 pandemic is only another

example of the constant threat that pathogens represent for many aspects of human life. Many

lines of defence are put into place to cope with and minimise the effects of new pathogens and

strains alien to the body. As demonstrated again by the pandemic, one of the most effective

approaches to deal with pathogens’ threat is the administration of vaccines to harness the host’s

immune system.

The immune system is a tightly regulated network of molecules and cells. This network has

the mission of detecting and eliminating pathogens and aberrant cells. Most living organisms

have an innate immune system, while jawed vertebrates have evolved an additional adaptive

immune system. The difference between innate and adaptive systems is their speed of response

and specificity. The innate response is broadly constitutive and represents an early attempt

to clear the infection before the host becomes sick. On the other hand, the adaptive response

is induced by the innate response and will try to eliminate the pathogen through a specific

mechanism.

Most of the time, in the face of an infection, a coordinated immune response between the two

systems is induced, clearing the pathogen and reestablishing homeostasis in the host. But on

particular occasions, things go awry, and the immune response results in immunopathology
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and/or in immune-related diseases like autoimmunity, chronic viral infections or the spread of

cancer. It is still largely unknown how the innate and adaptive systems orchestrate protective

immune responses and how that interplay can lead to autoimmune diseases. In this Thesis, I

study the role of a set of innate receptors in the regulation of adaptive immune responses in

humans and their role in autoimmunity.

1.1.1 The sequence of immune defences

Upon exposure to a pathogen, the innate response is the first attempt of the immune system

to clear an infection. Innate defences are germ-line encoded, constitutive or rapidly induced

and widely expressed in the mechanical barriers such as the skin or mucosa. One of the first

innate responses is the activation of the complement system, a set of proteins that lyse pathogen

membranes and also act as a marking strategy for phagocytosis by dendritic cells (DCs) and

macrophages. Complement activation and phagocytosis trigger inflammation, which facilitates

the recruitment of other immune defences, like granulocytes, innate lymphoid cells such as

natural killer (NK) cells and also cells from the adaptive immune system.

Phagocytes, like macrophages or dendritic cells (DCs), can also directly bind conserved molecules

on the pathogen surface (known as pathogen-associated molecular patterns or PAMPs) through

pattern recognition receptors (PRRs). Although there are several PRRs families, with several

receptors in each family, the set of genes that encode PRRs is still vastly outnumbered by

the great diversity of pathogens and pathogen-derived peptides. The adaptive immune system

addresses this problem by generating an open-ended repertoire of recognition molecules.

The adaptive immune response is recruited if the innate mechanisms fail to clear the infection.

The mechanism of this response activates after PRR recognition and phagocytosis. Succinctly

explained, DCs migrate from the site of infection to the draining lymph nodes, where they

present antigens to adaptive immune cells through the presentation molecules of the major

histocompatibility complex (MHC) or Human Leucocyte Antigens (HLA) in humans. Similarly

to PAMPs, antigens are pathogen-derived small peptides (9-12 amino acids) processed upon

DC phagocytosis. Together with antigen presentation, signalling via cytokines and other co-

stimulatory molecules results in DC-dependent activation of the adaptive immune cells.

The main adaptive immune cells are B and T cells. These cells, produced in the bone marrow

and thymus respectively, are initially inactive (naive state). Each particular B and T cell
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clone can be activated through the presentation of a specific MHC-antigen complex. B and T

cells activation trigger its differentiation into effector cells and their clonal expansion. These

effector cells migrate to the inflammation sites where they exert their function. Effector B cells

become plasma cells and execute humoral responses. T cells, on the other hand, are divided

into two types, CD8+ (cytotoxic T cells) and CD4+ (helper T cells). CD8+ T cells are the main

cytotoxic cells of the adaptive response, eliminating infected cells via the target recognition of

peptide-MHC complexes on their surface. Alternatively, CD4+ T cells secrete cytokines and

regulate the activity of other immune system cells1 including B cells and CD8+ T cells.

The reason behind the specificity of the adaptive immune response lies in the variability of the

recognition receptors on the adaptive cell membrane. For example, the adult body typically

harbours 1011 T cells, with over 108 different somatically-generated T-cell receptors (TCRs)

(Qi et al., 2014). However, the maximum number of possible TCRs is estimated to be around

1020 (Mora and Walczak, 2016). This great somatic diversity of TCRs lowers the chances of

the pathogen evading the immune system action, even at the expense of a delayed response.

The delay in this response is due to the limited number of cell clones specific to a particular

antigen and, to make matters worse, most antigen-specific T cells will die shortly after the

infection. However, a few of those responding T cells will survive for long periods in the form

of memory cells, promoting a swift response in subsequent encounters with the same pathogen.

The accumulation of memory cells, activated in previous immune responses, effectively acts as a

Darwinian evolutionary process that helps increase the host immune efficiency against common

infectious agents (Burnet et al., 1959)2.

While an open-ended antigen recognition repertoire can potentially target the entire pathogenic

landscape, it is also a power to be reckoned with. The ability to detect a wide selection of

molecular motifs harbours the risk of making the immune system respond to native elements of

the host that are similar to foreign peptides3. Not surprisingly, several control mechanisms are

in place to ensure effective immune responses while sparing self-damage. Besides control of the

adaptive response by the innate one (Iwasaki and Medzhitov, 2015), there are two tolerance

mechanisms in place, known as central and peripheral tolerance respectively. Central tolerance
1Some CD4+ T cells can also display a cytotoxic phenotype (e.g. Cachot et al. (2021)).
2B cells follow an analogous process, although with an additional layer of complexity due to somatic hyper-

mutation of the rearranged B cell receptors.
3In fact, it is well-established that adaptive immune receptors display variable degrees of cross-reactivity

between different antigens (Yu et al., 2015), resulting in healthy individuals carrying auto-reactive T and B
cells, i.e. immune cells that are specific to elements of the host body (one example are insulin-specific T cells,
present both in diabetic and healthy humans (Culina et al., 2018)).
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removes autoreactive lymphocytes during their development whereas peripheral tolerance is

executed by dedicated CD4+ T cells that regulate the immune response (regulatory T cells,

Tregs) but also through different signalling pathways activated by immune inhibitory receptors

(Daëron et al., 2008; Rumpret et al., 2020).

1.1.2 Immune inhibitory receptors

Immune inhibitory receptors constitute a wide array of inhibitory molecules that dampen and

fine-tune the level of activation of the adaptive immune cells. Although mainly studied in T

cells, PRRs also display inhibitory isoforms indicating that the innate response against PAMPs

is also dampened by inhibitory receptors (Rumpret et al., 2021). Immune inhibitory receptors

are also known as immune checkpoint receptors, since under physiological conditions, they

activate immune checkpoints that restrain the immune response.

Immune checkpoints are inhibitory signalling pathways that counteract TCR and other activat-

ing signals on T cells. Inappropriate signalling of immune checkpoints can be detrimental to the

maintenance of self-tolerance and the effective clearance of pathogens and tumours. For exam-

ple, cancer cells can escape the antitumoral response of activated T cells by expressing ligands

that trigger immune checkpoint suppressive function. Similarly, sustained inhibitory signalling

can lead to T cell exhaustion, a dysfunctional metabolic state associated with worse outcomes

in viral infections and cancer (Wherry and Kurachi, 2015). Immune checkpoint receptors have

therefore become a popular target for immunotherapy; for example, monoclonal antibodies spe-

cific for the programmed cell death protein 1 (PD-1) or the cytotoxic T-lymphocyte protein 4

(CTLA-4), have been approved as a treatment for some types of cancer (Marin-Acevedo et al.,

2021).

The diversity of inhibitory receptors extends beyond PD-1 and CTLA-4 on T cells (Vivier

and Daëron, 1997). This catalogue of inhibitory receptors fine-tunes immune responses in

slightly different ways. For example, these receptors prevent the activation of other receptors

or dampen their signal after activation. The effect of these inhibitory receptors also depends

on the presence of its ligand and the receptor expression, i.e. some are constitutive, but others

are inducible. Given the plethora of available receptors and their expression/ligand-dependent

activity, the immune response can be finely adjusted to the specific context of the cell. In the

following sections, I describe the killer cell immunoglobulin-like receptors, the set of inhibitory
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receptors4 that are the focus of this Thesis.

1.2 Killer-cell Immunoglobulin-like Receptors

Parts of section 1.2 and section 1.3 have been previously published in (Mora-Bitria and Asquith,

2023).

Killer cell immunoglobulin-like receptors (KIRs) are a family of glycoproteic transmembrane

paired receptors5. KIRs are expressed in NK cells and a subset of terminally differentiated T

cells (Moretta et al., 1990; Ugolini and Vivier, 2000). The ligands for KIRs include the highly

polymorphic and polygenic HLA class I (HLA-I) molecules and non-polymorphic ligands such

as non-classical HLA molecules. For NK cells, activating and inhibitory KIR-HLA interactions

regulate both functional maturation and NK cell activation. In the case of T cells, KIR en-

gagement has been shown to increase T cell survival, with some studies hinting at an impact

on its function as well (Anfossi et al., 2001).

1.2.1 The diverse KIR gene family

KIRs are encoded by a gene family located on chromosome 196. KIR genes were generated

through a series of duplications, deletions and point mutations and so are highly homologous

10-15kb long genes separated by only ∼1kb. The human genome can contain up to 14 different

KIR loci with 9 genetic motifs according to a recent classification (Roe et al., 2020a). Although

over a thousand KIR alleles have been reported to date (1,617 different alleles are reported in

the IPD-KIR database (Robinson et al., 2012)), any two KIR alleles from any two loci share

85-98% sequence identity (Roe et al., 2017).

KIRs can be categorised according to their number of extracellular immunoglobulin-like do-

mains and their function (Marsh et al., 2003). According to the former, KIR2D genes encode

receptors with two immunoglobulin domains, whereas KIR3D genes encode receptors with

three. According to their function, KIRs can be activating KIRs (aKIRs) or inhibitory (iKIRs).
4A recent and more complete review about the function of inhibitory receptors can be found in Rumpret

et al. (2020).
5Paired receptors are receptor families with both activating and inhibitory isoforms.
6In particular, KIRs are encoded within the leucocyte receptor complex (LRC) region: a gene-dense region

containing other immune families of inhibitory receptors like Siglec and the leukocyte Ig-like receptor family
(LILR) (Daëron et al., 2008).
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aKIRs are characterised by a short cytoplasmatic tail – for example, KIR2DS2, with S for short

– with a charged lysine that allows association with the adapter molecule DAP12. DAP12 con-

tains an immunoreceptor tyrosine-based activation (ITAM) motif and transduces activating

signals (Lanier et al., 1998). In contrast, iKIRs contain an immunoreceptor tyrosine-based

inhibitory motif (ITIM) in their long cytoplasmatic tail – for example, KIR2DL2, with L for

long – and directly transduce inhibitory signals7 (Burshtyn et al., 1996).

Individuals vary in the number of activating and inhibitory KIR genes they carry in their

genomes. This population’s KIR copy number variation is driven by the KIR genes’ high

recombination rates; the high degrees of homology between alleles and transposon-rich elements

facilitate the generation of dozens of structural variants or haplotypes (Traherne et al., 2010;

Ordonez et al., 2011; Rajalingam et al., 2004). KIR haplotypes have been broadly grouped

according to their gene content into group A and group B haplotypes (Figure 1.1 A). Group A

haplotypes contain several iKIR genes, namely KIR2DL1, KIR2DL2/L3 and KIR3DL1, plus

the framework genes KIR3DL2, KIR3DL3 and KIR2DL4. KIR A haplotypes also contain

an additional activating KIR, KIR2DS4, but most alleles are non-functional due to an exonic

deletion (Graef et al., 2009; Maxwell et al., 2002). Group B haplotypes show more structural

diversity than group A haplotypes and contain more aKIRs (Pyo et al., 2010; Uhrberg et al.,

1997).

A second level of diversity is allelic polymorphism8 (Figure 1.1 B). The full functional implica-

tions of this allelic variation are still unknown, but allelic variation has been shown to impact

surface protein levels. For example, KIR3DL1 alleles have been grouped into “high expressers”

and “low expressers” whilst the KIR3DL1*004 molecule is not expressed on the cell surface and

is considered a null allele (Boudreau et al., 2014; Gardiner et al., 2001; Pando et al., 2003;

Yawata et al., 2006). The binding strength of KIRs to their ligands is also determined by

allelic variation; for example, KIRs encoded by KIR2DL2 alleles at the KIR2DL2/L3 locus are

typically stronger binders than those encoded by the KIR2DL3 alleles (Moesta et al., 2008).

Although KIR A haplotypes are invariant in terms of gene content, they have retained high

levels of polymorphism (Pyo et al., 2010). Conversely, KIR B haplotypes display high struc-

tural diversity but little allelic polymorphism. The clinical relevance of KIR allelic variation is

demonstrated by disease associations such as the association between the KIR3DL1*004 allele
7An exception to this rule is KIR2DL4 which displays features of both activating and inhibitory isoforms;

despite having an ITIM motif in its long cytoplasmatic tail, KIR2DL4 contains a transmembrane activation
motif and is considered an aKIR (Rajagopalan and Long, 2012; Faure and Long, 2002).

8The highest number of alleles has been reported for KIR3DL1 and KIR3DL3 genes, which display 184 and
248 alleles, respectively (Maccari et al., 2020).
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and slower AIDS progression (Martin et al., 2007) or KIR3DL2*107 and early onset of allergic

pathologies (Gao et al., 2022).

A third level of diversity is conferred by the KIR ligands (Figure 1.1 C). Each KIR binds a

subset of ligands with similar, if not higher, levels of polygenism and polymorphism, the HLA-I

molecules9. Although not all KIR ligands have been identified – especially those for aKIRs

– it is well established that iKIRs bind HLA molecules in broad allele groups. For example,

KIR2DL1 recognizes HLA molecules carrying the C2 motif – Asparagine at position 77 and

lysine at position 80 of the α-1 α-helix – while KIR2DL2/L3 recognize molecules encoded by

HLA-C1 allele group, defined by serine at position 77 and asparagine at position 80 of said

helix (Biassoni et al., 1997; Valés-Gómez et al., 1998). On the other hand, KIR3DL1 binds HLA

molecules carrying the Bw4 epitope, a sequence motif determined by amino acids 77-83 on the

α-1 α-helix (Gumperz et al., 1997). In addition, KIRs and their HLA ligands are encoded on

different chromosomes, making their inheritance independent. This fact gives rise to a high

combinatorial diversity: individuals vary in the number of KIR-HLA gene pairs they carry as

they may miss the genes encoding either a KIR receptor, its HLA ligand, or both. Therefore, in

addition to KIR and HLA allelic variation, functional KIR polymorphism is ultimately amplified

by the combinations inherited from these two unlinked loci10.

1.2.2 KIR evolution

KIR diversification from the ancestral KIR3DL lineage is relatively recent; KIR genes have

duplicated and mutated only over the last 30-40 million years in simians (Martin et al., 2000).

KIR genes are rapidly evolving: most MHC-I specific KIRs are absent in the genome of humans’

closest relatives, the chimpanzees (Abi-Rached et al., 2010; Khakoo et al., 2000). Similarly, few

KIR genes are found in other mammals, and those identified have diverged significantly in terms

of sequence and function or are non-functional11 (Futas and Horin, 2013; Takahashi et al., 2004;
9The high variability of the HLA-I molecules is demonstrated by the 25,228 HLA-I alleles reported in the

IPD-HLA database as of April 2023.
10Another layer of complexity in the KIR region is gene expression. Splicing isoforms have been documented

(Bruijnesteijn et al., 2018) and might have functional consequences. Additionally, KIR expression is stochastic,
so within an individual it is possible to find different NK cell populations expressing different combinations of
KIRs. There is evidence of clonal and persistent NK cell subpopulations during infections (Béziat et al., 2013;
Rückert et al., 2022). Since long-term persistence and clonality are characteristics associated with adaptive
immunity, it is speculated that NK cells represent a subsystem of proto-Darwinian immunity (Müller et al.,
2018).

11A distantly-related KIR lineage, KIR3DX, has also diversified in cattle (Guethlein et al., 2007; Dobromylskyj
and Ellis, 2007).
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Figure 1.1: Sources of Killer cell immunoglobulin-like receptors (KIR) diversity. A Diverse KIR
content in different haplotypes. Diagram with two examples of KIR A and B haplotypes. Inhibitory KIRs
are shown in green and activating KIRs in purple. Framework genes are shown in grey. Cross indicates a
recombination hotspot. B KIR sequence variability. Entropy (in bits) of nucleotide positions from multiple
sequence alignment of the 181 KIR3DL1 alleles with full coding sequence reported in the IPD-KIR database
(Robinson et al., 2019). Higher entropy indicates higher variability at a given position (maximum is 2 bits).
C Independent segregation of the human leucocyte antigen (HLA) and KIR genes amplifies functional KIR
polymorphism. Some KIRs bind HLA-I molecules in broad allele groups, e.g. KIR2DL1 binds HLA-C2 molecules
like HLA-C*16:02. Note that the inhibitory KIRs KIR3DL3 and KIR2DL5A/B do not bind HLA molecules but
a B7 receptor and the polio virus receptor (PVR) respectively (Bhatt et al., 2021; Husain et al., 2019).

Sambrook et al., 2006; Hoelsbrekken et al., 2003). Nevertheless, other mammalian species have

expanded different receptors with analogous KIR function (Futas et al., 2020; Schwartz and

Hammond, 2018; Barten et al., 2001). In particular, rodents have diversified the genes coding

for Ly49 receptors (Anderson et al., 2001). KIR and Ly49 receptors are structurally unrelated –

immunoglobulin-like vs C-type lectin-like glycoproteins, respectively – and there are significant

differences in tissue distribution. Ly49 receptors are expressed on neuronal soma, axons and

dendrites, playing a role in neurite branching, synapse formation and neuronal survival (Zohar

et al., 2008). No similar roles have been described for KIRs. However, KIR and Ly49 share

other similarities: they both bind MHC molecules and are expressed in NK cells.

The different evolutionary paths of NK cell receptor diversification underscore the well-established

role of KIRs and analogous families in immune defence and reproduction (Welsh and Waggoner,

2013; Hiby et al., 2004). In humans, KIR A haplotypes are better at fighting infections but

are associated with preeclampsia (Hiby et al., 2004) whereas KIR B haplotypes promote higher

birth weights (Hiby et al., 2014)12. These two competing survivalist functions constrain the

diversification of KIR genes and the genes encoding their ligands – HLA-I genes –, promoting
12Although present at different frequencies, KIR A and B haplotype groups are found in all human populations

studied to date (Hollenbach et al., 2012), suggesting that both haplotypes are actively maintained by balancing
selection.
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ongoing coevolution13.

1.2.3 KIR expression and function

NK cells are the main KIR-expressing population (Cooley et al., 2007), although KIRs can also

be detected in a subset of terminally differentiated T cells (Mingari et al., 1996; Young et al.,

2001).

KIR expression is determined by KIR genotype and minimally influenced by HLA-I genotype

(Andersson et al., 2009). However, the stochastic epigenetic regulation at the KIR gene pro-

moter level results in a clonally distributed expression of KIRs: each cell will express a different

set of one, two or more KIRs (Björkström et al., 2010) although T cells typically express only

one KIR (Björkström et al., 2012). Additionally, NK cells progressively acquire KIRs as they

develop and differentiate to establish the NK cell repertoire (Björkström et al., 2010).

KIR expression is considered stable in NK cells (Uhrberg, 2005; Le Garff-Tavernier et al., 2010),

which contrasts with T cells, where KIR+ T cells accumulate with age (Anfossi et al., 2001), as

they are expressed after T cell development in a subset of antigen-experienced cells (Vely et al.,

2001; Mingari et al., 1996; Young et al., 2001). There is also evidence that iKIRs are transiently

upregulated upon TCR-dependent T cell activation (Huard and Karlsson, 2000; Zhang et al.,

2023).

1.3 Clinical relevance of KIR diversity

Even when T cells can express both aKIRs and iKIRs (Björkström et al., 2012), until now,

most KIR gene disease associations are attributed to NK cell activity during the innate im-

mune response. The rationale behind this relationship is that NK cells are the first lymphocyte

responders during viral infections (Welsh and Waggoner, 2013) and the most prevalent lym-

phocyte subset in the decidua during early pregnancy stages, where they actively participate in

placentation (Wallace et al., 2012). However, given that T cells express KIRs, variation in KIR

genotypes could, in principle, also explain variation in antigen-specific responses between indi-

viduals during the adaptive immune response and the possible autoimmune conditions resulting

from the erroneous activation of autoantigen-specific T cells (Coppieters et al., 2012).
13For a recent review see Pollock et al. (2022).
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In the following sections, I review the current evidence on KIR-HLA diversity influencing disease

outcomes. I classify those associations in those that are NK cell-mediated – innate responses

modulated by KIRs – and those that are T cell-mediated –adaptive responses modulated by

KIRs.

1.3.1 KIR disease associations linked to innate NK cell responses

The relevance of KIRs in immune responses stems from the seminal studies showing that NK

cells specifically targeted tumor cells lacking HLA-I expression but were inhibited when the same

tumors expressed HLA (Ljunggren and Kärre, 1990). This observation was originally named the

"missing-self" response. KIRs were not known at that time but these experiments predicted the

existence of inhibitory receptors on NK cells. After the discovery of the underlying mechanism of

the missing-self response (Moretta et al., 1990), Valiante and Parham (1997) hypothesized that,

in the context of hematopoietic Stem Cell Transplants (HSCT), KIR-HLA mismatches between

donor KIR genes and recipient HLA-I genes would promote graft versus host disease (GvHD)

due to donor NK cell alloreactivity. Indeed, the first KIR disease association was reported in

an study following individuals undergoing HSCT (Ruggeri et al., 1999). Unexpectedly, KIR-

HLA mismatch was associated with lower relapse rates and higher survival (Ruggeri et al.,

1999, 2002) and so it seems that unlike donor T cells, donor NK cells do not promote GvHD.

However, this association seems strongly dependent on the conditioning regime, graft treatment

and the type of disease since other studies have failed to show a significant protective effect

of KIR-HLA mismatched donor grafts (Hsu, 2010). KIRs and KIR-HLA combinations have

also been associated with malignancies other than leukaemia and interestingly with response

to immune checkpoint blockade: inhibitory KIR-HLA gene combinations are associated with

increased overall survival in lung cancer patients treated with αPD-1 (Roe et al., 2022) whereas

presence of the activating KIR3DS1 gene is associated with resistance to αPD-1 therapy also

in lung cancer (Trefny et al., 2019).

Another classic KIR-HLA disease association is found in Human Immunodeficiency Virus 1

(HIV-1) infection. In the presence of its ligand gene, HLA-Bw4-80I, the aKIR allele at the

KIR3DL1/S1 locus, KIR3DS1, is associated with low setpoint HIV-1 viral load, slower pro-

gression to AIDS, high CD4+ cell count, and reduced occurrence of opportunistic infections in

different HIV-1 infected cohorts (Barbour et al., 2007; Boelen et al., 2018; Martin et al., 2002;

Pelak et al., 2011; Qi et al., 2006). KIR3DS1+HLA-Bw4-80I+ genotype is also associated with
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increased odds of seronegativity in HIV-exposed individuals (Boulet et al., 2008; Jennes et al.,

2013). Other examples of KIR gene pairs affecting clinical outcome include associations with

spontaneous clearance of hepatitis C virus infection (HCV) (Khakoo et al., 2004; Thöns et al.,

2017).

There are also reported associations between KIR genes and reproductive success, with in-

hibitory KIR-HLA maternal-fetal interactions increasing the risk of preeclampsia and mis-

carriage (Hiby et al., 2004; Huhn et al., 2018), although counterintuitively, the risk of acute

atherosis in preeclampsia is also associated with aKIR interactions (Johnsen et al., 2018). The

cellular mechanism underlying the KIR associations with reproductive success is attributed to

decidual NK cells (Smith et al., 2009). Mouse studies show that NK cells participate in tro-

phoblast invasion and remodellation of spiral arteries in the endometrium (Ashkar et al., 2000;

Sojka, 2020). NK cell inhibition by iKIRs might hamper trophoblast infiltration, resulting in

insufficient blood supply to the placenta, leading to complications like preeclampsia or low birth

weight (Male and Moffett, 2023; Hiby et al., 2014).

Finally, KIR genes have also been associated with autoimmune disease risk. The KIR2DL2+HLA-

C2+ compound genotype increases psoriasis risk whereas KIR3DL1+HLA-Bw4+ is protective

against multiple sclerosis (Ahn et al., 2021; Hollenbach et al., 2016) and late-onset type 1 dia-

betes (T1D) (Traherne et al., 2016). However, both beneficial and detrimental roles of NK cells

have been reported in autoimmune diseases like type 1 diabetes, multiple sclerosis or rheuma-

toid arthritis (Kucuksezer et al., 2021; Marca et al., 2018; Beliën et al., 2022). Therefore, the

mechanism underlying these KIR associations is less clear.

1.3.2 KIR-disease associations linked to T cell responses

In addition to their role in innate responses (Figure 1.2 A), NK cells have two mechanisms

to regulate adaptive T cell responses, either through cytokine secretion or via direct contact

with T cells or other immune cells like DCs (Pallmer and Oxenius, 2016). Therefore, KIR-HLA

interactions on NK cells might indirectly affect the T cell response (Figure 1.2 B). Furthermore,

in vitro T cell KIR ligation increases T cell survival (Boelen et al., 2018) so KIRs can directly

impact human adaptive T cell immunity (Figure 1.2 C). Whilst there are multiple pathways

whereby KIRs could affect T cell responses, whether these interactions have any impact on the

course of disease in humans has not yet been elucidated.
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Figure 1.2: KIR-HLA interactions during innate and adaptive immune responses. A KIR-HLA
interactions modulate innate NK-cell responses (i.e. missing self-responses). NK cell innate response is typically
the mechanism attributed to KIR-HLA associations. B and C KIR-HLA interactions affect T-cell survival. B
Indirect pathway: NK cells can affect CD8+ T-cell mediated responses. This immunoregulatory role might be
modulated by KIR-HLA interactions. C Direct pathway: iKIR expression on antigen-specific CD8+ T cells
reduces activated induced cell death and increases T-cell lifespan upon ligation of the cognate KIR ligand.
Figure reproduced from Cook et al. (2013) with permission of the rights holder, Elsevier.

Recent immunogenetic analysis from the Asquith lab aimed to determine the effect of these

KIR-mediated T cell modulation in the context of three persistent viral infections (Boelen et al.,

2018; Seich al Basatena et al., 2011). These two studies focus on the subset of classical HLA-I

disease associations attributable to T cells, in contrast to KIR-HLA association studies, which

address the impact of KIR modulation of NK cells. The HLA-I disease associations indicate

that CD8+ T cells are clinically relevant14. If iKIR-HLA interactions modulate CD8+ T cell

responses, then functional iKIR genes (iKIR genes together with their HLA ligand genes) would

modify – i.e. enhance or weaken – these T cell-mediated HLA-I disease associations.

The studied iKIR-HLA ligand interaction is a three-way (gene-gene-gene) interaction: iKIR

gene – iKIR ligand gene – disease risk HLA allele. Three-way gene interactions are not investi-

gated in GWAS studies due to multiple comparisons resulting in a combinatorial explosion which

renders them impractical (Benjamini and Hochberg, 1995); three-way gene interactions are thus

invisible to hypothesis-free GWAS approaches and would have been missed by GWAS studies to

date. To detect the iKIR-HLA ligand interactions, it is necessary to perform hypothesis-driven

– candidate gene studies – in moderate to large cohorts.

To investigate the clinical relevance of iKIR-T cell interactions, Boelen et al. (2018); Seich al

Basatena et al. (2011) analyzed three independent cohorts of individuals living with persistent

viral infections: Hepatitis C Virus (HCV), Human Immunodeficiency Virus 1 (HIV-1), and

Human T-lymphotropic virus 1 (HTLV-1). During these studies, the strength of the HLA

associations with clinical outcomes was assessed in patient cohorts stratified into iKIR gene
14HLA-I molecules present antigen to CD8+ T cells and so restrict CD8+ responses. In contrast, HLA class

II (HLA-II) molecules present antigen to CD4+ T cells and therefore restrict CD4+ responses.
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carriers and non-carriers. In Seich al Basatena et al. (2011), the iKIR gene KIR2DL2 was

found to enhance both protective and detrimental HLA-I associations. This enhancement was

more prominent in the presence of genes encoding the high-affinity ligand of KIR2DL2 – HLA

alleles carrying the C1 motif – suggesting that iKIR ligation is important for the observed

KIR2DL2 impact on the T-cell response. Together, these observations showed for the first

time that the iKIR genotype has a significant impact on HLA-I associations, and suggested

that iKIRs affect antiviral HLA-restricted T cell responses. No effects were detected for similar

iKIR genes like KIR2DL1 or KIR2DL3. However, the absence of significant results for these

iKIR genes may be explained by a cohort size effect due to the low frequency of individuals

with functional KIR2DL1 and KIR2DL3 compared to that for the KIR2DL2 gene.

Evidence of a similar effect for KIR3DL1 can be found in a study investigating the role of

KIR3DS1 in HIV-1 control (Pelak et al., 2011). In that study, KIR3DL1 in the presence

of its ligand gene, HLA-Bw4, enhanced the known protection conferred by KIR3DS1+HLA-

Bw4-80I+ compound genotype (Martin et al., 2002). The authors attributed this effect to

KIR3DS1-KIR3DL1 interactions on NK cells. Interestingly, a HLA-Bw4-80I allele, HLA-B*57,

is associated with low setpoint viral load and slow progression to disease in multiple HIV-

1 cohorts (Carrington et al., 1999; Kaslow et al., 1996); preferential presentation of conserved

epitopes to CD8+ T cells is thought to explain this protective association (Borghans et al., 2007).

Given that HLA-B*57 is prevalent in KIR3DS1+HLA-Bw4-80I+ individuals, KIR3DL1 in the

presence of its ligand gene, HLA-Bw4 might enhance the well-known protective association

of HLA-B*57 with low viral load. The potential KIR3DL1 -mediated enhancement of B*57

protection in this study is reminiscent of the effect observed in HCV and HTLV-1 with KIR2DL2

gene (Seich al Basatena et al., 2011), suggesting that different iKIR genes similarly modulate

T cell responses.

To test this hypothesis, in a follow-up study Boelen et al. (2018) investigated the effect of

multiple iKIR genes, namely KIR2DL1, KIR2DL2/L3 and KIR3DL1. A weighted count of the

number of iKIR-ligand gene pairs – the iKIR score – present in each individual was calculated.

Again, the cohorts were split into individuals with a high inhibitory score and individuals with

a low inhibitory score and the strength and significance of HLA associations were assessed in

each subcohort (Table 1.1). All HLA-I associations in this HTLV-1 cohort were strengthened

in individuals carrying a high inhibitory score and were greatly weakened and nonsignificant

in individuals with a low inhibitory score. In HCV infection a similar result was found: the

protective HLA-B*57 association was enhanced in individuals with a high iKIR score. Finally,
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in HIV-1 infection, both the protective HLA-B*57 and detrimental HLA-B*35Px associations

were enhanced in individuals with a high iKIR score; this was replicated in two independent

cohorts (Boelen et al., 2018). This extensive immunogenetic analysis of three different chronic

viral infections validated earlier preliminary findings that iKIR genes, in the presence of their

ligand genes, modulate HLA-I associations.

Cohort Viral
infection

Outcome
metric

iKIR
score
threshold

HLA
association

HLA association
in iKIR lo

HLA association
in iKIR hi

N

Effect P
value

Effect P
value

HLA+ HLA–

Pooled
IAVI and
IAVI part-
ners

HIV-1 Log viral load 2 B*57 Coeff=
-0.33

0.08 Coeff=
-0.47

0.0002*** 91 750

Pooled
IAVI and
IAVI part-
ners

HIV-1 Log viral load 2 B*35Px Coeff=
-0.12

0.4 Coeff=
0.31

0.003** 153 688

US HIV-1 Time to low CD4
count (<200 cell-
s/mm3)

2 B*57 HR=0.29 0.25 HR=0.25 0.004** 44 446

US HIV-1 Time to low CD4
count (<200 cell-
s/mm3)

2 B*35Px HR=1.54 0.22 HR=2.57 0.001** 64 426

Kagoshima HTLV-
1

Odds of
HAM/TSP

1.5 B*54 OR=1.29 0.7 OR=5.33 0.0007*** 82 310

Kagoshima HTLV-
1

Odds of
HAM/TSP

1.5 A*02:07 OR=0.81 0.8 OR=0.10 0.003** 30 362

Kagoshima HTLV-
1

Odds of
HAM/TSP

1.5 C*08 OR=1.09 0.9 OR=0.32 0.02* 56 336

HCV-
seropositives

HCV Odds of sponta-
neous clearance of
HCV

2.5 B*57 OR=1.55 0.3 OR=2.04 0.03* 84 697

Table 1.1: Functional iKIR gene modulation of HLA-I associations in chronic viral infections. The
effect of iKIR score (weighted sum of functional iKIR genes) on HLA-I associations was assessed in different
chronic viral infection cohorts. IAVI and IAVI partners cohorts were pooled to increase cohort size. Each cohort
was stratified into individuals with high and low iKIR score according to a set cut-off (chosen to give balanced
groups). The risk of the HLA-I alleles significantly associated with clinical outcome was re-assessed in each
stratum i.e in individuals with a high iKIR score (denoted iKIR hi) and in individuals with a low iKIR score
(denoted iKIR lo). The measure of association (Effect) varies according to the outcome metric: coefficient of
regression (Coeff) for log viral load, hazard ratio (HR) for time to low CD4+ count and odds ratio (OR) for odds
of disease or odds of spontaneous clearance. The effect sizes for each HLA association in each iKIR stratum
are reported alongside p-values and cohort sizes. Analysis with groups based on the count of functional iKIR
genes rather than iKIR score gave very similar results (the two numbers are highly correlated). Additional
analyses considering each iKIR independently, using non-pooled cohorts and with different iKIR score cutoffs
are reported in the original studies (Boelen et al., 2018; Seich al Basatena et al., 2011). P < 0.001 ***; P <
0.01 **; P < 0.05 *; P < 0.1 ·; P values are two-tailed. Table reproduced from Mora-Bitria and Asquith (2023)
licensed under CC BY.
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1.3.3 iKIRs modulating adaptive T cell responses: beyond chronic

viral infections

We have seen that iKIR genes are clinically relevant in three chronic viral infections. The

observed iKIR enhancement of detrimental and protective HLA-I associations suggests that

iKIRs modulate T cell responses. In Boelen et al. (2018), mathematical modelling showed that

the immunogenetic findings could be explained if iKIR ligation increases T cell survival. This

hypothesis has just been validated experimentally; Zhang et al. (2023) reports an unexpectedly

large effect of functional iKIR genes on CD8+ T cell lifespan in humans in vivo.

Whether this iKIR-mediated modulation impacts disease outcome in other contexts has not

been explored. An increased T cell survival is expected to be beneficial during antiviral re-

sponses. In autoimmunity though, where an enhanced T cell response might be considered

detrimental, iKIRs might have the opposite effect.

1.4 Thesis scope

In this Thesis, I aim to investigate whether iKIR-HLA interactions modulate HLA-restricted

autoreactive responses.

Several KIR and KIR-HLA gene associations with autoimmune diseases like type 1 diabetes

(T1D), rheumatoid arthritis (RA), multiple sclerosis (MS) or Systemic Lupus Erythematosus

(SLE) have been reported. However, these studies analyse small cohorts and report both

detrimental and protective iKIR associations (Pollock et al., 2022). Here, I take a different

approach and build on previous evidence on the effect of the number functional iKIR genes on

HLA associaitons in persistent viral infections (Boelen et al., 2018). This approach focusing

on the count of functional iKIR genes rather than on discrete KIR-HLA compound genotypes

hints at a pan-iKIR immunoregulatory mechanism where the degree of iKIR engagement has

consequences for T cell longevity, and in turn affects the outcome of adaptive responses.

The study of functional iKIR genes in autoimmune disease will assess whether the iKIR-

dependent modulation of adaptive T cell immunity has broader implications on human health.

Further, this study holds other potential rewards like revealing additional genetic risk factors

in autoimmunity and a novel therapeutic target for the treatment of autoimmune disease.
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Objectives:

1. Investigate the role of iKIR genes in autoimmunity to address the following hy-

pothesis: functional iKIR genes have a detrimental effect on HLA associations in

T1D.

2. Implement mathematical models to find possible mechanisms for the iKIR modula-

tion of HLA associations in T1D. The working hypothesis is that iKIR engagement

increases T cell lifespan.

3. Analyze protein and RNA expression data to investigate which pathway, the direct

or indirect, is more likely to be responsible for the observed iKIR effect in T1D.

Chapter 2 outlines the datasets and statistical methods used in this Thesis.

In Chapter 3, I address objective 1. It contains the immunogenetic analysis of a large T1D

case-control dataset. The findings are validated in an independent dataset.

In Chapter 4, I present the results from objective 2. It contains a plausible explanation of the

counter-intuitive iKIR effects observed in objective 1.

Chapter 5 focuses on the results from objective 3. It contains the analysis of flow cytometry

and RNA seq data of PBMCs.

Finally, in Chapter 6, I summarize the findings of this Thesis and their implications, discuss

the limitations of the study and propose next steps.

Thesis-related publications

Mora-Bitria, L and Asquith B. Innate receptors modulating adaptive T cell responses: KIR-

HLA interactions and T cell-mediated control of chronic viral infections. Immunogenetics, 2023.

doi: 10.1007/s00251-023-01293-w.

Mora-Bitria, et. al. Inhibitory KIRs decrease HLA class II-mediated protection in Type 1

Diabetes. In preparation.
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Chapter 2

Modelling adaptive immune responses

The growing volume of high-throughput and high-quality genomic data has allowed unbiased

data-driven research methods to uncover hundreds of variants associated with disease1. Al-

though the search for causal genes has obviously been productive, genomics’ promise to explain

the mechanisms behind complex diseases has not been fully realised. Each of these risk variants

confers relatively small increments in disease risk. Further, their cumulative sum typically ex-

plains only a small proportion of the overall disease genetic variation, i.e. disease heritability2.

This is known as the “missing heritability problem” and emphasizes that big data by itself is

not always useful to identify the molecular and/or cellular mechanisms underlying complex

diseases.

In this Thesis, I use mathematical models and an hypothesis-driven approach to study the role

of iKIR genes in autoimmunity. Mathematical models can be divided into phenomenological

and mechanistic models. Phenomenological models, also known as empirical models, statistical

models or data-driven models, aim to describe relationships between the observed variables. As

a consequence, statistical models are also named black box models because they are not derived

from first principles. Mechanistic models try to represent explicitly the different parts and

processes of a system. Both types of models are considered in this work but statistical models

will be the main focus. Despite mechanistic models being superior in theory, the knowledge

required to create such models is typically not available in practise. Therefore, I mainly use

statistical models to test and validate hypotheses. I also implement a mechanistic model to
1Almost 60k distinct SNP associations are reported in NHGRI-EBI GWAS Catalog (Sollis et al., 2023).
2Heritability of a trait is the amount of phenotypic variation explained by genetic variation in a population.
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find plausible explanations for observed KIR effects on disease risk.

2.1 Cohorts

This section introduces the cohorts and datasets analyzed throughout the Thesis.

2.1.1 The UK-GRID case-control cohort

The primary cohort is a UK-based cohort of 13,452 individuals, with 6,783 T1D cases from

the UK Genetic Resource Investigating Diabetes (UK-GRID) (Genetics of Type 1 Diabetes in

Finland et al., 2007), aged between 6 months and 16 years.

Clinical case definition: UK-GRID case collection included subjects diagnosed with T1D

(insulin-dependent) that were under 17 years of age. T1D patients over 16 years of age were

excluded. Additional exclusion criteria include insulin-treated diabetes which is secondary to

other pathology, Cystic fibrosis, Thalassemia and Haemophilia.

UK-GRID cases were matched with 6,669 controls from the British 1958 Birth Cohort (B58C)

(Power and Elliott, 2006). All subjects were genotyped on the Illumina Infinium high density

Immunochip array (Illumina Inc., USA) (Cortes and Brown, 2010). HLA and KIR genotypes

were imputed using SNP data (see Genotype imputation). Individuals with missing information

(sex or HLA/KIR genotype) were discarded, leaving a total of 11,961 individuals (6,219 cases

and 5,742 controls).

2.1.2 HBDI family cohort

An independent T1D dataset analysed in this Thesis consists of 402 US families from the

Human Biological Data Interchange (HBDI), a repository founded for the purposes of diabetes

research. The HBDI family cohort contains children affected with T1D and their first-degree

relatives. All families have at least 2 affected children and parents are not affected. All 1,721

individuals in this repository have been previously KIR and HLA genotyped (Noble et al., 1996;

Erlich et al., 2008; Traherne et al., 2016). Pedigree information was available for all individuals.
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2.1.3 Kallionpaa single-cell RNA sequencing dataset

The Kallionpaa dataset contains single-cell RNA sequencing (scRNA-seq) data of peripheral

blood mononuclear cells (PBMCs) of 4 children postive for islet auto-antibodies and 4 matched

controls (Kallionpää et al., 2019). The PBMC samples were collected at multiple timepoints

(12, 18 and 24 months of age) from seven children who developed β-cell autoimmunity (case

subjects) at a young age. Samples from matched controls were also collected. Of those, 8

samples (4 cases and 4 controls) were sequenced at single cell resolution using Chromium

Single Cell Gene Expression platform from 10X Genomics (Single Cell 3’ Solution v2 reagents).

Single cell technologies like those from 10X Genomics can partition single cells into wells or,

in this case, into droplets. In addition to the single cell, each droplet contains a bead coated

with poly(dT) – deoxythymidines – capture sequences, enabling the capture of poly-adenylated

mRNA molecules. In addition to the poly(dT) sequence, the capture sequences contain a cell

barcode – short nucleotide sequence common to all capture sequences in a single bead – and

a unique molecular identifier (UMI). UMIs are also short nucleotide sequences but they are

random: each capture sequence in a bead contains a random UMI sequence and so it is very

unlikely to find two capture sequences with the same UMI in a bead. Therefore, before any

PCR amplification step, each transcript in a cell will be barcoded by a unique barcode, the

UMI. The barcoding step (cell bardoding + UMI barcoding) takes place at the beginning of

library preparation, before any PCR amplification step. UMIs are particularly useful when

starting with low amounts of material; stochastic amplification in the first rounds of PCR due

to low input cDNA plus inherent polymerase amplification biases lead to erroneous transcript

quantification during the bioinformatic analysis step. UMIs solve these issues as they will

enable more accurate quantification of the number of initial transcripts – avoiding PCR bias,

e.g. allowing bioinformatic identification of PCR duplicates – and better discrimination of

PCR/sequencing errors.

After library preparation, indexed libraries were sequenced with Illumina HiSeq 3000 (one

sample per lane) using paired-end sequencing. I downloaded the raw FASTQ files from the

scRNAseq experiment from the European Genome-Phenome Archive (EGA).
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2.1.4 Twins UK cohort

The UK Adult Twin Registry, in short TwinsUK Registry, was established in 1992 to investigate

osteoarthritis and osteoporosis genetics in women but as of now includes 12,000 twins from UK,

both male and female, aged between 18 and 103 years. The study participants have been studied

for a wide range of clinical and behavioral traits, and more recently longitudinal phenotypes

were included to study healthy aging (Moayyeri et al., 2013). In this Thesis, I focus on a set of

497 female twins in the TwinsUK registry, which will be referred as the TwinsUK cohort. These

individuals were recently immunophenotyped for thousands of traits (Roederer et al., 2015).

Of those, 457 have been genotyped on the HumanHap300 and the HumanHap610Q. Access to

QCed SNP data was provided by TwinsUK registry. All individuals were healthy at the time

of blood collection for immunophenotyping (Roederer et al., 2015).

2.1.5 Cardiff cohort

The Cardiff cohort contains KIR immunophenotype data from 10 T1D patients and 10 matched

controls (matching factors: age and gender). Healthy controls were recruited at Imperial College

London by the Asquith lab. The healthy cohort age ranged between 22-65 with 60% females.

Blood samples from healthy individuals were collected and processed by Charandeep Kaur.

Blood samples from T1D patients with long-standing disease (N=3) were provided by Linda

Hadcocks (University of St George’s). Additionally, 5 blood samples from T1D patients with

recent diagnosis (within 1 year of diagnosis) and 2 samples from patients with long standing

disease were provided by Susan Wong (University of Cardiff). The T1D cohort age ranged

between 18-58 with 70% females.

All samples were stained and analysed on the flow cytometer in the same experiment by Kelly

Miners and Kristin Ladell (University of Cardiff). The multi-colour antibody panel (see sec-

tion B.2) was designed to assess the expression of KIR2DL1, KIR2DL2/L3 and KIR3DL1 in

the different CD4+ and CD8+ memory populations as well as in NK cells.
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2.2 Genotype imputation

Genotype imputation refers to the process of predicting –or imputing– a genotype at a locus or

at multiple loci that have not been directly assayed. Imputation methods use a reference panel

where SNP genotype data and the genotype of interest are available for a set of individuals.

Then, a statistical model is fitted to the reference panel to associate the SNP variation to the

target genotype. Using this statistical model, one can then impute the genotype or genotypes

of interest for individuals for whom only the relevant SNP genotypes are available.

HLA 4-digit resolution alleles at classical HLA loci (HLA-A, B, C, DRB1, DQA1, DQB1 and

DPB1 ) for the UK-GRID cohort were previously imputed to two field resolution with HIBAG

v1.14.018 (Zheng et al., 2014).

KIR genotypes in the UK-GRID cohort were also previously imputed using KIR*IMP impu-

tation software (Vukcevic et al., 2015). For KIR genotype imputation of the TwinsUK cohort,

I used the github repository bjohnnyd/hla-kir-imputation that contains a Snakemake (Mölder

et al., 2021) workflow to process SNP data for KIR*IMP. The workflow has 3 main steps. First,

it converts genomic coordinates to GRCh37 coordinates (build 37) so SNP positions match those

of the KIR*IMP SNP panel. This step can be skipped if SNP positions are already in GRCh37

coordinates. Secondly, the KIR SNPs should be encoded as in the KIR*IMP reference panel

so strand reversal is performed (if needed). Lastly, haplotypes at the KIR region are estimated

using SHAPEIT (Delaneau et al., 2014). KIR imputation is then performed using KIR*IMP

software wtih the overlapping SNPs between the KIR*IMP panel and the SNPs in the dataset

being imputed. I kept imputations at a probability threshold of 0.5 which has been reported

to ensure 92% accuracy at KIR loci (Vukcevic et al., 2015).

2.3 Logistic Regression

In this Thesis, I investigate the effect of KIR genotype on disease outcome. The response or

dependent variable is dichotomous: individual is healthy or has disease. Logistic regression

models are typically used to analyse binary data.
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Consider the following response variable Yi with only two possible values:

yi =

1, if individual carries the disease

0, if individual is healthy

Each realization of Yi can take values of one and zero with a given probability p or 1-p, re-

spectively. Now consider that we have multiple individuals that can be classified into k groups

based on the value of an explanatory covariate, e.g. presence of a risk genotype:

xi =

1, if individual carries the risk genotype

0, if individual does not have the risk genotype

We can then group the data points and define:

yi = number of individuals in genotype group i

If the ni observations in each genotype group i are independent and the probability of having

the disease pi is the same, we can represent the number of diseased and healthy individuals as

a set of ni Bernoulli trials using a binomial distribution with parameters pi and ni:

Yi ∼ B(ni, pi)

Logit Transformation

To test hypotheses, one can estimate pi based on xi. However, we cannot represent the prob-

ability pi using a linear function of the covariate xi because a linear predictor of the form

η = Xβ with estimated parameters β and a matrix of independent variables X can take any

real value whereas pi takes values between 0 and 1. To solve this issue, the probability p is

transformed to odds by dividing the probability p by its complement 1− p, which removes the

ceiling restriction:

oddsi =
pi

1− pi

Then, the odds are transformed to log-odds to remove the floor restriction:

logit(pi) = log
pi

1− pi

This is known as the logit transformation and provides a link between the linear predictor η

and the binomial distribution of the random variable Yi by mapping the probabilities to any

real value between −∞ and +∞.

The data can be aggregated in a 2 x 2 contigency table:

where yi now is the number of diseased individuals in each group and fit the following logistic
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Genotype(1) Genotype(0)
Disease(+) a b
Disease(−) c d

Table 2.1: 2x2 contingency table Disease status vs Genotype.

regression model:

logit(p) = log(
p

1− p
) = x

′

iβ (2.1)

Where x
′
i is a vector of covariates and β a vector of regression coefficients. Parameters are

obtained by maximizing the likelihood given the data.

2.3.1 Effect modification of KIR genotype

The biologic mechanism of interest is the KIR regulation of the T cell response, probably

through an increase in lifespan. To estimate the magnitude and significance of this effect for

human health, the starting point are HLA associations with disease, as these represent good

evidence that T cells are implicated in disease etiopathogenesis. Then, if KIR genes impact

the T cell response, we expect that the effect size of HLA associations changes depending

on the KIR genotype (Figure 2.1 A). This KIR modulatory effect on HLA associations can

be assessed using two different approaches: via stratification (or subgroup) analysis or using

interaction terms in the logistic regression model.

Figure 2.1: Effect modification of iKIR score on HLA risk. A Diagram representing the effect modifi-
cation of interest. B Causal diagram in iKIR stratified populations.

Stratification

To assess the effect of KIR genotype on HLA associations we can classify individuals into those

carrying a high number of KIRs (KIRhi) and those carrying a low number of KIRs (KIRlo).

Then, the beta coefficient for the HLA genotype of interest can be estimated separately in each

KIR stratum, which results in two logistic regression models (Figure 2.1 B). The advantage of

this approach is that the interpretation of the results is straightforward and any covariates, not

only HLA but also gender for example, in the model are allowed to differ by iKIR genotype
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category. However this approach has less power as the datasets are halved (or reduced to

the size of the strata) and one cannot directly calculate a p-value for the difference observed

between the two strata. Nevertheless, we can calculate a p-value using Monte Carlo methods

(see Approximate permutation test using Monte Carlo). The two stratified models are as

follows:

logit(p) =

βiKIRhi
0 + βiKIRhi

HLA HLAi, if iKIR score = 1

βiKIRlo
0 + βiKIRlo

HLA HLAi, if iKIR score= 0

Interaction

Alternatively, we can consider a joint model for the two iKIR strata. The system of two

regression models above can be collapsed into one regression model by considering two HLA

genotype covariates, one for each iKIR strata, instead of one:

HLAHi
i =

HLAi, if iKIR score = 1

0, if iKIR score = 0

and:

HLALo
i =

0, if iKIR score = 1

HLAi, if iKIR score = 0

The new explicit interaction model has three covariates HLAHi
i , HLALo

i and iKIR score:

logit(p) = β0 + βLoHLALo
i + βHiHLAHi

i + βiKIRiKIRscore

The β estimates for the HLALo
i and HLAHi

i explanatory variables are the same as in the system

of two regression models, i.e., βiKIRhi
HLA and βiKIRlo

HLA . Albeit having a joint model with covariates

for each stratum, we still do not have a direct estimate of the difference between iKIR high and

iKIR low and we need to take additional steps to calculate a p-value. Additionally, both the

explicit interaction model and the stratification approach cannot deal with continuous effect

modifiers, e.g. when iKIR score is a continuous variable with real values between 0 and 4, and

therefore are restricted to discrete modifiers.

To overcome these issues, we can include an interaction term between the HLA genotype and

the iKIR score (as a discrete or as a continuous variable):

logit(p) = β0 + β1HLAi + β2iKIRi + β3 : HLAiiKIRi

With this approach we directly get and estimate for the interaction between HLA and iKIR
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score and the associated p-value.

2.4 Family-based analysis

To validate the results obtained from the analysis of the case-control UK-GRID cohort, I use the

HBDI family cohort. Due to the relatedness between the individuals in this dataset, common

statistical tools used for the analysis of cohorts of unrelated individuals cannot be used. In this

section, I review family-based association methods.

Family-based studies are in principle superior to case-controls as confounding is better con-

trolled than in unrelated case-control studies. In such population-based studies, a significantly

higher frequency of a specific genetic variant in cases compared to controls suggests that this

variant plays a functional role in the development of the disease. However, because of the non-

relatedness between individuals in the study, information about the inheritance of the variant

is lacking and any significant findings can be influenced by non-genetic factors like population

stratification (Figure 2.2). Population stratification occurs when there is improper matching

between cases and controls of the sample under study, which results in an uneven representation

of the genetic subgroups or ancestries. In this scenario, differences in gene frequency between

these sub-populations may appear as differences in gene frequencies between individuals with

disease and those disease-free. In contrast, family-based designs are typically protected from

population stratification or genetic admixture; the control sample set is chosen from the same

families where the case sample set is selected and so appropiate matching can be ensured.

Furthermore, family-based studies offer additional advantages in minimizing the impact of

other confounding factors. Family members typically share similar environmental and dietary

exposures, making it more likely that phenotypic differences between them can be attributed

to genetic variations rather than non-genetic uncontrolled factors.

One of the first approaches to leverage the advantages of family-based design was the haplotype

relative risk (HRR). Falk and Rubinstein (Falk and Rubinstein, 1987) postulated that in trios

(two parents and one affected child), those genes not transmitted to the affected children

could be used as a well-matched pseudo-control genotypes. The frequency of a given genotype

in affected children and in pseudo-controls can then be compared using standard statistical

methods like χ2 test. However, χ2 test assumes independence between the observations and
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Figure 2.2: Population stratification confounds case-control studies of unrelated individuals. Pop-
ulation stratification confounds case-control studies of unrelated individuals. Note that the variant denoted by
a black star is more frequent in population B (squares) than in population A (circles). Nevertheless, it is present
at similar frequencies in cases and controls in both populations and therefore is unlikely to be a causal variant
of the disease present in cases (orange squares and orange circles). In the study sample, there is an uneven
sampling of cases (over-represented by population B) and controls (over-represented by population A) and a
spurious disease association is detected.

this assumption does not hold in the presence of recombination between the variant of interest

and the causal locus (Ott, 1989).

2.4.1 Transmission/Disequilibrium test

Spielman et al. (1993) introduced the transmission disequilibrium test (TDT) as a valid method

for assessing linkage in the presence of association3. The TDT requires genotypes from simplex

families, i.e. trios comprising both parents and one affected child. Similar to the HRR, the TDT

compares transmitted and non-transmitted alleles. However, it employs a matched approach

where each pair of alleles from each parent is treated as a matched pair. Each allele in the pair

is categorized as transmitted or non-transmitted to the affected child, as illustrated Table 2.2,

and so complete genotype information from both progenitors is required.

Mendel’s first law of segregation states that the odds of transmitting the maternal allele instead

of the paternal allele to offspring are 1:1. Therefore, in the absence of an association between the

variant of interest and the causal locus, each allele at the locus of interest will be transmitted to

affected children with an equal probability. Since Mendelian segregation can only be observed at

heterozygous loci, only families with at least one heterozygote parent for the locus of interest

are considered informative. As a result, family-based association studies are typically more

expensive compared to population studies4.
3It can also be used to test for association in the presence of linkage.
4To achieve similar statistical power, family studies require a larger number of genotypes compared to case-

control cohorts. Specifically, in case-control studies with a balanced number of cases (N) and controls (N)
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In this framework, where the transmission and non-transmission of alleles from progenitors

are negatively correlated, a χ2 test of independence is not appropriate. Instead, the valid

non-parametric test is the McNemar χ2 test for matched pairs. This test allows us to evaluate

whether the expected proportions of transmitted and non-transmitted alleles are 0.5, indicating

equal probabilities of transmission (E(b/(c+ b)) = E(c/(c+ b)) = 0.5, as shown in Table 2.2).

The McNemar test (or TDT) can only detect linkage if the variant is associated with the disease

and vice versa. Therefore, rejecting the null hypothesis implies the presence of both linkage

and association between the variant and the disease locus. This is more clearly illustrated

in Figure 2.3. If there is no linkage between the variant and the causal locus (they are really

distant on the chromosome and therefore the probability of recombination between homologous

chromatides is σ = 0.5), then the variant will be transmitted together with the causal variant

with probability 0.5: scenarios in Figure 2.3 A and Figure 2.3 B are equally likely and so are

those in Figure 2.3 C and Figure 2.3 D.

Alternatively, even if the locus of interest and the causal locus are linked and the alleles at these

loci tend to be inherited en bloc (σ < 0.5), when there is no association, the causal allele can

occur with the variant of interest in the same haplotype (Figure 2.3 A) with equal probability

as the neutral allele (Figure 2.3 C). In other words, both haplotype phases are equally likely.

Finally, in the case of neither association nor linkage, then scenarios in Figure 2.3 B and

Figure 2.3 D are equally likely. Therefore, under these 3 scenarios, the variant of interest will

segregate independently of the causal variant to offspring, and the transmission disequilibrium

test (TDT) will not reject the null hypothesis.

We apply the TDT to test the effect of iKIR score on HLA genotypes. Each HBDI family is anal-

ysed as a trio for each affected sibling. If multiple affected children are available only one child

is randomly selected. Similar to the case-control setting, trios are stratified into “iKIR high”

or “iKIR low” based on the iKIR score of the affected child (iKIR high: iKIRscore>threshold,

iKIR low: iKIRscore≤threshold). Then for both strata and each driver allele, the number of

transmissions of the protective allele from heterozygous parents to affected children and the

number of non-transmissions i.e. the transmissions of the protective allele to a non-person is

counted following Spielman et al. (1993); Ott (1989) (Table 2.2).

The difference in the ln[OR], i.e. difference of the log of the ratio of transmitted to non-

one needs to genotype 2N individuals whereas in family studies one typically needs needs (3+x)N times more
genotyping, where x is the number of additional informative trios to achieve similar power to the case-control
setting (Cordell and Clayton, 2005).
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Figure 2.3: TDT tests for linkage and association. Transmission scenarios given a progenitor that carries
the causal variant (darkblue, penetrant in offspring) and is heterozygote at the locus of interest (orange and
yellow alleles). A The variant of interest (orange) and the causal variant (darkblue) are on the same chromosome
and are passed on to offspring without recombination. B The variant of interest and the causal variant are on
the same chromosome but due to recombination, they are not jointly transmitted. C The variant of interest
and the causal variant are on different chromosomes and there is no recombination. D The variant of interest
and the causal variant are on different chromosomes and there is recombination (no linkage). Figure reproduced
from (Balding et al., 2007), with permission of the rights holder, John Wiley & Sons.

Non-transmitted allele

Transmitted allele M1 M2 Total
M1 a b a+b
M2 c d c+d
Total a+c b+d 2n

Table 2.2: Transmitted and non-transmitted alleles among case-parent trios. M1 is the variant of
interest and M2 all other alleles at the same locus. M is the locus of interest, M1 is the variant of interest and
M2 all other alleles at that locus.
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transmitted genes between children with a high iKIR score and children with a low iKIR score

is used as the test statistic (Keenan et al., 2010):

ln[b/c]KIRhigh − ln[b/c]KIRlow (2.2)

Spielman et al. (1993) calculated the distribution of the transmission ratio under the null

hypotheses of interest analytically. Since the goal here is to test the effect of iKIR score on

multiple HLA genotypes whose transmission could not be guaranteed to be independent of each

other (because of linkage between HLA loci) an analytical approach is not available and the

null distribution is estimated using Monte Carlo methods (see Approximate permutation test

using Monte Carlo).

2.5 (Multiple) Hypothesis testing

Throughout the Thesis I apply the statistical inference method of hypothesis testing to draw

conclusions about the effect of KIR genes in T cell mediated responses. A statistical hypothesis

makes an statement about the distribution of a random variable X. In hypothesis testing,

our objective is to examine whether there is sufficient statistical evidence to reject the null

hypothesis (H0) in favor of a proposed alternative hypothesis (H1). An hypothesis test allows

us to reach a statistical decision, i.e. to reject or fail to reject the H0 hypothesis we apply

an hypothesis test. Test statistics summarize the observed values X to one value and can be

used in an hypothesis test to reject H0 in favor of the H1. A valid test statistic is one that

takes different values under the null hypothesis and the alternative hypothesis. For some test

statistics the distribution of the statistic under the null hypothesis can be calculated exactly.

One example is the t-student test for the difference of the means from two populations. The

probability that the test statistic would be as or more extreme than the observed values, where

extreme is interpreted relative to the null hypothesis H0, is the p-value for the test. Therefore,

the p-value can take values between 0 and 1 and the smaller the p-value the stronger the

evidence against the H0. The significance value of the test statistic (α), that is the value at

which we decide to reject the null hypothesis in favour of the alternative is typically set to

α = 0.05. When making a decision about an hypothesis test, i.e. to reject or not reject H0,

we might be correct or wrong and we usually do not know which of these scenarios took place.

However, we can estimate the probability of these two types of errors (Table 2.3). A Type

I error is a false positive and occurs when we reject H0 despite being true. A Type II error
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is a false negative and occurs when we fail to reject H0 despite being false. The maximum

probability of a Type I error is the significance level of the test. That is why significance levels

are low and usually set to α = 0.1 or α = 0.05.

Decision

Truth Fail to reject H0 Reject H0

H0 True Correct (TN) Type I error (FP)
H1 True Type II error (FN) Correct (TP)

Table 2.3: Error matrix for statistical classification. TN=true negative, FP=false positive, FN=false
negative, TP=true positive.

2.5.1 Approximate permutation test using Monte Carlo

Under some null hypotheses, a theoretical distribution of test statistics like the Student’s t-

distribution is not available. In these cases, an empirical distribution of test statistic can be

estimated using resampling methods. The H0 hypothesis of interest here is that the number of

iKIR genes does not affect risk of disease. Individuals are divided into iKIR high and iKIR low

strata and the HLA risk is estimated within each group by the ln[OR]. As we have seen for the

family based analysis, the test statistic is therefore the absolute difference in ln[OR] between

the two groups:

statistic = |ln[OR]iKIRhigh − ln[OR]iKIRlow|

We can use a permutation test, also known as exact test or randomization test, to calculate the

distribution of the statistic under the null hypothesis. This is achieved by calculating the test

statistic under all possible rearrangements (without replacement) of the labels of the observed

values, in this case the iKIR status (high or low labels).

To calculate an empirical p-value, the following steps are performed. First, the iKIR labels

(high and low) in the original dataset are shuffled without replacement. Then, the test statistic

is calculated based on this permuted dataset and recorded. These two steps are repeated for

all possible permutations of the dataset. The sampling distribution of the test statistic under

H0 is represented by the distribution of the statistic obtained from the permuted datasets. The

p-value is the proportion of permuted statistics that are as or more extreme than the observed

statistic in the real dataset (without shuffling the labels).

51



Given the size of the datasets analysed in this Thesis, the exact permutation test is intractable.

To solve this issue, I use Monte Carlo methods implemented in the R function sample() with

the option replacement=FALSE to estimate the null distribution of the statistic from a subset

of all possible permutations.

When testing the effect of iKIR score on multiple HLA genotypes, a permutation test is also

needed to calculate the test statistic. Here, the statistic is the weighted mean of the ln[OR]

difference between iKIR high and iKIR low. The weights are the frequencies of the HLA

genotypes being tested:

statistic =

n∑
i=1

wi

∣∣ln[OR]iiKIRhigh − ln[OR]iiKIRlow

∣∣
n∑

i=1

wi

where i is the ith genotype, n the total number of driver genotypes and wi the frequency of the

ith genotype. Again, using monte carlo methods I sample a subset of all possible permutations.

Again, the p-value is the count of permuted statistics that are as or more extreme than the

observed statistic divided by the number of permutations performed.

2.5.2 Multiple testing procedures

We have seen that if H0 is true, at a significance level α = 0.05, 5% of the tests we do, e.g. in

100 different samples, will still come up as significant by chance. These significant tests will be

false positives or type I errors.

Therefore, performing multiple tests on a given dataset increases the chances of rejecting a

null hypothesis. This is a consequence of the underlying logic of hypothesis testing, which

involves the rejection of the null hypothesis when a rare event is observed. As the number of

(independent) tests increases, the probability of obtaining a statistically significant result by

chance also increases as follows:
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P(Making an error) = α

P(Not making an error) = 1− α

P(Not making an error in m tests) = (1− α)m

P(Making at least 1 error in m tests) = 1− (1− α)m

Thus, the chance of making at least 1 error is closer to 100% as m gets bigger5. This issue

commonly known as the inflation of the α level or the multiple testing problem.

Following Table 2.3 we can summarise the outcome of a family of m tests in the same 2x2

contingency table:

Decision

Truth Fail to reject H0 Reject H0 Total
H0 True U V m0

H1 True T S m1

Total m-R R m

Table 2.4: Classification of possible outcome scenarios in a family of m tests.

To control the number of false positives when conducting m hypothesis tests, we need to apply

a multiple testing procedure. Multiple testing corrections typically aim at controlling either

the family-wise error rate or the false discovery rate.

The family-wise error rate (FWER) is the probability of making at least 1 Type I error and

can be expressed as:

FWER = 1− P (V = 0)

Where P (V = 0) is as before the probability of not making an error in m tests, (1− α)m. An

equivalent expression of FWER is :

FWER = P (V > 0)

The false discovery rate (FDR) is the expected proportion of false positives (FP):
5For example, consider a case where we want to test the effect of 20 different SNPs on disease risk at α = 0.05.

The probability of observing a significant result just by chance under the complete null hypothesis is 0.64.
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FDR = E(FP )

where

FP =

V/R, if R > 0

0, if R =0

Whether we want to control the FWER or FDR depends on the nature of our experiment.

FWER is more strict than FDR and therefore should be used when false positives are to be

avoided. FDR will lead to a higher number of rejections and is typically used in genomics where

a decent number of significant findings out of thousands tests are expected. The aim there is

to detect those significant results at the expense of having few false positives.

A multiple testing correction method is said to have strong control of the FWER if the

FWER ≤ α is true for any configuration of true m0 and false m1 null hypotheses. On the

other hand, a method that only controls the FWER in the weak sense means that FWER ≤ α

is only true if the global null hypothesis is true, i.e. m0 = m.

A classic multiple testing procedure to control FWER is the Sidak equation. Sidak equation

allows control of the FWER at level α. So if we want αFWER = 0.05, we can use the equation

in subsection 2.5.2 to find the adjusted significance αSidak per test to ensure the type I error

rate in a family of m tests stays at αFWER:

P(Making at least 1 error in m tests) = αFWER = 1− (1− α)m

αFWER − 1 = −(1− α)m

1− αFWER = (1− α)m

(1− αFWER)
1
m = 1− α

αSidak = α = 1− (1− αFWER)
1
m

The Sidak equation allows for strong control of the FWER. The adjusted p-values are given

by:

pSidakadj = 1− (1− punadj)
m

A related correction and the most used one is the Bonferroni correction, which is an approxi-

mation of the Sidak equation:

αBonf = α/m
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And the Bonferroni adjusted p-values are:

padji = min{m× punadji , 1}

An hypothesis H0,i is rejected if the pi, unadj ≤ α
m

. We can also show that Bonferroni correction

strongly controls for FWER for a set of null hypothesis I, where |I| = m0, and using Boole’s

inequality:

FWER = P (V ≥ 1) = P (
⋃
i∈I

Vi) ≤
∑
i∈I

P (Vi) ≤
∑
i∈I

α

m
= m0

α

m

Although Bonferroni and Sidak are approximately the same, Boole’s inequality makes Bonfer-

roni is slightly more pessimistic and will give a smaller significance level αBonf than αSidak.

Both Sidak and Bonferroni methods are single-step multiple test corrections that set a new

more conservative significance level, αBonf or αSidak. Other variations of the Sidak-Bonferroni

correction include the step-down Holm correction, the step-up Hochberg correction and the

step-up Hommel correction, which apply the Bonferroni correction to the ordered p-values.

These step-wise approaches are uniformly more powerful than the Sidak or Bonferroni single-

step approaches, meaning that they are at least as powerful as the single-step procedures but

still control FWER at level α.

Nevertheless, all multiple testing corrections described above become more conservative as

the number of tests m increases. Further, both single-step and step-wise Sidak-Bonferroni

adjustments do not take into account the distribution of tests and they will lead to erroneous

rejections when the tests m are correlated.

2.5.3 Multiple testing procedures for dependent tests

The Sidak-Bonferroni family of multiple leads to conservative adjustments of the FWERα

when tests are correlated. This means that the Bonferroni adjusted significance level is very

strict, which might impact on the power of the test and increase the probability of false negative

results. Therefore, a multiple testing procedure that accounts for the joint distribution of the

tests will be more powerful. Typically, the joint null distribution is not known but as we

have seen we can apply non-parametric methods like a permutation test to estimate the null

distribution.

Maximum statistic (maxT)
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The maxT method is a multiple testing procedure that takes into account the dependency of

the tests. The goal is to estimate the joint distribution of the maximum test statistics under

the null by permuting the labels of the dependent variable and thus preserving the dependency

structure between the explanatory variables (Westfall and Young, 1993).

The probability of type I error can also be defined as the complement of the cumulative distri-

bution function evaluated a t, where t is the critical value:

P (T > t) = 1− FT (t) = α

Given a set of null hypothesis H, the probability that the ith test statistic ti is bigger than the

critical when the null hypothesis is true is given by:

P (ti > t) = 1− Fi(t)

Since we have |H| hypotheses, the probability of type I error above will be higher than α.

We can adjust the critical value t so that the probability of rejecting one or more true null

hypothesis among the family of hypothesis remains at the desired level α.

The family-wise null hypothesis is a joint null hypothesis where there is no effect for any test, or

H0 = ∩iH0,i. If we assume that the |H| tests are independent, the probability of that happening

is:

P (ti ≤ t) =
∏
i

P (ti ≤ t) =
∏
i

Fi(t)

And the probability of any significant result given that the joint null hypothesis is:

P (V > 0) =
∏
i

P (ti > t) = 1−
∏
i

Fi(t) = 1− Fi(t)
H

Under the null hypothesis, the probability that any test ti is greater than t is equivalent to

the probability that the maximum test statistic tmax in the family exceeds t. Therefore, one

can control the FWER using the tmax distribution under the null and then set the family-wise

significance level αFWER using that distribution.

When unknown, the distribution of maximum statistics under the null hypothesis can be ap-

proximated using re-sampling procedures the Monte Carlo permutation test (see Approximate

permutation test using Monte Carlo).

Finally, an equivalent approach to the maxT is the minP, where minimum p-value in a family of

tests is the statistic used to estimate the joint null distribution under the null (by permutation).

The 5% quantile of the distribution of minimum P-values represents the family-wise significance

threshold (i.e. adjusted significance level).
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Chapter 3

Immunogenetic analysis of a T1D case

control cohort

We have seen that there is accumulating experimental evidence that iKIRs regulate T cell-

mediated immunity. We have also seen that this pathway has clinical implications: T cell-

mediated control is enhanced by iKIRs in the presence of their ligands in chronic viral infections.

Here I explore the hypothesis that in the context of autoimmunity, where an enhanced T cell

response might be considered detrimental, iKIRs have an opposite effect and exacerbate self-

reactive responses.

Type 1 diabetes (T1D) is taken as a paradigmatic example of autoimmunity. T1D is charac-

terized by insulin-deficiency due to the T cell-mediated destruction of insulin-producing β-cells

in the pancreatic islets. Monozygotic concordance rates range between 42% and 53%1 whereas

dizygotic concordance rates range from 7% to 11% (Hyttinen et al., 2003; Kyvik et al., 1995).

Therefore, between 70% and 84% of phenotypic variation in T1D is heritable2. Variation in

the HLA genes explains up to 50% of this genetic risk in T1D (Clayton, 2009). Together with

histological evidence of autoreactive T cells in the pancreatic islets (Bender et al., 2020), strong

HLA associations with T1D indicate that T cells have a major role in T1D etiopathogenesis.

To investigate if iKIR genes affect the T cell response in this context we ask whether HLA as-

sociations are modified by functional iKIR genes. The results indicate that iKIR genes, in the
1Concordance rates increase up to 70% if monzygotic twins are followed for longer (Redondo et al., 2008).
2Falconer’s formula can be used to estimate heritability (H2) by comparing correlation estimates in monzy-

gotic vs dizygotic twins, H2 = 2(rMZ − rDZ).
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presence of genes encoding their ligands, have a consistent and significant effect on protective

HLA class II (HLA-II) associations.

3.1 Genetics of T1D

The exact aetiology of T1D remains elusive but given that concordance in monozygotic twins is

less than 100%, environmental triggers are thought to initiate the break in peripheral tolerance

in genetically susceptible individuals. Although the association between HLA and T1D was

discovered 50 years ago (Nerup et al., 1974; Singal and Blajchman, 1973), how variation in this

highly polymorphic region alters risk is not completely understood. Within the HLA region,

the closely linked classical class II HLA-DRB1, HLA-DQB1 and HLA-DQA1 genes display the

strongest associations (Risch, 1987; Noble et al., 1996). In particular, DRB1*03:01∼DQA1*05:01∼

DQB1*02:01 and DRB1*04:01/02/04/05∼DQA1*03:01∼DQB1*03:02 haplotypes (also known

as DR3 and DR4 respectively) are associated with the highest T1D susceptibility whereas

DRB1*15:01∼ DQA1*01:02∼DQB1*06:02 is associated with dominant protection (Erlich et al.,

2008). Recent evidence shows that HLA-II variation correlates with TCR epitope binding re-

gion variants that typically recognize insulin peptide B:9-23 (García et al., 2021), the primary

autoantigen in T1D, thus providing a plausible mechanism for HLA associations. Other asso-

ciations include some HLA-I alleles (Howson et al., 2011; Nejentsev et al., 2007), the insulin

gene INS (Bell et al., 1984), the gene encoding for the lymphoid protein phosphatase, PTPN22

(Bottini et al., 2004), and the Cytotoxic T-lymphocyte-associated protein 4 (CTLA-4 ) gene

(Nisticò et al., 1996) to name a few among an increasing list of implicated genes (Robertson

et al., 2021) (see Figure 3.1).
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Figure 3.1: Loci associated with T1D risk. The odds ratio (OR) for variants in other loci as reported in
the literature. Summary statistics for Type 1 diabetes trait were downloaded from NHGRI-EBI GWAS Catalog
(Sollis et al., 2023). Only variants reported in at least two studies are shown. Associations are grouped and
colour-coded by decade when the association was first reported (not necessarily fine-mapped) and then within
each decade, associations are ranked by size of OR. Gene names refer to most likely candidate in the region.
Figure is after a similar figure in (Rich, 2017).

3.2 KIR gene association studies in T1D

Evidence for a main effect of iKIR genes or functional iKIR genes in T1D is weak. Since 2003,

15 small candidate gene studies, have reported KIR gene associations with T1D risk, but none

has been consistently reproduced (see Table 3.1) and, in a recent meta-analysis, no associations

survived correction for multiple comparisons (Liu et al., 2017). For example, in a multiplex

family study, KIR A haplotype (containing several iKIR genes) had a detrimental effect in a

subset of T1D patients (Traherne et al., 2016), which is consistent with experimental evidence

in NOD mouse showing that expression of the KIR3DL1 impairs Treg function and promotes

T1D (Qin et al., 2011). Surprisingly, no association was found for KIR3DL1 gene in an earlier

and much larger case-control study (Pontikos et al., 2014).

The impact of iKIRs on HLA associations has not been studied. A few studies though have

investigated iKIR and functional iKIR associations in case-control cohorts where individuals

were stratified by HLA-II risk groups. However, none of these associations was significant

(Middleton et al., 2006; Shastry et al., 2008; van der Slik et al., 2003; Smigoc Schweiger et al.,

2014). However, the sample size in these studies was very small and the fact that some HLA-

I genes, which are iKIR ligands, are significantly associated with T1D was not considered.
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Finally, if we look at GWAS studies in the NHGRI-EBI GWAS catalog (Sollis et al., 2023),

none of the SNPs associated with T1D maps to the KIR region.

Study Population Cases Controls KIR2DL1 KIR2DL2 KIR2DL3 KIR3DL1
van der Slik et al. (2003) Dutch 149 207 0.43 1.34 0.95 0.95
Nikitina-Zake et al. (2004) Latvian 98 100 0.67 10 0.71 0.98
Middleton et al. (2006) Finnish 137 101 0.14 0.76 0.78 0.95
Santin et al. (2006) Basque 76 71 0.56 0.68 0.85 0.93
Park et al. (2006) S. Korean 139 132 0.1 1.59 1.05 1.05
Mogami et al. (2007) Japanese 204 240 0.55 0.83 1.06 0.37
Jobim et al. (2010) S. Brazilian 248 250 0.54 0.81 1.14 0.49
Zhi et al. (2011) C. Han 259 262 0.54 0.82 0.24 0.64
Mehers et al. (2011) British 551 168 0.1 0.97 1.7 1.37
Pontikos et al. (2014) British 6744 5362 1.25
Sanjeevi et al. (2016) E. Indian 135 98 0.74 3.26 0.58 0.65
Osman et al. (2016) S. Arabian 106 148 0.71 1.07 1.33 2.8

Table 3.1: iKIR gene associations reported in the literature since 2003 to date. Odds ratios (OR)
are reported for the iKIRs considered in this Thesis. A value above 1 indicates indicates T1D risk and below
1 protection. Colored cells indicate nominal significance (not corrected for multiple comparisons). aKIR gene,
functional KIR gene and haplotype associations investigated in these and other studies are not reported (e.g.
KIR A haplotype association with increased T1D risk in Traherne et al. (2016)). Shastry et al. (2008) is not
included in the table because the sample under study was the same as (Nikitina-Zake et al., 2004). Similarly,
(van der Slik et al., 2007) studied KIR-HLA associatins but not KIR gene associations alone and so is not
reported in the table.

The findings reported to date seem to indicate that KIRs on their own are unlikely to have

a significant effect on T1D risk. Nevertheless, the focus of this Thesis is different. Contrary

to the aforementioned KIR studies, a main effect of functional iKIR genes in T1D risk, which

would be attributable to the NK cell-mediated response, is not the primary focus here. Instead,

in the next sections I investigate whether functional iKIR genes modulate HLA associations

using a large (N=11,961) T1D case-control dataset.

3.3 The UK-GRID cohort

3.3.1 Genotype imputation accuracy

The UK-GRID cohort was previously genotyped using imputation (see Genotype imputation).

To assess the accuracy of HLA imputations, imputed genotypes were compared with high-

resolution experimentally typed HLA genotypes available in a subset of UK-GRID samples. For

the UK-GRID cohort, KIR copy number accuracy was previously assessed using copy number

data on a subset of individuals directly typed by qPCR at KIR3DL1/S1 locus (Pontikos et al.,

2014). Prediction accuracy ranged from 86.68% to 98.06% (Figure 3.2 A). KIR copy number

accuracy was also very high, with sensitivity and specificity estimates above 97% and 93%

respectively ( Figure 3.2 B). Individuals with blank calls at any of the classical HLA loci or the
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iKIR genes are discarded (see Genotype imputation). Additionally, individuals with different

genotype at KIR3DL1ex4 and KIR3DLex9 are discarded3.

Figure 3.2: HLA and KIR imputation accuracy. A Imputation accuracy measures at each HLA loci. Pre-
diction accuracy is computed as the number of correctly imputed alleles divided by the number of experimentally
typed chromosomes. B Sensitivity and specificity values for copy number imputations at KIR3DL1/S1 locus.
KIR3DL1 copy number was measured using two assay methods, one targeting KIR3DL1 exon 4 (KIR3DL1ex4 )
and the other assay targeting exon 9 (KIR3DL1ex9 ).

3.3.2 Functional iKIR genes, iKIR Count and iKIR score

An individual is positive for a functional iKIR gene if they carry both the gene for the iKIR and

the gene encoding the cognate HLA ligand for that particular iKIR. Polymorphisms both at KIR

and HLA genes determine the binding specificity and affinity of KIR-HLA pairs (Gwozdowicz

et al., 2019; Yawata et al., 2006; Moesta et al., 2008; Winter et al., 1998). Definitions of

functional iKIRs genes are presented in Table 3.2:

Functional KIR2DL1 KIR2DL1 & HLA-C2 Moretta et al. (1993)
Strong functional KIR2DL2 KIR2DL2 & HLA-C1 Moesta et al. (2008)
Weak functional KIR2DL2 KIR2DL2 & HLA-C2 Moesta et al. (2008)

Functional KIR2DL3 KIR2DL3 & HLA-C1 Moesta et al. (2008)
Functional KIR3DL1 KIR3DL1 & HLA-Bw4 Gumperz et al. (1995)

Table 3.2: Definitions of functional iKIR genes.

HLA-C1, -C2 and -Bw4 in Table 3.2 denote alleles postive for different conserved HLA-I

epitopes, namely, C1, C2 and Bw4 respectively. These epitopes are recognized by iKIRs.
3KIR3DL1 variants with altered or deleted regions are reported to be negative for either exon 4 or exon 9

(Jiang et al., 2012). Nevertheless, virtually all individuals have the same genotype at these two KIR3DL1 gene
positions.
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To classify HLA-I alleles from the UK-GRID individuals into the 3 different epitope groups,

we downloaded the sequences of all HLA-I alleles stored in the IPD database (Robinson et al.,

2019). Residues 76-83 in the α1 helix domain (exon 2) – which define KIR specificity – were

used to classify the alleles (Figure 3.3). To determine the start of exon 2, we queried the

information on the length of the signal peptide (exon 1). Leader peptide length is conserved

and is typically 24 amino acids long. All alleles in the UK-GRID cohort have leader peptides

of that length.

Figure 3.3: Ribbon diagram of the α1 and α2 helix of the HLA molecule. Residues 77-83 at the α1

helix that determine HLA epitopes defining KIR specificity are shown in purple. Surface residues within this
motif (not shown) are in direct contact with KIRs. Additional residues (not highlighted in purple) also interact
with KIR. Note that the α3 domain and the β2 microblobulin (β2m) are not shown. PDB ID: 5VGE (Kaur
et al., 2017).

The Bw4 motif can be found in a subset of HLA-B and HLA-A alleles. The Bw4 motif can

be further subdivided into Bw4-80I and Bw4-80T motifs depending on the amino acid present

at position 80 of the α1 helix (Figure 3.4 A). An exception to this rule is A*25:01; despite

carrying a Bw4-80I motif, it does not bind KIR3DL1 (Stern et al., 2008). There is evidence

that this 80I/T polymorphism modulates the strength of the KIR3DL1 interaction (Boudreau

et al., 2016).

Two dimorphic amino acids at positions 77 and 80 delineate HLA-C allotypes into either C1 or

C2 groups (Biassoni et al., 1997) (Figure 3.4 B). The presence of a conserved valine at position

76 is also necessary to form HLA-C epitopes and distinguishes C1 and C2 groups from the Bw6

group, which is present in HLA-B alleles. In fact, Bw6 motif is identical to the C1 motif at

key amino acids 77-83 but lacks other C1 specific amino acids including the conserved valine at
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position 76 (Moesta et al., 2008; Gwozdowicz et al., 2019). Therefore, HLA-B alleles carrying

the Bw6 epitope do not interact with KIRs.

Figure 3.4: Sequence logos of HLA epitopes recognized by iKIRs. The allele amino acid sequences
(76-83 aa sequence) from UK-GRID individuals containing Bw4 or C1/C2 epitopes were used to calculate the
information content at each amino acid position of the KIR specific HLA epitope. A Sequence logo for the
Bw4 sequence motif with I/T dimorphism at position 80. Below the logo, 4 representative alleles with different
variations of the Bw480I and Bw80T motifs found in the UK-GRID allele pool. A*25:01 alleles present in the
UK-GRID allele pool were excluded from this analysis. B Sequence logo showing the two dimorphic amino
acids at positions 77 and 80 that differentiate C1 from C2 allotypes. Note that some HLA-B alleles carry a C1
motif. These include the alleles coding for B*73 and B*49 allotypes (Barber et al., 1996; Abi-Rached et al.,
2010; Moesta et al., 2008).

Once the presence or absence of KIR specific HLA epitopes is ascertained for each UK-GRID

individual, we can compute the presence or absence of functional iKIR genes using the defi-

nitions in Table 3.2. The sum of the functional KIR variables is denoted as iKIR Count and

varies between 0 and 4 (Figure 3.5 A). Additionally, following Boelen et al. (2018), a weighted

functional iKIR gene count is computed to reflect the different strengths of inhibitory signal:

iKIR score = (1 if Func 2DL1 ) + (1 if Strong Func 2DL2 or 0.5 if weak Func 2DL2 ) + (0.75

if Func 2DL3 ) + (1 if Func 3DL1 )

A large iKIR score reflects someone with a large number of strong iKIR-ligand interactions.

iKIR score varies between 0 and 3.75 (Figure 3.5 B) and it is highly correlated with iKIR count

(r=0.995).

iKIR score is protective in the UK-GRID cohort (ln[OR]= -0.21, P=2.7×10−25). However, in a

model including iKIR ligands (HLA-Bw4, HLA-C1 and HLA-C2 ) as covariates, the iKIR score

association is lost (ln[OR]=-0.009, P=0.83) and HLA-Bw4 is strongly protective (ln[OR]=-

0.45, P=6.9.1 × 10−16). This finding is not unexpected; some HLA-I alleles have been as-

sociated with T1D, including HLA-Bw4-80I alleles like the protective B*57:01 allele or the

detrimental A*24:02 allele (Noble and Valdes, 2011). Since 95% of HLA-Bw4+ individuals are
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also KIR3DL1+, we wondered wether the HLA-Bw4 protective effect could be attributable to

KIR3DL1:Bw4 interactions. To rule out this possibility, the effect of iKIR score was assessed

in HLA-Bw4+ and HLA-Bw4– strata. Again, iKIR score was not a signifcant predictor. In

summary, the iKIR score association with T1D is probably driven by KIR ligands alone, which

are known genetic risk factors in T1D (Nejentsev et al., 2007).

Figure 3.5: Distribution of iKIR count and iKIR score in the UK-GRID cohort. A Count of
functional iKIRs can take values between 0 and 4. Only one T1D case has 0 functional iKIRs. B iKIR score
distribution in the UK-GRID cohort. Although there are more iKIR score groups, the majority of individuals
still fall in 4 different functional iKIR score categories.

3.4 iKIR score modulates protective DR∼DQ haplotypes

Specific amino acids at the DRB1 and DQB1 (e.g. Dβ57) loci independently explain most

of the HLA-II risk (Hu et al., 2015; Lenz et al., 2015; Todd et al., 1987). Because multiple

alleles at multiple HLA-II loci are associated with T1D and there is linkage disequilibrium

between them, most analysis of HLA-II focus on phased haplotypes. Therefore, we estimated

DR∼DQ haplotypes and then assessed the effect of functional iKIRs on the each haplotype by

stratification (see Effect modification of KIR genotype). We found a consistent pattern of iKIR

score modulation of protective haplotypes, where the presence of a high number of functional

iKIRs (iKIR high) weakened the protective effect of HLA II haplotypes in all but one instance

(Figure 3.6 A).

Then, we tested the hypothesis of seeing such a risk difference between iKIR high and iKIR

low strata across so many different haplotypes. Figure 3.6 B shows the distribution of test
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Figure 3.6: Impact of iKIR score on 17 protective DRB1∼DQB1 haplotypes. A The protective
effect of class II DRB1∼DQB1 haplotypes is enhanced in the group of individuals with an iKIR score equal to
1.75 or lower (iKIR score threshold = 1.75) with the exception of DRB1*07:01∼DQB1*03:03. The number in
the top right box corresponds to the odds of seeing this difference by chance (108 permutations). The dot is the
log of the odds ratio (ln[OR]) and the bars the 95% confidence intervals obtained from the regression model in
iKIR high (blue) and in iKIR low (orange) strata. B The observed value of the test statistic, indicated by the
red arrow, lies far above the distribution (histogram) of the same test statistic under the null hypothesis that
the iKIR score has no impact on the protective haplotypes.

statistic under the null hypothesis4 and the red vertical line indicates the value of the observed

test statistic. The chance of observing this effect by chance in so many haplotypes was very

low (P=1× 10−8), suggesting functional iKIRs modify HLA-II mediated protection.

Although the iKIR score effect is pervasive among protective haplotypes the effect varied

from one haplotype to the other. Also, the protection conferred by one frequent haplotype,
4The test statistic is a weighted mean of the absolute difference between iKIRhigh and iKIRlow ln[OR]s

across all 17 haplotypes. Weights are given by the haplotype frequencies.
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DRB1*07:01∼DQB1*03:03, was not weakened by iKIR score, and if anything it was enhanced.

These results suggest that protective haplotypes in Figure 3.6 might not be T1D genetic drivers

but passengers marking true causal variants in LD. Additionally, we have seen that KIR ligands

are strongly associated with T1D and so LD between DR∼DQ haplotypes and HLA-I alleles,

could be mistaken for an iKIR score effect on HLA-II associations.

To move the study forward and address these issues, we next focused on one protective haplo-

type, DRB1*15:01∼DQB1*06:02.

3.5 Disentangling the iKIR score effect on HLA-mediated

protection: effect on DQ6 dominant protection

To investigate whether the negative iKIR score effect on DR∼DQ haplotypes was explained by

iKIR score alone and not by other confounders, we first focused on the dominant protective geno-

type DRB1*15:01^DQA1*01:02^DQB1*06:02. The DRB1*15:01^DQA1*01:02^DQB1*06:02

compound genotype has repeatedly been described to confer protection from T1D (Todd et al.,

1987; Pugliese et al., 2016) and this protective effect is reproduced in the UK-GRID cohort

(ln[OR]= -3.75, P=2.1 × 10−155). There is some evidence that the protection associated with

the DRB1*15:01^DQA1*01:02^DQB1*06:02 genotype maps to DQA1*01:02^DQB1*06:02

(henceforth DQ6 ), which encodes the DQ6 molecule, rather than DRB1*15:01^DQB1*06:02

(henceforth DR15 ) (Hoover and Marta, 1997; Erlich et al., 1991). In this cohort, virtually

everyone who carries DQ6 also carries DR15 (99.2% of DQ6+ individuals are DR15+) so it is

difficult to fine map the protective genotype. When both DQ6 and DR15 are included simulta-

neously in a regression analysis, DQ6 retains significance (ln[OR]= -2.86, P=6.1×10−3) whereas

DR15 becomes non-significant (ln[OR]= -0.9, P= 0.4) in line with the literature (Hoover and

Marta, 1997; Erlich et al., 1991). The following analysis focuses on DQ6 genotype but re-

sults focusing instead on DR15 (either as a phased haplotype or as a compound genotype) are

virtually identical.

3.5.1 iKIR score modifies the DQ6 protective association

On stratifying the cohort into individuals with a high iKIR score (> 1.75) and individuals with a

low iKIR score (≤ 1.75) we found that the protective effect of DQ6 varied significantly between
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the strata, as we had seen for class I effects in the context of virus infection, but as expected the

effect was reversed, with the strongest class II protection seen in individuals with a low iKIR

score (Figure 3.7 A). The odds of seeing this by chance were found, by permutation test, to

be P=5.6× 10−4. The iKIR score threshold selected to categorise someone as having a “high”

iKIR score (threshold=1.75) was chosen to give a balanced stratification but we investigated

whether this result, that the protective effect of DQ6 was stronger amongst people with a

low iKIR score than amongst people with a high iKIR score, was dependent on the choice of

threshold. The small number of cases having this protective genotype makes exploration of

more extreme thresholds problematic as the number of individuals in one stratum may be quite

sparse. Nevertheless, we explored 4 different thresholds: 1.5, 1.75, 2.0 and 2.5. In every case

the result was replicated (Figure 3.7 B, Table A.1). These observations are not independent,

but they do demonstrate that our result is robust to the choice of threshold.

Figure 3.7: DQ6 -associated protection is enhanced amongst individuals with low number of
functional iKIR. A The protective effect of DQ6 is enhanced in the group of individuals with an iKIR score
equal to 1.75 or lower (iKIR score threshold = 1.75). The number in the top right box corresponds to the odds
of seeing this enhancement by chance 5. B The same analysis was repeated using different iKIR score thresholds
to define “high” and “low” (1.5, 1.75, 2.0 and 2.5, indicated in grey box above the relevant plot). The observed
effect is robust to the exact choice of threshold. In all cases the dot is the natural log of the odds ratio, ln[OR],
and the bars the 95% confidence intervals obtained from the logistic regression; green: whole cohort, blue:
high iKIR score strata, orange: low iKIR score strata. ln[OR]<0 indicates protection, with greater protection
associated with a lower ln[OR].
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3.5.2 DQ6 protection decreases as a function of iKIR score

If iKIR score is a meaningful measure, we might expect a “dose effect” i.e. the impact on

the protective class II effect depends on the value of the iKIR score. To investigate this,

rather than stratifying the cohort we modelled the whole cohort and included iKIR score in the

model as a continuous variable interacting with DQ6 (i.e. OUTCOME ∼ DQ6 + DQ6 :

iKIR_score + GENDER). The interaction term was significant (P=5.5 × 10−6, model

AIC= 14172); this is stronger than if we included stratified iKIR score as an interaction term

(P=3×10−4, model AIC=14177). Instead of a binary stratification, we also classified individu-

als in high, intermediate and low iKIR score strata and we found the same picture, the ln[OR]

decreased in a dose-dependent manner as the iKIR score decreased. In short, with both re-

gression by interaction and by stratification we reached the same conclusions: DQ6 protection

decreases as a function of iKIR score.

3.5.3 iKIR count or iKIR score

We also assessed whether iKIR score was a better predictor of impact than iKIR count. The

iKIR score has a marginally stronger effect than the iKIR count on the protective effect of

DQ6 (P=6.57 × 10−7 for iKIR score, P=1.1 × 10−6 for iKIR count); in backwards stepwise

regression (starting from a full model with both interaction terms) iKIR count is removed from

the model and the model with iKIR Count has a higher AIC than a model with iKIR score

(difference=10). However, both terms are very similar and the difference in coefficient (for

standardised variables) is very small (0.69 for the score 0.68 for the count) making it difficult

to reach firm conclusions but on balance the effect seems to be better predicted by the iKIR

score.

3.5.4 HLA-I genes or iKIR score?

An individual’s iKIR score will depend on their HLA-I genotype since the iKIR ligands are

HLA-I molecules. Some HLA-I alleles are associated with protection from or susceptibility

to T1D (Nejentsev et al., 2007; Noble et al., 2010). Therefore, our observation that DQ6

protection is enhanced in individuals with a low iKIR score could be due to an interaction

between HLA-I alleles and DQ6 and have nothing to do with iKIR genes. To investigate
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whether our observations were attributable to the class I ligands effects rather than the iKIR

genes, we repeated all the analysis including iKIR ligand status (Bw4, C1, C2 ) as covariates.

In line with the literature, iKIR ligands were significantly associated with outcome but iKIR

score still significantly modified the DQ6 protective effect when iKIR ligands were included as

covariates.

To further investigate whether the observed modification of DQ6 was attributable to the ef-

fects of class I ligands rather than the iKIR genes, we constructed a score, ligand_no_kir,

to reflect presence of the HLA ligand but absence of the matching iKIR. Although this score

in itself was associated with significant protection (ln OR = -0.37 P =0.0006) in line with

the published literature that HLA-I molecules are associated with T1D risk, it had no impact

on the protective effect of DQ6 (P-valueinteraction=0.73) when included as an interaction term

(OUTCOME ∼ DQ6 × ligand_no_iKIR + GENDER), suggesting that the effect we had

observed for iKIR score (functional iKIRs) requires presence of the gene encoding the iKIR not

just the one encoding the ligand. However, there was little variation in this ligand count since

most individuals have at least one functional iKIR in our cohort. This could have reduced the

power of the test resulting in the non-significant result. We also developed the “ligand count”

measure which quantified the number of HLA ligands. This is a more problematic measure as

it is significantly correlated with the iKIR score (corr=0.85, P< 2 × 10−16) making it difficult

to disentangle the effects. However, we found that iKIR score has a stronger effect than ligand

count on DQ6 (P=6.6×10−7 for iKIR score, P=1.5×10−4 for ligand count); in backwards step-

wise regression (starting from a full model with both interaction terms) ligand count is removed

from the model and the model with ligand count has a considerably lower AIC (difference=48).

Upon standardising the variables for comparability, we also found iKIR score had a higher

coefficient than the ligand count (0.69 for iKIR score 0.52 for ligand count). Additionally, in a

model including both interaction terms, iKIR score remained significant (P= 6.7×10−4) whilst

HLA ligand count became non-significant (P=0.43).

Finally, we assessed whether the iKIR score effect on DQ6 was attributable to specific HLA-I

drivers in our cohort associated with this haplotype. A detrimental Bw4 or a protective Bw6

allele in linkage disequilibrium with DQ6 could potentially explain the iKIR score effect on

DQ6 : for example, people with the detrimental Bw4 allele would tend to have a higher iKIR

score than those without and this detrimental additive effect would reduce the protective effect

of DQ6 in the iKIR high strata. If a particular HLA-B allele was responsible for the iKIR

effect, then on removing individuals with this allele the iKIR score effect will disappear. We
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tested this hypothesis by discarding all individuals with a given allele and then performing

regression analysis in the resulting subcohort. We repeated this process for all HLA-I alleles,

one allele at a time. For all the HLA-I allele negative subcohorts, the DQ6 : iKIR_score effect

interaction term remained significant (Figure 3.8).

Figure 3.8: iKIR score effect is not attributable to specific HLA-I alleles. Manhattan plot of the
interaction term p-values (DQ6 : iKIR_score) against each allele that was excluded from the cohort. As
expected, frequent alleles, e.g. A*02:01, or alleles correlated with DQ6, e.g. B*07:02, had the biggest impact
on effect size but nevertheless the iKIR score effect remained significant. Dashed red line indicates nominal
significance (significance level set to α = 0.05).

Overall, this set of results indicate that the observed functional iKIR modification of DQ6 is not

driven by HLA-I genes alone and suggests that the effect of functional iKIR on this protective

genotype is due to the iKIR-ligand interaction.

3.5.5 Do all iKIRs contribute to iKIR modification?

In a logistic regression model, the DQ6 : Bw4 interaction term is significant (P=1.4 × 10−5),

although iKIR score as an interaction term is more significant (P=6.6×10−7). Since 95% of Bw4

carriers carry the corresponding iKIR gene, KIR3DL1, we hypothesized that the DQ6 : Bw4

interaction was reflecting the effect of KIR3DL1-Bw4 gene pair on DQ6 and that perhaps the

iKIR score effect was only driven by functional KIR3DL1 gene. Therefore, we investigated

the contribution of the rest of iKIR-ligand pairs to the iKIR score by excluding non-functional
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KIR3DL1 individuals from the cohort (so that the cohort was homogeneous for functional

KIR3DL1 ) and then repeating the stratification analysis on the resulting subcohort. Albeit

non-significant in 3 out of 5 thresholds tested, the iKIR score effect showed the expected

trend (Figure 3.9). Similarly, DQ6 : iKIR_score interaction term remains significant in this

subcohort (ln[OR]= 0.66, P=7.4× 10−3) suggesting that KIR2DL1/KIR2DL2/KIR2DL3 also

contribute to the modulatory effect along with KIR3DL1.

Figure 3.9: All functional iKIRs contribute to the iKIR score effect. In a subcohort in which all
individuals carry functional KIR3DL1 we still observe an enhanced protection of DQ6 in individuals with low
iKIR score albeit the effect is non-significant for iKIR score cutoffs, 1.75, 2 and 2.5. The number on the top
right box corresponds to the odds of seeing this difference by chance (105 permutations).

3.5.6 Do activating KIRs affect DQ6 protection?

Some studies have reported an association between activating KIRs (aKIRs) and increased risk

of T1D (Shastry et al., 2008; Zhi et al., 2011). We investigated whether the observed iKIR effect

could be explained by activating KIR genes. We computed a measure similar to the iKIR count

but for the functional activating KIR genes, the aKIR Count, including all activating KIRs with

known HLA ligands namely KIR2DS1, KIR2DS2, KIR2DS4 and KIR3DS1 (Pollock et al.,

2022); lack of information about the strength of signaling of these ligand-aKIR interactions

precluded development of a score for activating KIR genes. Although the iKIR score is highly

correlated with aKIR count (corr=0.6, P< 2.2 × 10−16), in a model including both metrics

interacting with DQ6, iKIR score remained significant whereas aKIR count did not.
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3.5.7 Does the iKIR effect on DQ6 depend on DR3 and DR4 detri-

mental haplotypes?

The most significant detrimental genotypes in T1D are DR3 (DRB1*03:01^DQB1*02:01 )

and DR4 (DRB1*04:01/02/04/05^DQB1*03:02 ) (Noble and Valdes, 2011). We investigated

whether the iKIR score effect on DQ6 varied when these haplotypes were included as covari-

ates. We consistently found that, whilst the DR3 and DR4 genotypes were highly detrimental

they had little or no impact on the interaction between iKIR score and DQ6 ; that is both the

coefficient of the interaction (for standardised score) and the p-value were very similar with or

without inclusion of the detrimental haplotypes (Table 3.3). This indicates that the impact of

iKIR on DQ6 is independent of the strong detrimental genes of the DR3 and DR4 genotypes.

Covariates Coefficient of interaction P-value of interaction
GENDER + DR3 +0.62 4.9× 10−6

GENDER + DR4 +0.65 2.1× 10−6

GENDER + DR3 + DR4 +0.61 8.9× 10−6

Table 3.3: iKIR score effect on DQ6 is independent of DR3 and DR4 detrimental geno-
types. DR3 (defined here to be DRB1*03:01^DQB1*02:01 in cis or in trans) and DR4 (defined to be
DRB1*04:01/02/04/05^DQB1*03:02 in cis or in trans) detrimental genotypes were included as covariates
and standardised iKIR score was included as an interaction term for comparison.

In summary, the extensive analysis presented above on DQ6 suggests that:

1. DR∼DQ haplotypes might not be drivers of protection. We saw that DQA1*01:02^DQB1*06:01

genotype was likely the driver of dominant protection instead of the DRB1*15:01∼DQB1*06:01

haplotype.

2. iKIR score modifies DQ6 in a dose dependent manner. This effect cannot be explained

by detrimental HLA genotypes in LD nor by functional activating KIRs.

3. Disentangling the effect of the iKIR score from the effect of HLA-I T1D risk is difficult

but using different approaches (including iKIR ligand genes as covariates, ligand_score

effect, ligand_count effect, discarding carriers of HLA-I alleles), our analyses indicate

that there is content in the iKIR score.
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3.6 HLA drivers in T1D

One of our concerns was that some of the DRB1∼DQB1 haplotypes may not be protective

themselves but that they were neutral passengers marking the true, causal driver genotypes.

Therefore, we aimed to understand whether the DRB1 and DQB1 genes of the protective

haplotype themselves or other class I or class II alleles best marked the protective effect (and if

the latter whether these protective alleles were also modulated by iKIR score). 10 HLA-I alleles

and 21 HLA-II genotypes (single genes, two-gene compound genotypes or three-gene compound

genotypes, see Figure 3.10) in our cohort were independently and significantly associated with

T1D; this comprehensive list was derived by Prof Becca Asquith. As anticipated, none of the

17 protective DRB1∼DQB1 haplotypes studied in Figure 3.6 were the drivers of protection.

Instead, 15 protective HLA-II genotypes were better associated with outcome (Table A.2).

Henceforth we will focus on these 15 protective genotypes.
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Figure 3.10: Forest plot with all HLA drivers associated with T1D. We show all HLA-I and
HLA-II driver genotypes identified in the UK-GRID cohort. The coefficients for each genotype were ob-
tained from a logistic regression model in which the only other covariate was gender. The coefficients
will depend both on the genetic risk of the whole cohort (i.e. the background that the risk/protection is
measured relative to) and the other genotypes correlated with the genotype of interest. Note, although
DRB1*03:01^DQA1*05:01^DQB1*02:01^DQB1*03:02 appears to be a compound of the detrimental geno-
type DRB1*03:01^DQA1*05:01^DQB1*02:01 and the detrimental genotype DQB1*03:02 it was retained in
the list of independent drivers as it retained direction and significance of effect (albeit considerably weakened)
in multiple regression when both DRB1*03:01^DQA1*05:01^DQB1*02:01 and DQB1*03:02 were included si-
multaneously with it. We cannot rule out the possibility that these genotypes mark unsequenced variants that
are even more closely identified with outcome, but we can say they are the HLA-I and HLA-II alleles most
closely associated with outcome.
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3.7 Impact of HLA-I genes

Having established the true drivers of risk in the UK-GRID cohort, the other concern raised

in the DQ6 analysis was that correlations between the protective HLA-II genotypes of interest

and HLA-I genotypes (which are also iKIR ligands) could be mistaken for iKIR modification.

This LD could explain why iKIR score effect on DQ6 in a subcohort of functional KIR3DL1+

individuals is significantly weakened (see Figure 3.9). Similarly, it could explain why some

HLA-II genotypes are not strongly modified by iKIR score. Risk HLA-I alleles, which are in

turn iKIR ligands, will fall into the different iKIR strata depending on the choice of threshold

and their independent effect on T1D risk could be mistaken by iKIR modification (or lack

thereof).

A clear example is observed in DQA1*02:01 genotype identified in section 3.6. DQA1*02:01

is a frequent genotype (N=2,212) and is strongly associated with protection (ln[OR]=-1.37,

P=8×10−149). However, it is not modified by iKIR score in the expected direction (Figure 3.11

A). DQA1*02:01 genotype is significantly correlated with B*57:01 (corr=0.3, P=1.3×10−248).

B*57:01 is a protective driver gene in the UK-GRID cohort (see Figure 3.10), in line with

previous literature (Noble et al., 2010). It also carries a Bw480I motif and therefore B*57:01

gene encodes a ligand for one of the iKIRs, KIR3DL1. Therefore, upon stratification by iKIR

score, B*57:01 will be enriched in the iKIR-high stratum. Since DQA1*02:01 genotype is

associated with B*57:01 then individuals carrying both DQA1*02:01 and B*57:01 genotypes

will also be more likely to appear in the high iKIR stratum. Any additive effects on T1D

risk from both DQA1*02:01 and B*57:01 would then risk either being misinterpreted as iKIR

modification of the DQA1*02:01 or masking an iKIR modification. The latter effect can be

seen in this example (Figure 3.11 B); when discarding B*57:01 positive individuals, iKIR score

modifies DQA1*02:01 in the expected direction, i.e. the same as for DQ6 genotype.

To remove both confounding and masking due to correlations with HLA-I driver genotypes, all

individuals who were positive for any of the class I driver alleles were removed from the cohort,

leaving a reduced cohort of size N=5,420. Simply removing class I drivers is the cleanest

approach to dealing with the problem. In many immunogenetics analyses this is not an option

due to the reduction in cohort size; in this case we are fortunate in starting with a very large

cohort which allows removal of the class I drivers.
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Figure 3.11: Correlation between B*57:01 and DQA1*02:01 genotypes masks the iKIR effect
on DQA1*02:01 -mediated protection. A The protective effect of DQA1*02:01 is enhanced in individuals
with an iKIR score higher than 1.75. B In a B*57:01− subcohort, now the protective effect of DQA1*02:01 is
enhanced in the expected stratum, i.e. in individuals with a low iKIR score.

3.8 iKIR score modifies protective HLA-II drivers

We stratified the HLA-I driver negative cohort into individuals with high iKIR score and indi-

viduals with a low iKIR score and analyzed the effect of the protective HLA-II drivers within

each stratum. HLA-II drivers which were carried by fewer than 10 cases were not studied as

numbers were too low to permit stratification. The nine remaining protective genotypes were all

modified in the same direction at all three thresholds considered (Figure 3.12 A, Table 2). The

only genotypes for which the iKIR effect was not extremely clear (DQA1*0201^DQB1*03:03

and DQA1*01:02^DQB1*05:01 ) were very infrequent (N=12 and N=14 cases respectively) so

the number of carriers in each strata would be very low possibly explaining the lack of a clear

modification. Overall, the odds of observing this iKIR modification across the 9 genotypes was

very low, P = 2.4 × 10−9 (Figure 3.12 B). In addition to the stratification analysis, we also

modelled the whole HLA-I negative cohort and included iKIR score as an interaction term with

a given protective genotype. The iKIR interaction term was significant in 4 highly frequent

genotypes and in the expected direction in all genotypes (Table 3.4). We conclude that iKIR

negatively impacts the effects of all protective HLA-II genes in T1D; this effect is attributable

to iKIR-HLA receptor-ligand interactions and unlikely to be observed by chance.
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Figure 3.12: Impact of iKIR score on 9 protective HLA-II genotypes. A The 9 protective HLA-II
genotypes investigated were all significantly modified by iKIR at the three iKIR score thresholds (definition
of iKIR high and low) considered in the UK-GRID HLA-I negative subcohort (i.e. excluding individuals with
HLA-I drivers). The only two genotypes for which the effect was not strong (DQA1*0201^DQB1*03:03 and
DQA1*01:02^DQB1*05:01 ) were very infrequent (N=12 and N=14 cases respectively). B The observed value
of our test statistic (weighted mean of the difference in ln[OR] between the KIR high and the KIR low strata
at threshold=1.75), indicated by the red line, lies far above the distribution (grey histogram) of the same test
statistic under the null hypothesis that the iKIR score has no impact on the protective genotypes (generated
by permuting the iKIR score of individuals in the cohort). Indicating that the probability of obtaining our
observation by chance is extremely low (P=2.4× 10−9).

Genotype Estimate P-value Cases Controls Total
DQA1*01:02^DQB1*06:02 0.94 1.14E-05 26 729 755
DQB1*03:01 0.35 1.97E-05 361 777 1138
DQA1*01:02 0.33 8.35E-05 252 922 1174
DQA1*05:05^DQB1*03:01 0.30 3.53E-02 88 355 443
DQA1*01:02^DQB1*05:01 0.65 5.54E-02 14 109 123
DQA1*02:01 0.18 7.35E-02 256 548 804
DQA1*01:03 0.24 1.19E-01 67 279 346
DRB1*07:01^DQA1*02:01^DQB1*05:01 0.60 2.27E-01 12 52 64
DQA1*02:01^DQB1*03:03 0.11 7.31E-01 12 85 97

Table 3.4: iKIR score interaction terms with protective HLA-II drivers in a subcohort without
HLA-I drivers. After removal of class I drivers from the cohort (N=5,420), we modelled risk of T1D for each
protective genotype and included iKIR score in the model as a continuous variable interacting with the HLA-II
genotype (i.e. OUTCOME ∼ HLA_class_II_genotype× iKIR_score+GENDER). The coefficient for the
interaction term was in the expected direction for all genotypes and significant for 4 out of the 5 most frequent
genotypes.
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3.9 Replication: a family-based study

To validate our findings, we studied an independent dataset consisting of 700 US multiplex

families from the HBDI consortium. Prior to analyzing this cohort, we conducted a power

analysis using a Monte Carlo approach to assess whether we had sufficient statistical power

to detect a significant iKIR score effect in this much smaller cohort (5 times smaller than the

HLA-I negative UK-GRID cohort). Assuming the effect size was the same as in the UK-GRID

cohort, we found that, the family cohort would not be sufficiently powered to detect a significant

iKIR score modification on individual protective class II genotype (Figure 3.13 A). However, we

estimated that there was sufficient power to detect an iKIR score modification if we considered

several protective genotypes simultaneously i.e. DQB1*03:01, DQA1*02:01, DQA1*01:02 and

DQA1*01:02^DQB1*06:02 (Figure 3.13 B).

Figure 3.13: Simulation-based power analysis in the GRID cohort. A For each sample size s (Number
of cases=Number of controls=s/2), we generated 1000 random subcohorts by resampling with replacement
individuals from the GRID cohort. The sample size of the family dataset is 700 trios (indicated by a black
line) which is equivalent to a case control dataset consisting of 700 cases and 700 controls. For each protective
genotype and each subcohort we run a logistic regression model with stratified iKIR score (threshold=1.75) as
an interaction term with the protective genotype. Power is estimated as the number of bootstraped cohorts
of size s where the coefficient of interaction was significant (P<0.05). The dashed red line indicates the power
standard of 0.8. Given the sample size of the family dataset, the power to detect a significant iKIR score
interaction on individual protective genotypes falls considerably below the recommendation of 0.8. B For each
sample size, we estimated the power to detect significant difference between iKIR high and iKIR low strata
(assessed by permutation test) across several protective genotypes simultaneously. Power is calculated as the
proportion of cohorts with a significant permutation test. Given the sample size of the family dataset, the
power of detecting an iKIR difference across 4 frequent protective genotypes i.e. DQA1*01:02, DQB1*03:01,
DQA1*02:01 and DQA1*01:02^DQB1*06:02 is higher than the recommended standard of 0.8. Sample size
family dataset (vertical black line), recommended power (horizontal dashed red line).
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Based on the power analysis, we tested for a significant difference in 4 frequent protective

genotypes in the family dataset. Briefly, we stratified the family cohort into trios with a high

iKIR score (threshold>1.75) and trios with a low iKIR score (threshold ≤1.75) based on the

iKIR score of the affected child. For each genotype, we calculated the difference between the

ratio of transmissions and non-transmissions in each strata (see Family-based analysis). The

odds of observing an equal or greater difference between the ratios in each stratum under the

null hypothesis was statistically significant P=1×10−5. These conclusions remained unchanged

when using different iKIR score thresholds (Table 3.5). We conclude that our finding that iKIR

score impacts HLA-II mediated protection was replicated in an independent dataset.

iKIR_score threshold P-value
1 0.00293

1.5 0.00875
1.75 1× 10−5

2 0.00021
2.5 0.00220

Table 3.5: Odds of observing an iKIR modification across DQA1*01:02, DQB1*03:01,
DQA1*02:01 and DQA1*01:02^DQB1*06:02 in an independent cohort. The iKIR effect observed
in the case-control cohort was validated in an independent family dataset. Trios were stratified into high
(>threshold) and low (≤ threshold) iKIR score according to the iKIR score of the child in each trio. For each
threshold and each genotype, we calculated the ratio of transmitted to non-transmitted genes in each stratum.
The odds of observing an equal or greater difference between log ratios across 4 frequent protective genotypes
(DQA1*01:02, DQB1*03:01, DQA1*02:01 and DQA1*01:02^DQB1*06:02 ) were assessed by permutation test.

3.10 Discussion

We conducted an extensive immunogenetic analysis to study the role of iKIRs in autoimmu-

nity. Specifically, we wanted to investigate whether functional iKIR genes have a significant

impact on HLA associations in T1D. This interaction is clinically significant in other contexts;

we previously reported that functional iKIR genes enhanced protective and detrimental HLA

disease associations in chronic viral infections. We postulated that a similar effect might be

relevant in autoimmunity. We have analyzed a large (N=11,961) case-control T1D dataset

and found that a low number of functional iKIR genes (iKIR genes together with the genes

encoding their corresponding HLA-I ligands), enhanced the dominant protection conferred by

DQA1*01:02^DQB1*06:02. The effect was driven by iKIR-ligand pairs rather than HLA lig-

ands alone, which are independently associated with T1D. The same results were observed for

the other 9 protective HLA-II genotypes in our cohort. The odds of observing this effect across

all protective genotypes is low (P=2.4×10−9). Moving onto an independent replication cohort,
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an identical result was observed with protective class II genotypes being more protective in

individuals with a low number of functional iKIR genes. Again, the probability of observing

this result by chance was low (P=1 × 10−5). In striking contrast, functional iKIR had no

consistent impact on detrimental class II associations. Most detrimental genotypes showed no

iKIR modification at all (see Figure A.1). In short, whilst the functional iKIR modification

of protective HLA-II associations is very clear and highly statistically significant (GRID co-

hort: P=2.4 × 10−9, replication cohort: P=1 × 10−5), the absence of an iKIR modification of

detrimental genotypes is equally clear (P=0.19).

Although HLA-II associations with T1D are very well studied, to the best of our knowledge

there are no reports of how these associations are modified by functional iKIR genes. There

are several studies investigating iKIR genes and/or functional iKIR genes in T1D (e.g. Liu

et al. (2017); Middleton et al. (2006); Sanjeevi et al. (2016); Traherne et al. (2016); Zhi et al.

(2011) among others) and a very large number of studies investigating HLA-II associations

(Noble et al. (2010); Erlich et al. (2008); Todd et al. (1987); Hu et al. (2015); Lenz et al. (2015);

Ilonen et al. (2016); Nejentsev et al. (2007) to name a few) but none reporting the interaction.

Although the absence of evidence for an interaction between functional iKIR genes and HLA-

II genes in candidate gene studies can easily be explained by the argument that no one was

motivated to study this particular three-way genetic association, it might be wondered why it

was not picked up in one of the very large “catch-all” genome wide association studies (GWAS)

performed in T1D (Barrett et al., 2009; Burton et al., 2007; Hakonarson et al., 2007; Robertson

et al., 2021). The reason is that three gene associations of the type we report (KIR-ligand-class

II) are never studied in GWAS as the explosion in the number of multiple comparisons for

comparing all triplets of variants is prohibitive and so it is to be expected that the functional

iKIR modification of HLA-II associations which we report would not be found by GWAS.

Whilst we are not aware of studies of functional iKIR modifications of HLA associations in

T1D, we have previously reported functional iKIR modification of protective and detrimental

HLA-I associations in three chronic viral infections, namely HIV-1, HCV and HTLV-1 (Boelen

et al., 2018; Seich al Basatena et al., 2011).

In summary, we find evidence that iKIRs modulate HLA-II-restricted CD4+ T cell responses.

In the next chapter we investigate possible mechanism(s) underlying the iKIR effect using

mathematical modelling.
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Chapter 4

Mathematical modelling of the iKIR

effect during autoreactive T cell responses

The analysis of the UK-GRID and the HBDI cohorts reveals an important effect of iKIR

genes on protective HLA-II associations. In a separate study, we have recently reported that

functional iKIR genes increase T cell lifespan in humans in vivo (Zhang et al., 2023). In this

section, we hypothesize that this iKIR-mediated increase in T cell lifespan might also explain

the clinically significant difference in the risk of developing T1D between individuals with

high number of functional iKIR genes and those with a low number of functional iKIR genes.

If autoreactive T cells survive for longer, then protection conferred by HLA-II genotypes is

expected to be weaker, in line with our immunogenetic findings. It is not obvious though why

detrimental HLA associations are not in turn enhanced, and the autoreactive response also

exacerbated in this risk group.

To investigate whether our hypothesis can reconcile our somewhat contradictory results, I

implement a mathematical model that represents the transition from health to disease due to the

autoimmune destruction of the pancreatic β cells. We find that if iKIRs increase T cell survival,

then we expect a negative impact on protective HLA associations but also on detrimental HLA

associations. Only when considering a density-dependent model of T cell proliferation we are

able to recapitulate the findings. In indviduals carrying detrimental genotypes, i.e. with low

number of Tregs, iKIRs have no impact on risk: the increase in survival on autoreactive effector T

cells (Teff) is balanced out by an increase in survival on Tregs. However, when Treg cell numbers
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reach carrying capacity, i.e. in HLA protected individuals, iKIRs increase the risk of T1D. We

conclude that our hypothesis that iKIRs increase T cell survival explains our immunogenetic

results.

4.1 HLA-II-mediated resistance to T1D

Understanding the mechanism by which functional iKIR modulate HLA-II associations is

difficult as the mechanism underlying the HLA-II associations themselves is unclear. The

mechanisms underlying HLA-II resistance against T1D have been investigated mainly for

DRB1*15:01^DQA1*01:02^DQB1*06:02, a genotype which confers dominant protection; het-

erozygote carriers are protected even if they also carry detrimental HLA genotypes, e.g. DR4,

in the other chromosome (Todd et al., 1987; Simmons et al., 2020). In this section I discuss

possible hypotheses about DQ6 mediated protection.

Epitope stealing One explanation for this dominant protection is “epitope stealing” by the

DQ6 molecule, encoded by DQA1*01:02 and DQB1*06:02 genes(van Lummel et al., 2019). It

has been suggested that DQ6 competes with the detrimental DQ8 molecule (encoded by DR4

genotype) for identical antigenic peptides on the surface of antigen presenting cells (APCs).

Though why presentation of a peptide by DQ8 should be pathogenic but stealing and presen-

tation of the identical peptide by DQ6 be protective is unclear. Another study showing that

DQ6 diverts the proinflammatory response of DQ8-restricted clones to an anti-inflammatory

response when APCs present insulin peptides with DQ6 may be an explanation (Eerligh et al.,

2011).

Frequency of islet-specific Tregs A recent study shows that healthy individuals carrying

the DRB1*15:01^DQB1*06:02 genotype have increased frequencies of islet-specific Tregs but

also islet-specific effector T cells (Teffs), albeit with an altered cytokine profile, compared to

healthy individuals carrying neutral or detrimental genotypes (Wen et al., 2020). Similarly,

increased numbers of Tregs (but not Teffs) have been described as the main mechanism underlying

the dominant protection of the DR1 genotype Goodpasture disease (Ooi et al., 2017), a rare

autoimmune disorder. In T1D, a high number of islet-specific Tregs may suppress antigen-

specific autoreactive T cells and confer dominant protection.

Beneficial autoimmunity Finally, the increased frequency of Teffs in DRB1*15:01^DQB1*06:02

protected carriers also supports the beneficial autoimmunity hypothesis (Hauben et al., 2005).
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This hypothesis suggests that an effector but regulated T cell response could help clear dam-

aged tissues and prevent autoimmunity. After birth, there is a wave of β-cell apoptosis in

the neonatal pancreas (Kassem et al., 2000); an effective adaptive response might help in the

clearance of damaged and dead cells to stop inflammation.

4.1.1 Islet specific Tregs deacrease as a function of HLA-II risk

HLA molecules seem to shape the islet specific TCR repertoire. As we have seen in the previous

section, this might result in different numbers of protective islet-specific Tregs (Wen et al., 2020);

individuals carrying risk HLA-II genotypes might fail to generate protective Tregs that control

islet reactive responses whereas DQ6+ individuals might have a high number of islet-specif

Tregs. In Wen et al. (2020), antigen specific CD4+ T cell frequency varies according to an

individual’s HLA-II genotype and more interestingly, although the samples come from healthy

individuals, Treg cell frequencies are inversely correlated with HLA-II associated T1D ln[OR]

estimated in UK-GRID cohort (Figure 4.1).

Figure 4.1: Islet-specific Treg frequency as a function of HLA-II risk in healthy individuals. A
GAD65 (orange) and IGRP (blue) antigen specific Tregs (Tetramer+CD25+CD127–CD4+) among healthy indi-
viduals with different HLA-II risk genotypes. B Same as (A) but with antigen specific memory Tregs (memory)
Tregs (Tetramer+CD45RA–CD25+CD127–CD4+). C Percentage of total Tregs (CD25+CD127–CD4+) among
healthy individuals with different HLA-II risk genotypes. ln[OR] assigned to each individual’s genotype is esti-
mated from UK-GRID cohort. Data from (Wen et al., 2020).

4.1.2 HLA-II mediated T1D risk has no effect on overall Treg frequen-

cies in healthy individuals

If HLA-II genotype has an impact on number of islet-specific Tregs in healthy individuals, we

speculated that this effect might also influence overall Treg frequency in healthy individuals.
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Such a trend has been reported in (Savastio et al., 2020). Savastio et al. (2020) analysed ICOS+

Treg frequency (CD4+CD25+FoxP3+ICOS+ T cells) in individuals with T1D and first-degree

relatives and found a significant enrichment of ICOS+ Tregs in first-degree relatives carrying

low risk HLA-II genotypes.

To see if HLA-II T1D risk also affects total Treg frequencies in healthy individuals, we requested

access to genotype and phenotype data from TwinsUK registry (see Twins UK cohort). We

also downloaded a public dataset containing a comprehensive list of immune traits in blood

(∼80,000 traits) for a subset of TwinsUK individuals (Roederer et al., 2015). We merged the

requested HLA genotypes with the 80k immunophenotypes and filtered out individuals missing

HLA-II imputations and individuals with immune-related conditions or on steroid treatment

(Figure 4.2 A). We also filtered out non-robust traits (those with correlation <0.3 in a subset

of replicate samples) and focused on CD4+ traits.

Figure 4.2: The TwinsUK dataset. Overview of the data we hold from TwinsUK dataset. A We got access
to TwinsUK genotype (HLA imputations) and immunophenotype data (both interleukine levels and immune
triats e.g. frequency of CD4+ T cells). Additionally, we used a large immunophenotype dataset with more than
70k traits containing a subset of TwinsUK individuals. Both genotype and immunophenotype information was
present in 457 twins. Individuals without genotype calls at any of the HLA-II loci were discarded. Individuals
with autoimmune conditions (AS-Ankylosing Spondylitis, SLE-Systemic Lupus Erythematosus) or with history
of steroid treatment were discarded. The filtered dataset with consisted of 382 individuals and 8,634 CD4+

traits. B Distribution of the HLA-II polygenic risk score in the UK-GRID cohort (excluding cases) and in the
TwinsUK filtered cohort.

To asses the impact of HLA-II risk on CD4+ immunophenotypes, we built a polygenic risk

score for each individual i as the sum of the k HLA-II genotypes identified as driver genotypes

in the UK-GRID cohort (k=21, Figure 3.10):
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HLA-PRS(i) =
k∑

j=1

βj ×HLA-IIij (4.1)

where βj is the strength of association (β coefficient) of the j HLA-II genotype as estimated in

the UK-GRID cohort with a model including all drivers (n = 31, 21 HLA-II and 10 HLA-I):

OUTCOME ∼ GENDER + driver1 + driver2 + driver3...+ drivern

Finally, HLA-IIij is the presence (1) or absence (0) of the jth HLA-II driver genotype in

individual i. Note that while the weights for HLA-II drivers were adjusted by HLA-I drivers, the

latter are excluded from the PRS calculation as the focus here is the effect of HLA-II associated

risk on immunophenotype. PRS ranged between -2.5 and 2.5 and the distribution was similar

between TwinsUK individuals (N=382) and UK-GRID controls (N=5,742) (Figure 4.2 B).

We tested for correlation between HLA-PRS and CD4+ traits using spearman correlation. Al-

though we reduced the number of traits 10-fold, we still had 8,634 robust CD4+ immunopheno-

types to test. To address the multiple comparison problem, we implemented the minP multiple

testing procedure (see Multiple testing procedures for dependent tests) and used the 5% quan-

tile of the distribution of minimum p-values under the null hypothesis to keep FWER at level

α, where as usual α = 0.05.

As expected, none of the 8,634 CD4+ traits remained significant after Bonferroni adjustment

for multiple comparisons. Bonferroni adjusted p-values are too conservative in this case though.

Cell frequencies are calculated from flow cytometry data with panel designs including multiple

markers. Therefore, there is considerable co-variation between traits as cells can belong to mul-

tiple fluorescence gates. Nevertheless, when estimating the joint null distribution empirically

(1e4 permutations), the minP adjusted significance level was still lower than the trait with

the lowest unadjusted p-value (Figure 4.3 A). The most significant CD4+ trait, although non-

significant after multiple testing correction, was CD25+CD39–CD73+ (Figure 4.3 B). CD73 is

expressed in a subset of highly supressed Tregs (CD4+CD25+) (Jarvis et al., 2021) and is neg-

atively correlated with HLA-PRS, as expected given our hypothesis; individuals with a lower

PRS (carrying protective genotypes for T1D) have higher Treg levels.

We also investigated the traits reported in Wen et al. (2020). The frequency of CD4+CD25+CD127–

was not significantly correlated with HLA-PRS (Figure 4.3 C). Wen et al. (2020) identi-

fied an enrichment of islet-specific CD4+CD25+CD127– Tregs in protected healthy individ-
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Figure 4.3: HLA-II polygenic risk score as a predictor of CD4+ immunophenotypes. A Manhattan
plot of CD4+ traits p-values (spearman correlation). Dashed red line indicates the Bonferroni corrected signif-
icance level for 8,634 traits (5.8× 10−6) whereas the dashed blue line indicates the minP corrected significance
level (5% quantile of the minP distribution under the null hypothesis). Orange dot indicates the trait with the
smallest p-value. B, C, D, E Proportion of CD4+ T cells as a function of PRS. Traits reported are B the top
associated trait with PRS, C total Tregs, D memory Tregs and E naive Tregs (potentially including Tscm). Dots
indicate cell log10 frequency levels from the parent population (CD4+) in TwinsUK individuals (N=382). Blue
line indicates best fit of linear regression. Spearman correlation estimates and p-values are reported in the top
right of each plot.

uals, but the percentage of total CD4+CD25+CD127– T cells did not vary between HLA-

II genotype groups, agreeing with our results in the TwinsUK. Although the percentage of

CD4+CD25+CD127–CD45RA– T cells (memory Tregs) is not present among the 80k immunophe-

notypes assessed in TwinsUK, we have frequency values for a similar trait,

CD4+CD25+CD127–CD45RO+ (Gattinoni et al., 2017; Vukmanovic-Stejic et al., 2006). Again,

neither the frequency of memory Tregs (Figure 4.3 D) nor the complement trait that includes

naive and stem cell memory T cells (Figure 4.3 E), i.e. CD4+CD25+CD127–CD45RO–, were

significantly correlated with PRS in this cohort.

In summary, while we failed to detect an overall impact of HLA-II autoimmune risk on overall T

cell frequencies, there is evidence that HLA-II genotypes affect islet-specific T cell frequencies.
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4.2 KIR effect on HLA-II associations

Broadly speaking there are two (non-exclusive) ways in which iKIR could affect HLA-II-

restricted CD4+ T cells (see again Figure 1.2): either by iKIR expression directly on CD4+

T cells or indirectly by iKIR expression on another population (that interacts with APCs ex-

pressing HLA-II or CD4+ T cells restricted by HLA-II).

Briefly, iKIRs directly expressed on T cells prolong T cell lifespan. Some studies have also

reported a decrease in effector function upon iKIR ligation. Indirectly, iKIRs expressed on

another population, e.g. NK cells, can modulate CD4+ T cells restricted by protective HLA-II

molecules and impact their survival. Given the increasing evidence for a iKIR impact on T cell

survival, in our mathematical model we assume functional iKIR genes increase T cell lifespan.

We do not explicitly model the direct nor the indirect pathways and so the origin of the iKIR

effect is not taken into account.

4.3 Mathematical model of the transition from health to

T1D

We model autoimmune response against pancreatic β-cells in the pancreatic islet with a set of

four coupled differential equations describing the interactions between activated islet-specific T

cells, both CD8+ Teff cells (C) and CD4+ Treg cells (R), insulin producing β-cells (B) and islet

antigen levels (A) (see also Table 4.1):
dB

dt
= −δBCB (4.2a)

dA

dt
= αACB − δAA (4.2b)

dR

dt
= αRA− δRR (4.2c)

dC

dt
= αCA− δCC − δiRC (4.2d)

Variable Definition
A Islet antigens
B Pancreatic β-cells
R Islet-specific Tregs

C Islet-specific Teffs

Table 4.1: Description of state variables included in the system of differential equations described by (4.2).
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We consider that the presence of islet antigens (A) activates Teffs (C) but also Tregs (R). The

activation of C and R has two opposite effects; while C mediates β-cell killing, R reduces

activated C levels which in turn reduces β-cell killing1. The coexistence of these two antagonistic

pathways triggered by the same input constitutes a type of incoherent feedforward loop (IFFL).

This motif has been used to describe immune activation and tumor control (Sontag, 2017). The

IFFL is coupled to a positive feedback loop: T cell mediated killing of β-cells results in more

islet antigen release that in turn activates T cells (C and R) Figure 4.4. We explored additional

β-cell islet
antigen

Treg

Teff

Figure 4.4: Minimal model of the T cell mediated destruction of pancreatic β cells.

structural forms of the model. We included density-dependent production of islet-specific T

cells and modelled the negative feedback loop via R inhibition on C proliferation:
dB

dt
= −δBCB (4.3a)

dA

dt
= αACB − δAA (4.3b)

dR

dt
= αRAR(1− R

Kr

)− δRR (4.3c)

dC

dt
=

αCAC

k +R
(1− C

Kc

)− δCC (4.3d)

We refer to the density-independent and the density-dependent models as model 1 (4.2) and

model 2 (4.3) respectively.

4.3.1 Parameter estimation

Parametrization of complex biological systems is a key challenge due to the scarcity of human

in vivo experimental estimates. Moreover, the risk associated with pancreatic biopsies implies

that our molecular and cellular understanding of β-cell destruction is very limited. We provide

biologically reasonable parameter ranges and, where possible, the estimates are based on quan-

titative experimental studies using human islets. Other parameters were taken from previous

theoretical studies.
1Tregs inhibit Teff function via multiple pathways. To make the model simpler we only account for the Tregs

negative effect on T cell proliferation.
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Death rates The lifespan for effector T cells is estimated to be around 5 days so death rate

for both C and R is set to 0.2day-1.

Proliferation rates Several studies have attempted to quantify the degree of T cell infiltration

in the islets both in health and disease (Babon et al. (2016); Anderson et al. (2021); Michels

et al. (2017); Denroche et al. (2021); Fasolino et al. (2022)). These estimates range between 1

and 20 T cells per islet.

β-cell killing Recent evidence shows that the rate of T cell killing is lower than expected

and 2-16 cells are killed per T cell per day in a highly cooperative manner (Halle et al., 2016).

However, we also need to take into account processes that we do not model explicitly, such as

APC-dependent activation or T cell migration to the islet. We therefore choose killing rates

that result in a biologically reasonable model behavior.

Antigen production and clearance Protein dynamics in the order of hours so we assume

1-5 islet antigens are cleared per day as in previous T1D mathematical models (Mahaffy and

Edelstein-Keshet, 2007).

Carrying capacities Carrying capacities are estimated from a study on hand picked human

islet (Babon et al., 2016). A maximum of 526 CD8+ T cells per islet was reported. A maximum

of 1,100 CD4+ cells was reported in one T1D case. We expect Teffs to go over Tregs, since Tregs

make up 5-10% of CD4+ T cells.

The parameters and parameter ranges used in the simulations are listed in Table 4.2.

4.3.2 Assumptions

• The model reflects the interactions between islet cells and T cells in one islet. We assume

that similar dynamics happen in all the pancreatic islets.

• We assume that seroconversion indicates the presence of an active adaptive immune re-

sponse against insulin producing cells. Autoantibodies (AAb) are the first sign indicating

that an individual is on the road to T1D and their appearance is strongly correlated with

HLA-II genotypes (Ilonen et al., 2018). However, the role of islet autoantibodies and B

cells remains unknown so we do not include them in the model (Leete and Morgan, 2021).

• We assume that all individuals in our simulated cohort are positive for at least one islet

antibody due to an increase in islet antigen levels. The origin of elevated antigen levels
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Equation ParameterModel Definition Units Value Reference
β-cell (B) δbeta 1&2 β cell killing per effector

T cell
cell−1day−1 1 × 10−5 - 9 ×

10−5
Estimated

Islet anti-
gen (A)

αA 1&2 Rate of islet antigen re-
lease (or β-cell damage)
per Teff (C)

cell−1day−1 1× 10−5 Mahaffy
and
Edelstein-
Keshet
(2007)

δA 1&2 Clearance rate of the
antigen

day−1 1 Mahaffy
and
Edelstein-
Keshet
(2007)

Tregs (R) γR 1&2 Proliferation rate of
Treg (R) upon antigen
encounter

day−1 1 - 10 Babon
et al.
(2016)

δT 1&2 Death rate of Tregs (R)
and Teffs (C)

day−1 0.1 - 0.2 MURPHY
and
CASEY. BERG
(2022)

KR 2 Density control on Treg
proliferation rate

cells 1 - 10 Babon
et al.
(2016)

Teffs (C) γC 1&2 Proliferation rate of
Teffs dependent of anti-
gen activation of Tnaive
and memory cells

day−1 1 - 100 Babon
et al.
(2016)

δi 1 Teff suppression by Treg cell−1day−1 1 Estimated
k 2 Threshold of Teff inhibi-

tion by Treg

cells 1 Estimated

KC 2 Density control on Teff
proliferation rate

cells 50 - 100 Babon
et al.
(2016)

Table 4.2: Parameters of both model 1 and model 2. Where possible, we provide biologically realistic
ranges based on experimental data.

is unknown but viral infections and mimicry are strong candidates (García et al., 2019;

Gottesman et al., 2022). We assume that all individuals are in contact with an unknown

trigger that can initiate an autoreactive response.

• We assume that in the face of the same antigenic trigger, variability in the immune

response parameters will determine the transition from health to disease. A balance

between Teffs and Tregs is thought to determine disease outcome.

• We assume that HLA-II risk affects the proliferation rate of Tregs.

• There is broad agreement that 85–95% of β-cell mass is lost in more long-established T1D

but many individuals retain modest numbers of residual insulin-positive cells for many
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years. One example of these long standing insulin producers are Joslin medalists, indi-

viduals with T1D for more than 50 years that retain insulin production (Keenan et al.,

2010). Variability in the % of β-cell mass remaining has been correlated with age at onset

in several studies and has been attributed to age-related and HLA-related immunopheno-

types (Leete et al., 2016). Another study though suggests that this variability might be

explained by body mass index (Klinke, 2008) (a covariate that also correlates with age)

but that other factors such as measure-driven technical variability due to the distinct

distribution of islets in the pancreas might contribute to large variability at onset. We

assume that our simulated cohort is homogeneous (similar age and body mass index) and

that loss of 80% of β-cell mass indicates transition from health to T1D onset.

• Following (Mahaffy and Edelstein-Keshet, 2007), we also obviate β-cell turnover in our

model. β-cells are thought to be long-lived and a stable population after birth (Keenan

et al., 2010; Lam et al., 2017; Meier et al., 2008).

4.3.3 Simulations

We apply the cellular model described above to a virtual cohort of 10,000 individuals, each one

defined by a different set of parameters (sampled from ranges in Table 4.2) and use numerical

methods to solve the equations in Julia programming language (see Figure 4.5 A and B for

realizations of each model). All simulations start with the same initial conditions, that is 100%

of β-cells in the islet (1 × 103 cells) and 0 activated T cells. To initiate the autoreactive T

cell response, islet antigen is also present at the start of all simulations. The presence of islet

antigen at time 0 will trigger a T cell response that might or might not kill all β-cells in the islet

(see Figure 4.5 B and C). Simulation time span is 2000 days. At the end of each simulation, the

levels of each variable are recorded. Mean T cell levels (C and R) throughout the simulation

are also recorded.
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Figure 4.5: Cell population levels over time in 3 in silico individuals. Trajectories for one realization
of model 1 (A) and two realizations of model 2 (B & C). A Model 1: Numerical solution for one in silico
individual that develops T1D. Parameters: δbeta = 1e − 4, αa = 1e − 5, δa = 1, γR = 50, δT = 0.2, γC = 150,
κR = 1e− 2. Intial conditions: B = 1e3, A = 1, R = C = 0. B Model 2: Numerical solution for an individual
that remains healthy after a rise in antigen. Parameters: δbeta = 1e− 4, αa = 1e− 5,δa = 1, γR = 7, δT = 0.2,
γC = 10, κR = 1e− 2, Kr = 10, Kc = 40. Intial conditions: B = 1e3, A = 1, R = C = 1. C Model 2: Same
in silico individual as in B but with a 25% increase in T cell lifespan, i.e. δT = 0.16, corresponding to a high
number of functional iKIR genes. Antigen levels are shown in green. Dashed gray line indicates threshold for
T1D onset.

4.4 Results T1D model

To represent the iKIR effect on T cell survival, we run the simulation twice for each parameter

set. In the first simulation we set an average T cell death rate, corresponding to an average

number of functional iKIR genes. In the second simulation, all the parameters of a given set are

kept constant but T cell death is decreased to reflect the impact of high number of functional

iKIR genes on T cell lifespan. We therefore simulated the cohort twice, resulting in 20,000

pairs. While different pairs carry different parameter sets, individuals in the same pair have

the same parameters and only differ in their death rates. We refer to the individuals of the pair

with the smallest death rates as the iKIR high in silico cohort, whereas the individuals with

highest death rate as the iKIR low cohort.

A high number of functional iKIR genes can cause up to a two-fold increase in T cell lifespan

(Zhang et al., 2023). Here we implement a moderate effect of 25% increase in lifespan. In

both models, increasing T cell survival resulted in progression to T1D in a small fraction of in

silico individuals who would otherwise stayed healthy. In the majority of in silico individuals,

decrease in T cell death rate did not have an impact on outcome (Figure 4.6) and so the outcome

of each simulated pair coincided most of the time.
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Figure 4.6: β-cell mass remaining as a function of Tregs levels. A, B Fraction of β-cell mass remaining as
a function of the number of regulatory Tregs during the immune response is shown for each in silico individual in
the simulated cohort with model 1 (A) and model 2 (B). Color code indicates outcome of the immune response:
individuals that remain healthy after the immune response are shown in green, those that transition to T1D are
shown in purple and individuals that have a different outcome depending on their functional iKIR gene count
are shown in darkorange.

4.4.1 Treg levels correlate with protection

Individuals with HLA-II protective genotypes have higher frequencies of islet-specific Tregs. We

assumed that HLA-II-protected in silico individuals have high number of islet-specific Tregs and

classified individuals into groups on the basis of mean Treg numbers during the simulation. In

both models, individuals with higher mean levels of activated Tregs tend to remain disease-free

whereas individuals with low mean Treg levels tend to progress to T1D (Figure 4.7). Note that

in model 1, individuals with a very low number of Tregs typically remained healthy (Teff cell

frequency was also low in those cases, not shown).

Figure 4.7: Treg levels represent HLA-II risk. Mean Treg levels are grouped into deciles, which results
in 10 Treg categories (x-axis). The proportion of each disease group is calculated within each Treg category. A
Percentages of each disease outcome in model 1. B Same plot but for model 2.
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4.4.2 Impact of iKIRs on HLA-II associations with T1D

We then asked whether an increased T cell survival is associated with higher T1D risk in carriers

of protective but not neutral nor detrimental HLA genotypes. To do that, we computed the

difference in ln[OR]s between the iKIR high and iKIR low in silico cohorts in each Treg decile

group (which we assume is the equivalent of the HLA risk group in the immunogenetic data). In

model 1, the difference of ln[OR]s remained constant for different groups with different numbers

of Tregs (Figure 4.8 A). In model 2 though, the difference in lnORs increases as the number

of Tregs per islet increases (Figure 4.8 B), which recapitulates the trend observed in the actual

data (Figure 4.8 C).
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Figure 4.8: iKIR effect as a function of Treg levels. A,B Difference of ln[OR]s between a cohort with
low T cell death rates (iKIR high) vs and a cohorth with high T cell death rates (iKIR low) as a function of
the number of Tregs during the immune response simulated with model 1 (A) and model 2 (B). C Difference
in HLA-II genotype ln[OR]s between the group of UK-GRID individuals with a high iKIR score and the group
with a low iKIR score in different. Color code according to the ln[OR] of the HLA-II genotype estimated from
UK-GRID.

4.5 Discussion

We hypothesized that iKIR-mediated risk in HLA-protected individuals is caused by a prolonged

T cell lifespan. A longer T cell lifespan is expected to aggravate autoimmune responses and so

might explain our immunogenetic results.

In the context of chronic viral infections, previous studies from the lab identified a similar effect

but, as expected, in the opposite direction; protective HLA associations were not weakened

but enhanced by functional iKIR genes (Seich al Basatena et al., 2011; Boelen et al., 2018).
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However, in both HIV-1 and HTLV-1 infection, detrimental HLA-I genotypes (HLA-B*35 and

HLA-B*54 respectively) were also significantly enhanced. Mathematical modelling provided

an explanation for these opposing and counter-intuitive effects; when T cells survive for longer,

the quality of the antiviral response becomes more important and so at the population level

differences between protective and detrimental HLA genotypes are magnified (Boelen et al.,

2018).

In T1D though, there is no evidence for functional iKIR modification of detrimental geno-

types. This difference between viral infections and T1D is striking. In the viral infections

context, protective and detrimental HLA-I genotypes are thought to share a common path-

way, e.g. detrimental genotypes are not actively detrimental but are absence of protection and

the mechanism underlying both protection and susceptibility in chronic viral infections is the

same, e.g. efficiency in targeting conserved epitopes by the different HLA molecules (Borghans

et al., 2007). Given this shared biology it is unsurprising that both protective and detrimental

genotypes are modified in a similar way by functional iKIR genes.

In autoimmunity the mechanism of protective and that of detrimental genotypes may be funda-

mentally different. For instance, the detrimental genotypes may be responsible for presenting

tissue-specific autoantigens to T cells which escaped negative selection in the thymus whilst

the protective genotypes may skew cells to an antiinflammatory response. That is the protec-

tive genotypes may actively prevent disease and the detrimental genotypes may actively cause

disease and so a differential effect of functional iKIR can be understood. In line with this

hypothesis, T cells restricted by a detrimental DQ8 HLA molecule acquire a proinflamatory

phenotype when co-cultured with DQ8 homozygous APCs. When co-cultured with DQ8/DQ6

hetorezygous APCs though, T cells switch to an anti-inflamatory phenotype (Eerligh et al.,

2011), providing an explanation to the dominant protection conferred by DQ6 genotype. The

finding that all protective HLA-II genotypes are similarly iKIR modified may suggest that these

HLA-II genotypes share a common mechanisms of protection. This is consistent with recent

work from Zhao et al. (2020), who identified shared resistant motifs among some resistant

genotypes like those present in DQ6 or DQA1*01:03 genotypes.

In addition to epitope stealing, other mechanisms might explain DQ6 protective effect in T1D.

For example, we find evidence that HLA molecules decrease the number of islet-specific Tregs

as a function of HLA risk associated with T1D (Wen et al., 2020). Similarly, HLA T1D risk

also correlates with the loss of anergic B cells specific for insulin in healthy individuals (Smith
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et al., 2015). Recent studies provide more mechanistic explanations to these HLA-dependent

biases in relevant immune cell frequencies. A large portion of the HLA-II risk in T1D maps to

the amino acid at position 57 in the DQB1 molecule (Todd et al., 1987), in which the presence

of aspartic acid (D) correlates with protection against T1D (Morel et al., 1988). This residue

position has also been recently correlated with the frequency of negatively charged sequences

in the CDR3 region of the TCRs from both effector and regulatory CD4+ T cells (García

et al., 2021). These sequences are known to be enriched among TCRs that bind the primary

epitope in T1D, insulin B:9–23 (Gioia et al., 2019). Indeed, the frequency of negatively charged

sequences also correlated with the proportion of islet-specific T cells in the islets, providing a

mechanistic explanation for HLA-II associations with T1D. Therefore, the nature of this residue

position in DQ molecules might impose presentation constraints that bias the TCR repertoire

towards higher/lower reactivity and might lower/increase the propensity for the selection of

regulatory T cells. In the context of T1D, there is some evidence that overall Treg frequencies

correlate with T1D HLA risk genotypes (Glisic et al., 2009; Michalek et al., 2006). However,

these results might be partly explained by age-dependent increase of Tregs (Brusko et al., 2007),

which in turn reinforces the view that Treg-mediated islet tolerance might be essential to prevent

autoimmunity2.

Given the relatively high prevalence of detrimental genotypes in the general population3, one

might speculate that these molecules were beneficial in past environments and so they became

widespread. In this scenario, pro-T1D HLA genotypes would promote reactivity whereas anti-

T1D HLA genotypes will favour immunoregulation like Treg-mediated inhibition. As expected,

HLA polymorphism modifies the CDR3 sequence composition in healthy individuals; interest-

ingly, some of the most influential residues are strongly associated with autoimmune disordes

(Ishigaki et al., 2022).

An alternative mechanism that could explain HLA-mediated risk is increased AICD in Tregs

when antigen levels are high, as reported in mice experiments in autoimmune thyroiditis

(Badami et al., 2019). In T1D, in vitro work also showed increased apoptosis levels in Tregs

from HLA detrimental carriers (Glisic and Jailwala, 2012). Finally, the fact that CTLA-4 loci

is associated with T1D and that individuals with IPEX syndrome4 develop early-onset T1D
2T1D is a pediatric disease; its early onset might be explained by an environmental insult in young individuals

whose tolerance mechanisms have not fully developed yet.
3Although only 2% of healthy controls in the UK-GRID cohort carry the DR3/DR4 heterozygote genotype,

18% carries at least one copy of the detrimental DQ8 genotype and 26% carries DR3 genotype
4CTLA-4 is constitutively expressed in Tregs. Individuals with IPEX syndrome have mutations in FoxP3

gene, a transcription factor required for maintenance of Tregs.
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helps secure an important role for Tregs in T1D ethiopathogenesis.

In an effort to elucidate the preferential iKIR modification of protective HLA associations in

T1D, we implemented mathematical models that describe the interaction between islet-specific

Treg and Teff cells during the autoimmune cell destruction of β cells. Given the central role of

Tregs in T1D and multiple associations between Treg immunophenotypes and HLA-II risk, we

assumed that an individual’s HLA risk to develop T1D is associated with the proliferation rate

of Tregs.

The results presented in Figure 4.8 provide a plausible explanation for the immunogenetic

findings. When Treg levels are saturated, e.g. in protective HLA carriers, the increase in T

cell survival results in an increase of Teff but not Treg population size. Consequently, in this

scenario, there is an effective increase of β-cell destruction that cannot be compensated by

Treg suppression of Teffs. In unsaturated conditions though, i.e. in neutral or detrimental HLA

carriers, iKIR-mediated increase of both Treg and Teff survival results in a zero net effect on

β-cell destruction.

One limitation of this study is that we had to estimate some parameters. In addition, several

known processes are considered only implicitly, e.g. antigen uptake and presentation by APCs,

and so it would be difficult to experimentally estimate those. Similarly, the effect of B cells

and auto-antibodies is not considered although this adaptive immune population would be

equivalent to our Teff population in that it is considered to be detrimental (Leete et al., 2016).

We also assumed that HLA-II risk correlates with the degree of proliferation of Tregs. This is

based on the DQ6 association with the frequency of islet specific Tregs. However, as we have

seen, other studies suggest that HLA risk genotypes affect Treg apoptosis levels (Glisic and

Jailwala, 2012). Isotope labelling data could help to address this question by estimating the

turnover rates of Treg in individuals with different HLA-II genotypes. So far there are two

stable-isotope labelling studies in T1D but the effect of HLA genotype on turnover was not

investigated (Bollyky et al., 2013; Hao et al., 2019).

Finally, the effect of iKIRs on both Tregs and Teffs is reminiscent of recent work in mice showing

that abatacept, a CTLA-4–immunoglobulin (Ig) fusion protein, blocked T follicular helper cell

(Tfh) CD28-dependent stimulation (CTLA-4 prevents interaction between CD28 and its ligand).

However, Treg homeostasis also requires CD28 stimulation so abatacept not only dampened

effector responses driven by Tfh cells but also regulatory responses (Edner et al., 2020; Wang
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et al., 2022). iKIR engagement might have the same dual effect, where modulation of T lifespan

affects both Tregs and Teffs.

In summary, with a minimal model of the β cell destruction by islet-specific T cells, we find

a plausible mechanism that explains our immunogenetic results in the UK-GRID cohort. In

the next chapter we analyse KIR expression data to investigate whether KIR+ T cells are

responsible for the iKIR effect in T1D or not.
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Chapter 5

iKIR expression in T1D

We have seen that an extended T cell lifespan could explain our immunogenetic results linking

functional iKIR genes with weakened HLA-II-restricted protective responses. There are two

non-exclusive pathways in which KIRs affect T cell lifespan. Experiments in transgenic mice

and in humans in vitro show that iKIR expression directly on T cells reduces cell death upon

KIR ligation (Gati et al., 2003; Boelen et al., 2018; Roger et al., 2001; Ugolini et al., 2001).

Alternatively, KIRs expressed on other immune populations like NK cells might dampen their

known immunoregulatory function. Thus, other KIR expressing populations interacting with

T cells might indirectly affect T cell lifespan. Both pathways are plausible mechanisms that

could explain our immunogenetic findings.

In this Chapter we review what is known about KIR regulation of the immune response, focusing

on the indirect and direct pathways that affect adaptive T cell responses. Then we move on to

test the direct hypothesis. Analysis of RNA and protein KIR expression data indicates that a

minority of T cells express iKIRs and that the size of this population is not altered in T1D.

5.1 KIRs during innate NK cell-mediated responses

Parts of section 5.1 have been previously published in (Mora-Bitria and Asquith, 2023).

KIRs are mainly expressed on NK cells where, along with other innate receptors, they regulate

cytokine and cytotoxic responses. One of the mechanisms to modulate the NK response is the
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inhibition resulting from the recognition of HLA-I ligands. NK cell inactivation by HLA-I is

considered a factor that ensures the host’s self-tolerance. This hypothesis is supported by the

capacity of NK cells to target low self-MHC expressing cells, producing what is known as “miss-

ing self-response” (Ljunggren and Kärre, 1990). iKIRs participate in the missing self-response

through interactions with their cognate HLA ligands.

However, KIR expression is independent of the host’s HLA-I alleles and so NK cells may

express iKIRs that lack their cognate HLA-I ligand in the host. Nonetheless, these NK cells

are not alloreactive, as they are subjected to a host-tolerization process. This process is known

by names such as “cell education”, “licensing” (Kim et al., 2005) or “disarming” (Fernandez

et al., 2005). This tolerization process ensures that developing NK cells are self-tolerant but

responsive to malignant and infected cells. Different models have been proposed to explain

how functional NK cell repertoires are calibrated by cognate iKIR-MHC interactions (Brodin

et al., 2009; Boudreau and Hsu, 2018) but the molecular mechanism underlying the “NK cell

education” process is only beginning to be understood (Wu et al., 2021).

5.2 KIRs during T cell responses

In addition to the clear role of KIRs in modulating NK cell-mediated immunity, there are mul-

tiple, non-exclusive, pathways by which these receptors potentially modulate T cell-mediated

immunity (Mora-Bitria and Asquith, 2023). These pathways can be divided into two categories:

“Direct pathways”, in which KIR expression on a T cell directly impacts its function and sur-

vival, and “indirect pathways” in which KIR expression on another cell – e.g. an NK cell or a

different T cell – indirectly affects T cell function.

5.2.1 Direct pathways

KIR engagement on T cells has been reported to have two main effects: inhibition of T cells’

effector function and reduction of AICD.

Regulation of T cell effector function

Several studies have shown that iKIR engagement with their HLA ligands dampens the TCR-

dependent effector response. This effect is produced both via reduction of cytokine levels
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(D’Andrea et al., 1996; van der Veken et al., 2009) and impaired cytotoxicity (Bakker et al.,

1998). However, the extent of this inhibition is highly heterogeneous across studies (Anfossi

et al., 2004; Ferrini et al., 1994) and can be overcome by stronger stimuli (van der Veken

et al., 2009). In contrast, in a previous in vitro study we found that the presence of functional

iKIR-HLA interactions increased instead of decreased the number of CD107a+CD8+ T cells,

suggesting higher degranulation potential upon iKIR ligation (Boelen et al., 2018).

While some studies argue that KIR modulation of CD8+ T cells are ligand-independent (Alter

et al., 2008; Björkström et al., 2012; Chwae et al., 2002; Young et al., 2001) others show

functional impairment only in the presence of the cognate HLA (Anfossi et al., 2004; Gati

et al., 2003; Guerra et al., 2002; van der Veken et al., 2009; Zajac et al., 1999). The cell type

used – ex vivo KIR+ T cells, KIR+ T cell clones, transgenic KIR+ T cell lines –, the variability of

functional KIR receptor repertoire across individuals, the effector function assessed (cytokines

vs cytotoxicity) and the nature and concentration of the stimuli all might be factors underlying

the discrepancies on ligand requirement. In conclusion, it seems that iKIR expression probably

reduces activation-dependent T cell effector function, but it is unlikely to be a global inhibitor.

Impact on T cell survival

As opposed to the inhibitory KIR effect on T cell function, the impact on T cell survival upon

KIR ligation is well established (Figure 5.1 A). Using mice transgenic for KIR2DL3, Ugolini

et al showed that if the mice were also transgenic for the matching HLA ligand there was a

significant accumulation of memory KIR+CD8+ T cells. However, this effect was abrogated

in mice that were negative either for the ligand, the KIR or both (Ugolini et al., 2001). In

addition, the size of this KIR+ T cell memory population increased with age, in a similar way

as for the Ly49+ T cell population in non-transgenic mice (Coles et al., 2000) and recapitulated

in healthy humans (Anfossi et al., 2001).

Higher numbers of KIR+ T cells can be explained by either higher proliferation rates or lower

death rates. Although KIR ligation has no impact on the number of cell divisions (van der

Veken et al., 2009; Ugolini et al., 2001), KIR engagement resulted in reduced AICD in T cells

in vitro (Ugolini et al., 2001), suggesting that the accumulation of memory CD8+ T cells in

vivo was attributable to a survival advantage of KIR+CD8+ T cells (Anfossi et al., 2001).

Similarly in vitro experiments in mice, resulted in the inhibition of TCR-induced apoptosis in

the presence of the Ly49 cognate ligand (Roger et al., 2001). An increased survival upon iKIR

ligation has also been shown in KIR+CD4+ T cells in the context of ankylosing spondylitis
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(Bowness et al., 2011).

Consistent with the iKIR-mediated resistance to cell death, KIR expression correlates with

higher levels of the antiapoptotic molecule Bcl-2 (Young et al., 2001) and also lower caspase

8 activity (Gati et al., 2003). The requirement for iKIR ligation on this antiapoptotic effect

seems to be dispensable in in vitro experiments using a transfected KIR3DL1 Jurkat cell line

(Chwae et al., 2002). However, in human T cell clones, KIR ligation is required to reduce AICD

(Arlettaz et al., 2004; Boelen et al., 2018).

Figure 5.1: The indirect and direct pathways that affect T cell lifespan. iKIRs promote T cell survival
by a number of different pathways. CD8+ T cells are taken as the main responding T cell population in this
figure but the same mechanisms would apply to responding CD4+ T cells. The HLA-I molecule associated with
disease outcome is the HLA molecule shown in yellow (interacting with the TCR in blue). A Direct pathway:
iKIR expression on responding CD8+ T cells reduces AICD and increases T cell lifespan upon ligation of the
cognate KIR ligand. B Indirect pathway: iKIR ligation on other cells also affects CD8+ T cell lifespan. (I)
NK cells can interact with dendritic cells (DCs) and shape downstream T cell responses. (II) NK cells can
directly kill activated CD8+ T cells. (III) Activated CD4+ T cells are also susceptible to NK cell killing. (IV)
KIR+CD8+ T cells can kill activated CD8+ T cells. Figure reproduced from Mora-Bitria and Asquith (2023),
licensed under CC BY.

Although their discovery dates back over 3 decades ago (Moretta et al., 1990), the functional

relevance of the KIR+ T cell population remains unclear. Several reasons might explain the

paucity of functional studies. First, the absence of the KIR family in murine species hinders

the translation of in vivo studies. Second, due to the relatively wide expression of KIRs1,

it is difficult to pinpoint the immune population responsible for KIR gene associations. Fi-

nally, the antigen specificity of KIR+ T cells is often unknown (Young et al., 2001; Pieren

et al., 2021). KIR+ T cell specificity has been identified in some settings; these specificities

include tumour specific T cell clones isolated from renal cell carcinomas (Guerra et al., 2000)

and melanomas (Speiser et al., 1999) as well as HLA multimer+KIR+ T cells specific for cy-
1KIR+ T cell populations are found both within the γδ (Battistini et al., 1997; Nakajima et al., 1995) and the

αβ T cell compartments (Ferrini et al., 1994; Mingari et al., 1996; Phillips et al., 1995). Amongst conventional
αβ T cells, the highest frequencies of KIR expression are found in CD8+ T cells (1-25%), nevertheless low
frequencies of KIR+CD4+ T cells (<1%) are also consistently detected (Moretta et al., 1990; Phillips et al.,
1995; van Bergen et al., 2004).

103

https://creativecommons.org/licenses/by/2.0/


tomegalovirus (CMV), HTLV-1 and HIV-1 (Alter et al., 2008; Boelen et al., 2018; van der Veken

et al., 2009; Young et al., 2001; Sullivan et al., 2021).

Given the specificity of these KIR+ T cell populations and their accumulation in the terminally

differentiated memory compartment, it has been suggested that KIRs on T cells might be

involved in the regulation of autoreactive responses (Alter et al., 2009; Cauda et al., 1994;

Guerra et al., 2000), acting as an immune checkpoint that increases the activation threshold of

these potentially self-reactive T cells. Finally, recent studies suggest that KIR+ T cells can also

play an indirect regulatory role on activated T cell populations (Pieren et al., 2021; Li et al.,

2022) (see next section).

5.2.2 Indirect pathways

iKIRs can indirectly affect T cell function and survival through iKIR expression on other im-

mune effectors (e.g. NK cells or other T cells) interacting with the responding T cell population

(Figure 5.1 B).

NK-DC interactions

NK cells interact with DCs during the T cell priming phase, a process known as NK-DC

crosstalk. There is evidence that NK-DC crosstalk can have both a positive effect – boosting the

subsequent T cell response –, or a negative effect, dampening it down. Upon activation, NK cells

secrete cytokines including interferon-gamma and enhance dendritic cell maturation (Piccioli

et al., 2002). NK cells have also been shown to kill DCs during viral infection – known as DC

editing (see Figure 5.1 B (I))– which ensures robust T cell responses by selectively depleting

immature DCs and sparing the most immunogenic DCs (Ferlazzo et al., 2002; Morandi et al.,

2012; Piccioli et al., 2002). In contrast, some DC vaccine studies show that NK cell editing of

DC during the priming phase could have an opposite effect and impair T cell responses: NK

killing of immature DCs can reduce the efficacy of DC vaccinations Hayakawa et al. (2004) and

affect viral control (Andrews et al., 2010; Cook and Whitmire, 2013; Mandaric et al., 2012).

Whether NK-DC interactions promote or dampen effective T cell responses remains unknown

but several factors such as the cytokine milieu or the density of co-stimulatory molecules might

be important. For example, some studies have shown that KIRs at least partly modulate

DC-NK interactions (Chiesa et al., 2003; Ferlazzo et al., 2002), so variability in the KIR-HLA

interactions might contribute to the disparate results.
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NK cell killing of CD4+ and CD+ T cells

Mice and human studies have shown that NK cells can also affect adaptive immunity by killing

activated T cells (Rabinovich et al., 2003; Soderquest et al., 2011; Lang et al., 2012). Activated

CD8+ and CD4+, including Tregs, upregulate activating ligands and/or death receptors for NK

cells (Roy et al., 2008; Cerboni et al., 2007; Crouse et al., 2014; Rabinovich et al., 2003; Nielsen

et al., 2012) but the exact mechanisms of NK recognition and killing of T cells are still not

well defined (Waggoner et al., 2016). It has been suggested that the selectivity for activated

cells indicates that NK cells might kill incorrectly activated T cells such as autoreactive T

cells (Nielsen et al., 2012). Indeed, NK cells control autoreactive CD4+ T cells and ameliorate

inflammation in a mouse model of multiple sclerosis (Laroni et al., 2016; Lu et al., 2007). In

murine LCMV infection, NK cell killing of CD4+ T cells has been shown to be protective and to

prevent immunopathology in the context of high viral load (Waggoner et al., 2012) (Figure 5.1

B III). However, in the same study, when using an intermediate viral dose, NK cell regulation

results in viral persistence and immune pathology (Lang et al., 2012; Soderquest et al., 2011;

Waggoner et al., 2012). Therefore, while NK cell dampening of CD4+ T cell responses might

be beneficial in some contexts (autoimmunity, immunopathology), it can also have long-term

negative effects (including viral persistence) and result in a reduced T cell memory pool (Lu

et al., 2007; Rydyznski et al., 2015; Soderquest et al., 2011). NK killing of CD8+ T cells has

also been described by Peppa et al (Figure 5.1 B II). Using PBMCs from chronic hepatitis B

virus patients (HBV) they showed that, in vitro, NK cells selectively kill HBV-specific T cells

via the engagement of death receptors (Peppa et al., 2013). In a follow up study, they show

that NK regulatory function limits specific CD8+ T cell responses to HBV vaccine in mouse in

vivo and in humans in vitro in a PDL1-dependent manner (Diniz et al., 2022).

The role of iKIRs during this NK-T crosstalk has not been addressed. NK-T cell interactions

probably take place within secondary lymphoid organs where after T cell priming, T cells

undergo clonal expansion for approximately 2 days, coinciding with the peak of the NK cell

response. Although perforin+ NK cells do not reside in secondary lymphoid organs (Dogra

et al., 2020), upon activation during viral infections, type I interferon signalling triggers NK cell

accumulation and renders them in close contact with T cells (Ali et al., 2021). Interestingly,

NK cells within lymph nodes not only acquire cytolytic functions but also KIR expression

(Ferlazzo et al., 2004). Therefore, activated KIR+ NK cells are probably interacting with

recently activated T cells in the lymph nodes. The outcome of this interaction might be

modulated by the iKIR-HLA receptor-ligand system. Additionally, type I interferon also induces
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KIR ligand expression, HLA-I, in activated T cells so T cells might avoid NK cell killing via

iKIR engagement (Xu et al., 2014). This is consistent with recent experiments in mice showing

that deficiency of a MHC-I transcriptional regulator results in NK cell elimination of T cells

during inflammation (Ludigs et al., 2016).

T cells killing T cells

NK cells are not the only KIR expressing effector population that can affect T cell survival.

A recent study from Li et. al. indicates that KIR+ T cells can also regulate self-reactive T

cell responses (Figure 5.1 B IV). They observed that KIR+CD8+ T cells are expanded in

different autoimmune conditions, both in blood and within the relevant inflamed tissues (Li

et al., 2022) but also in patients with severe COVID-19. A previous study also observed that

activated KIR+CD45RA+ T cells expand during acute respiratory infection (including COVID-

19 patients) and showed that KIR+RA+ T cells suppress proliferation of stimulated KIR–CD8+

T cells in vitro (Pieren et al., 2021).

To address the function of the KIR+CD8+ T cells in autoimmunity, Li et. al. isolated gliadin-

reactive CD4+ T cells from celiac patients and co-cultured them with KIR+CD8+ T cells. Upon

activation, KIR+CD8+ T cells killed activated CD4+ T cells in a perforin-dependent manner.

This effect was partly abrogated by the presence of anti-HLA-I antibodies and anti-HLA-E an-

tibodies. Whether the interaction between HLA molecules and the relevant KIR is modulating

this regulatory function was not addressed and, although the KIR+ T cells were pre-activated

before blocking, classical HLA-I blockade could in principle be attributed to TCR signalling,

KIR signalling, or both. Furthermore, experiments in mice lacking Ly49+CD8+T cells dis-

played normal antiviral responses but were more prone to autoimmunity. These observations

built on previous work on mouse models of multiple sclerosis where Ly49+ T cells were shown

to suppress disease (Jiang et al., 1992; Saligrama et al., 2019). Based on these recent findings,

Li et al. (2022) argued that KIR+CD8+ T cells are the counterpart of CD4+ Tregs and might

limit autoreactivity and immunopathology.
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5.3 Frequency of T cells expressing iKIR transcripts in

T1D patients

There is evidence that KIR+ expression on T cells is higher in chronic viral infections (Alter

et al., 2008; Bonorino et al., 2007; Cauda et al., 1994) although in our recent study we did not

find increased frequencies of KIR+ T cells in HCV viremic patients Zhang et al. (2023). In-

creased KIR expression has also been reported in autoimmunity. In ankylosing spondylitis, iKIR

expression is dramatically increased in CD4+ T cells: 1-6% of all CD4+ cells are KIR3DL2+

rising to 10-60% of Th17 CD4+ cells in these patients (Bowness et al., 2011). In systemic lupus

erythematosus (SLE), we see similar increases (Basu et al., 2009). As mentioned, the frequency

of KIR+CD8+ T cells is also increased in multiple sclerosis, systemic lupus erythematosus, and

ceoliac disease (Li et al., 2022). Finally, KIR expression is also elevated in in haploidentical

bone marrow transplant recipients (Albi et al., 1996).

Whether KIR expression on CD8+ and/or CD4+ T cells is elevated in T1D patients has not been

explored. As we have seen, KIR expression on T cells confers a survival advantage. I hypothesize

that if iKIRs on T cells explain the functional iKIR gene effect on HLA associations, then KIR

expression might be higher in T1D patients.

5.3.1 scRNAseq analysis

To test the direct hypothesis we analysed published scRNA-seq data of PBMC samples from

4 children postive for islet antibodies and 4 matched controls (see Kallionpaa single-cell RNA

sequencing dataset). Briefly, to account for multi-mapping (multi-gene) reads, we align FASTQ

files to the GRCh38 reference genome using STARsolo aligner with the option –soloMultiMappers

Uniform (Kaminow et al., 2021). Multi-mapping reads are typically discarded during read quan-

tification steps. Albeit at the expense of a minor decrease in precision, rescuing multimappers

during the quantification step can increase sensitivity Kaminow et al. (2021), specially in cases

where there is a high degree of homology between genes as is the case of KIRs (Marin et al.,

2021).

After read mapping and quantification, count matrices were read into R (R Core Team, 2021)

using Seurat library (Hao et al., 2021) for quality control. We filter low quality barcodes

including (1) empty barcodes or barcodes with ambient RNA, (2) apoptotic/stressed cells and
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(3) barcodes containing more than one cell (doublets). We computed barcode ranks for log[UMI]

counts2 (Figure 5.2 A) to discard empty droplets using the package DropletUtils (Griffiths

et al., 2018). A total of 21,149 cellular barcodes passed the filtering (Figure 5.2 B). To remove

barcodes with ambient RNA or barcodes containing more than 1 cell, barcodes with a low/high

number of expressed genes or a high number of umi counts based on median absolute deviation

(MAD) thresholds (Figure 5.2 C). Finally, barcodes with more than 5% mitochondrial reads

were also filtered out. A total of 18,519 cells and 24,141 features are kept for downstream

analysis.

Figure 5.2: QC of scRNAseq data. Low quality barcodes are discarded using different filters. A Knee plot
showing umi counts per barcode ranked from barcode with the highest number of umi counts to the lowest.
Barcode rank curves are shown for each sample (color-coded). Horizontal line indicates the knee point for each
sample. Knee point in the curve is assumed to mark the transition between two components of the total count
distribution i.e. between empty droplets with little RNA and cell-containing droplets with much more RNA.
Dashed curves correspond to controls and solid curves to cases. B Number of cellular barcodes per sample after
removing empty barcodes. C Number of umi counts against number of detected genes (features) per barcode.
Cell barcodes with high (doublets) or low (ambient RNA) number of features are shown in orange. Barcodes
with a high number of umi counts are shown in green. Dashed lines indicate ± 3×MAD (median absolute
deviation) thresholds in each sample.

To make counts comparable across cells and remove technical biases, feature counts of each

cell are divided by total umi counts of that cell, i.e. by the library size. Normalized counts

are multiplied by a scale factor equal to 10k and converted to counts per 10,000 reads to ease

readability. Finally, to focus on relative differences rather than on absolute differences, scaled

counts are log transformed.
2As explained in section subsection 2.1.3, UMIs are unique molecular identifiers that are tagged to each

transcript during library preparation, before any PCR amplification. Therefore, quantification based on UMIs
is more accurate than based on read counts as the former represents the number of input transcript molecules
whereas the latter might contain PCR duplicates due to amplification biases.
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5.3.2 Expression of KIR transcripts in memory T cells and NK cells

We used an automatic annotation method, SingleR, to classify qced cells (Aran et al., 2019).

Briefly, given a reference dataset of single-cell or bulk samples with known labels, it classifies

new cells from a test dataset based on spearman correlation between the test and the reference.

We used the monaco reference dataset containing bulk sequencing data from sorted immune

populations (Monaco et al., 2019). Additionally, we used the human primary cell atlas reference

(hpca) dataset that contains microarray datasets from blood populations (Mabbott et al., 2013).

Few cells were annotated as terminal effector memory CD8+ T cells (monaco=239, hpca=213)

and just a small proportion expressed iKIR transcripts (Table 5.3.2). Nevertheless, KIR+

terminal effector memory CD8+ T cells were detected in both cases and controls with no

differences in expression levels (Figure 5.3 A). Only 2 barcodes classified as CD4+ terminal

effector (hpca reference) expressed KIR transcripts. Of note, cells annotated as Tregs (monaco,

N=1,185) did not express iKIR transcripts. Since KIR+ T cells accumulate in the terminal

memory compartment, a low number of KIR+ T cells (both CD8+ and CD4+) might be expected

given the age of the individuals (<2 years old). As expected, we found higher numbers of KIR+

cells within the NK cell compartment Table 5.3.2. Again, we did not find differences in KIR

expression levels between cases and controls. (Figure 5.3 B).

Figure 5.3: KIR gene expression within memory CD8+ T cells and NK cells is similar between
seropositive children and healthy controls. A Few CD8+ terminal effector memory cells express KIR
transcripts. Cells labeled as Terminal effector CD8 T cells (monaco, green) or as T cell:CD8+ effector memory
RA (hpca, orange) are shown split by disease status (case, control) and by KIR gene (KIR2DL1, KIR2DL2/L3
and KIR3DL1 ). We also show mean expression across KIR2DL1, KIR2DL2/L3 and KIR3DL1 genes. B Same
plot but for cells labelled as Natural killer cells (monaco) or NK cells (hpca).
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KIR2DL1 KIR2DL3 KIR3DL1 KIR Cells

Cell type (HPCA reference) T1D HC T1D HC T1D HC T1D HC T1D HC
NK_cell 3.96 2.32 5.88 5.93 3.55 1.59 8.62 7.38 986 691
NK_cell:CD56hiCD62L+ 1.82 1.04 2.19 1.04 0.00 0.00 2.19 1.73 274 289
CD4+_Naive 0.00 0.00 0.00 0.06 0.00 0.00 0.00 0.06 1858 1807
CD4+_central_memory 0.06 0.09 0.00 0.00 0.00 0.00 0.06 0.09 1664 1133
CD4+_effector_memory 0.00 0.00 0.28 0.00 0.28 0.00 0.56 0.00 360 165
CD8+_Central_memory 0.00 0.49 0.00 0.49 0.00 0.00 0.00 0.98 104 205
CD8+_effector_memory 0.06 0.03 0.06 0.12 0.00 0.00 0.11 0.15 1769 3235
CD8+_effector_memory_RA 3.26 0.83 3.26 5.79 1.09 0.00 5.43 5.79 92 121
CD8+_naive 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 373 747

Table 5.1: Percentage of cells expressing KIR transcripts within NK cell and memory T cell
susbsets. Percentage of KIR2DL1, KIR2DL2/L3 and KIR3DL1 positive cells within each HPCA annotated
subset is shown split by disease status (T1D= individuals at risk of type 1 diabetes, HC=matched healthy
controls). KIR column represents the percentage of KIR positive cells (expressing at least one KIR). The total
number of cells (regardless of KIR expression) in each NK cell and memory T cell subset is displayed in the
two last columns. Percentages for other HPCA annotated immune populations can be found in Table B.2.
Percentages using the Monaco reference dataset are listed in Table B.1.

5.4 KIR protein expression in T1D

In contrast to Li et al. (2022), we detected T cells expressing KIR transcripts in both cases and

controls at similar frequency. In addition, KIR+ T cells were very rare in these samples.

To confirm these results, we recruited 20 individuals including 10 T1D patients and 10 matched

controls for KIR immunophenotyping flow cytometry analysis (see Cardiff cohort). Specifically,

the expression of KIR2DL1, KIR2DL2/L3 and KIR3DL1 was assessed in the different CD4+ and

CD8+ naive and memory populations as well as in NK cell subsets (see Multi-colour antibody

panel). Blood samples from healthy individuals were collected and processed by Charandeep

Kaur. Blood samples from T1D patients were provided by Linda Hadcocks (U of St George’s)

and Susan Wong (University of Cardiff). All samples were stained and analysed on the flow

cytometer in the same experiment by Kelly Miners and Kristin Ladell (University of Cardiff).

I performed the flow cytometry analysis in R.

5.4.1 Gating strategy

After applying compensation (see Compensation), I performed automated gating in R with the

OpenCyto package (Finak et al., 2014). The gating hierarchy with all the gates applied is shown

in (see section B.4). All gates are based on the mindensity function. For a given parameter,

the mindensity function first estimates the two largest peaks in the fluorescence histogram and
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then finds the cutpoint value between the two peaks where the minimum density is observed.

Mindensity gates were used to gate CD4, CD8 and NK cell populations. Within T cells, we used

CD45RA and CD28 staining to define naive (Tn, CD45RA+CD28+) and the different memory

populations, namely central memory T cells (Tcm, CD45RA–CD28+), T effector memory pop-

ulation (Tem, CD45RA–CD28–) and effector memory RA+ T cells (Temra, CD45RA+CD28–).

The gating strategy for the CD8+ populations of a healthy donor (LD1) is shown in Figure 5.4.

Events from the 20 different samples are collapsed before gating and thus a given gate, e.g.

CD4vsCD8 gate, is replicated across all samples.

Figure 5.4: Gating strategy for enumeration of iKIR+ CD8+ T cell subsets. Analysis of PBMCs
for a healthy donor (LD1). Each subplot shows events in the parent population, where strip names indicate
parent population (root=all events). A From left to right, serial gating is used to identify (1) lymphocytes
and discard debris (root, all events), (2) single cells in the nonDebris gate, (3) CD3+ and Dump– cells in the
singlet gate (excluding unwanted lineages like CD14, CD19 and also necrotic cells), (4) CD8+ T cells in the
Dump–CD3+ gate and (5) naive (Tn), central memory (Tcm), effector memory (Tem) and effector memory
RA+ (Temra) populations within the CD8+ gate using CD45RA and CD28 staining. B Each of the 4 subsets
defined in the CD8+ gate (naive and memory subsets) was gated to determine events positive for KIR2DL1
(left), KIR2DL2/L3 (middle) and KIR3DL1 (left). In this case, only KIR gates within the Tcm population are
shown but the same strategy is followed for Tem, Temra and Tn. All boundaries are determined with the 1D
min density function (except for singlets) using collapsed data (see subsection 5.4.1).

An equivalent strategy was followed for CD4+ T cells (see Figure B.2). For NK cells, CD56

staining was used to identify NK cells in the CD3–Dump– gate. CD16 and CD56 markers were

then used to gate CD56dim and CD56bright NK cell subsets Figure 5.5.

As a sanity check, I compared the CD4+, CD8+ and NK cell frequencies obtained with the

automated gating strategy with frequencies obtained with manual gating in FlowJo software

provided by Charandeep Kaur. There is a high degree of agreement between manual and auto-

mated CD4 and CD8 cell frequencies (Figure 5.6). However, automated gating overestimated

the size of the CD56dimCD16+ population.
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Figure 5.5: Gating strategy to enumerate iKIR+ NK cells. Each subplot shows events in the parent
population, where strip names indicate parent population (root=all events). A Similar to CD8+ and CD4+

gating strategy, events were gated for (1) lymphocytes, (2) single cells, (3) CD3– cells (CD3–Dump–), (4) NK
cells using CD56 staining and finally (5) CD56dimCD16+ and CD56brightCD16– populations using CD56 and
CD16 staining. B Gating for iKIR+ cells within the CD56dimCD16+ population (the same strategy is followed
for CD56brightCD16– population). All boundaries (red) were calculated using the min density function (except
for singlets) and collapsing all the data.

Figure 5.6: Correlation between manual and automated gating. Frequencies obtained with automated
gating were compared to manual gating frequencies obtained in FlowJo for CD4+, CD8+, CD56dimCD16+ and
CD56brightCD16– cells and the different sub-populations downstream of these 4 parent subsets (see Figure B.1).

5.4.2 KIR expression in CD4+ and CD8+ T cell subsets

We compared the percentage of KIR expressing T cells between cases and controls (Figure 5.7).

As expected, Temras had the highest KIR expression followed by the Tem cells. In addition,

KIR2DL2/L3 showed the highest expression consistent with previous research (Zhang et al.,

2023; Björkström et al., 2012). Indeed differentiation status was a significant predictor of iKIR

expression, alongside the type of KIR measured (KIR2DL2/L3 showed the highest expression),
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disease status (higher iKIR expression in controls) and T cell lineage (higher expression in

CD8s) (Table B.4). Nevertheless, differences in KIR+ cells between cases and controls were

minimal and if anything controls had more iKIR expressing cells than cases (Table 5.2).

Figure 5.7: Percentage of T cells expressing different iKIR in T1D patients and healthy controls.
A The percentage of cells in each CD8+ T cell population (Tn, Tem, Tcm, Temra) expressing iKIRs quantified
by flow cytometry. B The percentage of cells in each CD4+ T cell population (Tn, Tem, Tcm, Temra) expressing
iKIRs quantified by flow cytometry. A and B Dots represent frequencies for each individual in the cohort. T1D
samples are color coded according to disease duration at time of collection (NO=new onset, IS=intermediate
standing disease, LS=long standing disease). Boxes show medians and interquartile ranges within T1D individ-
uals (N=10, orange, irrespective of disease duration) and healthy individuals (N=10, blue). Note that scales
change between subplots.

Healthy Control T1D

Lineage Subset KIR2DL1 KIR2DL2L3 KIR3DL1 KIR2DL1 KIR2DL2L3 KIR3DL1

CD4

Tn 0.01 0.09 0.04 0.01 0.04 0.07
Tcm 0.00 0.07 0.07 0.00 0.08 0.09
Tem 0.01 2.78 0.06 0.00 2.06 0.43
Temra 0.29 18.23 0.67 0.28 4.33 0.89

CD8

Tn 0.04 0.50 0.11 0.04 0.20 0.07
Tcm 0.01 0.47 0.09 0.02 0.34 0.18
Tem 0.50 5.79 1.37 0.24 4.90 1.55
Temra 1.96 17.07 3.30 1.63 11.08 3.39

Table 5.2: Median number of KIR+ T cells between cases and controls. Median number of KIR2DL1+,
KIR2DL2L3+ and KIR3DL1+ cells between cases and controls (expressed as a percentage of the parent pop-
ulation). Medians are calculated within each memory subset: Tn=CD28+CD45RA+, Tcm=CD28+CD45RA–,
Tem=CD28–CD45RA–, Temra=CD28–CD45RA+.
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5.4.3 KIR expression in NK cell subsets

Finally, we also investigated KIR expression within the NK cell subsets (Figure 5.8). As

expected the more mature CD56dimCD16+ population expressed a higher amount of KIRs

(Table B.5) (Björkström et al., 2010). Again, no differences in the median frequency of KIR+

cells were observed between cases and controls (Table 5.4.3).

Figure 5.8: Percentage of NK cells expressing different iKIR in T1D patients and healthy controls.
The percentage of cells in each NK cell population (CD56dimCD16+ and CD56brightCD16–) expressing iKIRs
was quantified by flow cytometry. Dots represent frequencies for each individual in the cohort. T1D samples
are color coded according to disease duration at time of collection (NO=new onset, IS=intermediate standing
disease, LS=long standing disease). Boxes show medians and interquartile ranges within T1D individuals
(N=10, orange, irrespective of disease duration) and healthy individuals (N=10, blue).

Healthy Control T1D

Subset KIR2DL1 KIR2DL2L3 KIR3DL1 KIR2DL1 KIR2DL2L3 KIR3DL1
CD56brightCD16– 0.24 1.67 0.29 0.34 1.16 0.34
CD56dimCD16+ 16.82 32.88 12.52 18.26 28.78 17.98

Table 5.3: Median number of KIR+ NK cells between cases and controls. Median number of
KIR2DL1+, KIR2DL2L3+ and KIR3DL1+ cells between cases and controls (expressed as a percentage of the
parent population) were calculated within the CD56dimCD16+ and CD56brightCD16– subsets

5.5 Discussion

iKIRs on T cells have been shown to prolong CD8+ and CD4+ T cell lifetime both in vitro and

in murine models (Ugolini and Vivier, 2000; Gati et al., 2003; Wong-Baeza et al., 2013; Ugolini

et al., 2001; Boelen et al., 2018). In addition, there is evidence that KIR+ T cells are expanded

in autoimmunity. For example, in SLE, both KIR+CD4+ and KIR+CD8+ T cell frequencies

are increased (Basu et al., 2009). Furthermore, in ankylosing spondylitis, cumulative evidence

indicates that ligation of KIR3DL2 on Th17 CD4+ T cells may promote their accumulation and
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survival (Bowness et al., 2011; Chan et al., 2005; Cauli et al., 2013). The aim of the present

study was to test whether a similar KIR+ T cell accumulation takes place in T1D. We found

that at the RNA level, only a handful of CD4+ T cells expressed KIR transcripts and none were

labelled as Tregs. At the protein level, we did not find significant differences in iKIR expression

on CD4+ T cells between T1D patients and matched healthy controls. When looking at CD8+

and NK subsets, where as expected KIR expression was more common, we again did not find

significant differences in iKIR expression between cases and controls.

These results are in striking contrast with a recent study showing increased KIR+CD8+ T cell

frequency in blood from patients with MS, CeD and SLE when compared to controls. Therefore,

a potential caveat of our study is that we measured protein KIR expression mainly in T1D with

long standing disease and the autoreactive response might have already been resolved in those

individuals. Nevertheless, 3 cases were recently diagnosed – blood was collected within 1 year

of diagnosis – and in the scRNAseq dataset blood samples were taken before T1D onset. Still

KIR+ T cell frequencies from these individuals were not increased when compared to healthy

controls. Another difference between our study and Li et al. (2022) is that we measured KIR

expression within the naive and the memory compartments rather than just in bulk T cells

as Li et al. (2022). Although, we did not detect increased frequencies of Temras in T1D – if

anything Temras were decreased in disease – it would be interesting to see whether the CeD

patients have higher Temra frequencies that could explain this discrepancy.

In Chapter 3, we found that functional iKIR genes were associated with T1D risk in a subset

of individuals carrying protective HLA-II genotypes. We hypothesized that if the mechanism

underlying this association is driven by the direct pathway – i.e. through prolonged survival

of self-reactive T cells upon iKIR ligation on T cells – we would see increased frequencies

of KIR+ T cells in T1D. We did not observe differences in KIR+ T cell frequencies between

cases and controls (Figure 5.7), suggesting that the direct mechanism is unlikely to underlie

our immunogenetic observations. A caveat of this study is that we did not perform KIR/HLA

genotyping on the samples included in the Cardiff cohort. Similarly, coverage in scRNAseq data

was too shallow to infer KIR genotypes. Consequently, in our analysis, KIR+ cell frequencies

include both functional iKIR and non-functional iKIR positive cells. We cannot rule out the

possibility that functional iKIR+ cells are indeed enriched in disease and this is masked by our

enumeration of both functional and non-functional KIR+ T cells. Furthermore, differences in

KIR expression might only be observable at the inflammation site (Li et al., 2022). Nevertheless,

Zhang et al. (2023) recently found that functional iKIR expression on CD8+ T cells is not a
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predictor of T cell lifespan, which is consistent with our interpretation that the direct mechanism

is unlikely to underlie our immunogenetic observations. Instead, the alternative hypothesis,

where iKIRs on another population“indirectly” modulate CD4+ T cells restricted by protective

HLA-II molecules, seems more plausible.

Probably the most likely contender for such a population is NK cells as they express high

levels of iKIR: a median of 22% CD56dimCD16+ NK cells express iKIRs in the Cardiff cohort.

NK cells are also known to interact with APCs and T cells both of which could lead to a

modulation of class II restricted CD4+ cell responses. NK cells kill autologous, activated

but not resting CD4+ and CD8+ T cells (Peppa et al., 2013; Waggoner et al., 2011). in

vitro experiments show that activated CD4+ T cells upregulate HLA-E, the ligand for the

inhibitory receptor CD94/NKG2A to protect themselves from NK cell killing (Takao et al.,

2010; Nielsen et al., 2012). The same inhibitory receptor plays a role in the experimental

autoimmune encephalomyelitis (EAE) mouse model for multiple sclerosis (Lu et al., 2007). In

this model, prevention of engagement of CD94/NKG2A, either by antibody-blockade or by

knockin of a mutated ligand, resulted in elimination of autoreactive T cells and improvement

of EAE. Furthermore, in studies of NOD mice immunized with Complete Freund’s adjuvant,

NK cells decreased the numbers of autoreactive CD8+ T cells preventing T1D onset (Lee et al.,

2004). Similarly, NK cells can suppress CD8+ T cell mediated hyperglycemia in a mouse model

characterized by the transgenic expression of lymphocytic choriomeningitis virus on β-cells

(Lang et al., 2020).

In summary, our results indicate that KIR expression is low in T cells, with median frequencies

of 6% and 0.8% of KIR+CD8+ Temras and KIR+CD4+ Temras respectively. Further, this

frequency is not altered in T1D, neither before nor after disease onset. Although we cannot

rule out a relevant role of the KIR+ T cell population in T1D pathogenesis, the results are

more consistent with an indirect mechanism whereby KIRs expressed on other cells modulate

the T cell response against β-cells in the pancreas.
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Chapter 6

Final conclusions

In this thesis, I investigated the role of iKIRs in T cell-mediated autoimmunity. Taking T1D

as a case study, in Chapter 3 I tested the hypothesis that iKIRs are detrimental in the con-

text of autoimmunity. Although no effect was detected on well-known detrimental HLA-II

genotypes, the iKIR score was significantly anticorrelated with HLA-II-mediated protection in

T1D.These results are in stark contrast with previous studies where iKIR score correlated with

both detrimental and protective HLA-I associations in chronic viral infections (Boelen et al.,

2018). During viral infection, protective and detrimental HLA-I genotypes are thought to be

the result of the activation or inactivation of a single pathway (Borghans et al., 2007). For

autoimmune responses, the molecular mechanism of protective and detrimental genotypes may

be fundamentally different, explaining this differential effect of the iKIR score.

In Chapter 4, I provided a mathematical model providing an alternative and more parsimonious

explanation of the apparently contradictory iKIR effect observed in viral and autoimmune

responses. If functional iKIR genes increase both CD8+ and CD4+ T cell survival, then the

iKIR score effect on these two populations is cancelled out; β-cell specific CD8+ T cells might

survive for longer, but so do CD4+ T cells with suppressive function, i.e. Tregs. A detrimental

effect only becomes apparent when CD4+ T cells reach saturation, a scenario that takes place

in carriers of protective HLA genotypes.

Finally, I investigated the cellular mechanism underlying the iKIR score effect in Chapter 5. The

low expression of KIRs in KIR+CD4+ cells suggested that an indirect mechanism may explain
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the immunogenetic effect of the iKIR score, with another immune population affecting HLA

restricted T-cell responses. Although KIR expression studies in other autoimmune diseases

detected higher numbers of KIR+ T cells (Bowness et al., 2011; Basu et al., 2009; Li et al.,

2022), the frequency of KIR+ T cells does not seem to be altered during the natural history

of T1D. Neither seropositive children for islet autoantibodies nor individuals with recent onset

T1D have increased levels of KIR+ T cell in blood.

Overall, the way I accomplished the objectives of this thesis is the following:

1. In Chapter 3, I have performed an extensive immunogenetic analysis of two diabetes

cohorts and identified a modulatory effect of functional iKIR genes on HLA-II protective

genotypes:

• A weighted sum of the number of functional iKIR genes, iKIR score, modifies pro-

tective DRB1-DQB1 haplotypes. Detrimental haplotypes were not affected by the

iKIR score.

• For the well-known dominant protective DQ6 genotype, iKIR ligands, which are

independently associated with T1D risk, detrimental genotypes in LD with DQ6 or

functional activating KIR genes could not explain the iKIR score effect.

• All iKIR genes contributed to the iKIR score effect.

• iKIR ligands associated with T1D confounded the iKIR score effect on HLA-II geno-

types.

• Upon discarding carriers of HLA-I drivers, the conclusions were strengthened: 8 out

of 9 protective HLA-II drivers were significantly modified by the iKIR score. Again,

this effect was absent in detrimental genotypes.

• The iKIR score effect on HLA-II-mediated protection was replicated in an indepen-

dent cohort.

• I proposed that the detrimental effect of iKIR score can be explained by iKIRs, in

the presence of their ligands, increasing T cell survival.

2. In Chapter 4, I have devised a mechanistic model that predicts a detrimental effect of

functional iKIR genes on protective HLA genotypes if iKIR ligation increases both CD4+

and CD8+ T cell survival:
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• A 25% increase in the lifespan of CD4+ and CD8+ T cells can qualitatively repli-

cate immunogenetic findings in a simple mechanistic model describing the T-cell

destruction of pancreatic β-cells.

• This prediction is contingent on density-dependent proliferation. In the absence of

density-dependent proliferation, the prolonged lifespan of effectors and regulatory

cells has a zero net effect on β-cell destruction.

• The model’s assumption that carriers of protective genotypes have more Tregs is

consistent with the HLA-II risk correlation with the number of islet-specific Tregs in

healthy individuals.

3. In Chapter 5, I have quantified the expression of iKIRs in different immune cell subsets

to get at the cellular mechanism underlying the iKIR score effect:

• A minority of CD8+ T cells express iKIR transcripts and only a handful of KIR

expressing CD4+ T cells was detected. Similarly, KIR protein expression is detected

in a small CD8+ and CD4+ subset.

• These results were validated by flow cytometry.

• Similar KIR+ T cell frequencies between T1D cases and matched controls suggest

that the iKIR score effect involves an indirect mechanism, probably through NK

cell-mediated killing of activated T cells.

6.1 Limitations

One limitation of the immunogenetic analysis presented in Chapter 3 is that the definition of

“functional iKIR genes” is relatively simple. Although differences in iKIR binding by broad allele

allotypes, e.g. KIR2DL2 vs KIR3DL2 (Moesta et al., 2008), are incorporated in the iKIR score,

the different binding strengths associated with variants in the KIR3DL1 allotype group at the

KIR3DL1/S1 (Gardiner et al., 2001; Saunders et al., 2016) are not incorporated as KIR genes

were not typed at allelic resolution level. In addition to binding strength, KIR polymorphism

affects surface expression (Pando et al., 2003; VandenBussche et al., 2006) and there is evidence

that some KIR-HLA interactions might be peptide-specific (Sim et al., 2023). However, while

accounting for null alleles in the functional iKIR gene count calculation is relatively simple, it

is not clear how to take into account – if available – binding avidity, peptide specificity and

expression levels.
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Albeit simplistic, functional iKIR gene definitions have proved very powerful in other studies

(Martin et al., 2007; Ahlenstiel et al., 2008; Nakimuli et al., 2015). As mentioned earlier, we

refined the definitions of these previous studies using a weighted count of functional iKIR genes,

i.e. the iKIR score, in an attempt to incorporate some of the aforementioned factors in binding

strength between KIR-HLA pairs. With this slightly more sophisticated definition, I saw clear

and reproducible results in the T1D cohorts presented in this thesis but also in previous studies

focusing on HIV-1, HCV and HTLV-1 cohorts (Boelen et al., 2018; Seich al Basatena et al.,

2011). Although the iKIR score only performed slightly better than the functional iKIR count

in the UK-GRID cohort, the number of iKIR genes – regardless of the ligand gene status –

performed significantly worse, suggesting that the inhibitory score and inhibitory count are

meaningful metrics.

Another limitation is that our mathematical model represents a greatly over-simplified view of

a highly complex and still poorly understood system as the human immune system. Equally if

not more intriguing is the T cell-mediated destruction of β-cells in the pancreas that takes place

in around 0.5% of individuals1. Therefore, some of the core assumptions, like the impact of

HLA-II genotype on Treg frequencies, need further validation; while we observed a correlation

between HLA risk and islet-specific Treg levels, bulk Treg frequencies in blood did not seem

to correlate with HLA risk score in a much bigger cohort. An alternative explanation could

be that while Treg numbers might not vary significantly between HLA risk groups, their anti-

inflammatory capacity might be higher when restricted by protective HLA molecules, which

would be in line with the epitope stealing hypothesis (Erlich et al., 2008).

Another core assumption of the model is that KIR-HLA interactions prolong CD8+ and CD4+

T cell lifespan. While we recently reported that the number of functional iKIR genes correlates

with CD8+ T lifespan in humans in vivo, whether functional iKIR genes also prolong CD4+

T cell survival was not assessed. Nevertheless, functional iKIR genes also correlated with a

marker of cell age, CD57 (Ahmed et al., 2020), within both CD8+ and CD4+ subsets; this was

taken as indirect evidence that iKIR genes also affect CD4+ T cell lifespan in vivo.

Finally, I quantified KIR protein expression by flow cytometry with blood samples of individ-

uals with clinical T1D where the immune response might have been fully resolved, potentially

missing any relevant differences in iKIR expression between cases and controls. Half of the

samples were collected within one year of clinical diagnosis, while the other half belonged to
1According to Juvenile Diabetes Research Foundation 400k individuals live with T1D in the United Kingdom.
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individuals with the long-standing disease. This late sampling could explain the discrepancy

between T1D findings and those in other autoimmune diseases with a systemic manifestation

like SLE, or those targeting larger cell populations like MS and CeD. In these diseases, also

characterised by remission-relapse cycles, KIR+CD8+ T are significantly expanded. Supporting

this view, the frequency of KIR+ T cells is higher during active disease than during remission

in CeD (Li et al., 2022).

6.2 Next steps

To address my work limitations, one first step is to incorporate allelic variation information

where possible. For example, it is possible to take into account null KIR alleles to recalculate

individuals’ iKIR scores. KIR genotyping software such as PONG (Harrison et al., 2022) could

be used to impute KIR3DL1 alleles using the Immunochip data from the UK-GRID cohort.

While other KIR genotyping tools can type variants at other KIR loci, they work with short

read sequencing data and so I cannot use them to genotype the UK-GRID cohort (Marin et al.,

2021; Roe et al., 2020b; Song et al., 2023). In fact, I attempted to genotype the Kallionpaa

cohort using the scRNAseq data with T1K software (Song et al., 2023). I abandoned this

approach as the genotype calls weren’t reliable due to the low amount of reads mapping to the

KIR region [data not shown].

Another route to explore is the effect of cohort age in my studies. For example, HLA risk

alleles strongly influence variability at the CDR3 region of the TCR repertoire (Ishigaki et al.,

2022), and in turn, TCR sequence features affect Treg fate (Lagattuta et al., 2022). But, some-

what unexpectedly, our HLA risk score had no effect on immunophenotype in the TwinsUK. In

this cohort, the age of individuals ranged between 41–77, so any differences driven by genetics

might have disappeared due to the individuals’ history of environmental pressures faced by

the immune system. In line with this, unrelated older individuals display more homogenous

immunophenotypes compared to younger individuals (Kaczorowski et al., 2017). Therefore it is

tempting to speculate that in a younger cohort, stronger associations could be identified (Roed-

erer et al., 2015). The findings in TwinsUK could be validated with the Milieu Intérieur cohort

(The Milieu Intérieur Consortium et al., 2018), a similar cohort comprising more individuals

(N=1,000) and a wider age range, from 20 to 69 years old individuals.

To further complete my research, my proposed model results can be compared to in vivo
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measured CD4+ T cell lifespan, as measured in CD8+ T cells by Zhang et al. (2023). It

would be interesting to check whether the number of functional iKIR genes correlates with

Treg lifespan in a cohort like the one resultant from an isotope labelling study (N=20) in T1D

(Bollyky et al., 2013). Regarding the direct and indirect pathways, datasets that contain both

immunophenotype and genotype data, like the TwinsUK and the Milieu Intérieur cohorts could

be mined to pinpoint which immune traits are predicted by an individual’s number of functional

iKIR genes. As depicted in Figure 5.1, several mechanisms might be responsible for the iKIR-

mediated effect on T cell survival. These cohorts not only harbour the potential to establish

genotype-phenotype relationships – where the direction of causality is unequivocal – but also

to inform functional studies in vitro by narrowing down the list of possible iKIR-modulated

cell interactions responsible for the effect on T cell longevity.

Some of the other research questions that may lead to future work are:

• At which disease stage do iKIRs influence HLA-II-restricted responses? Al-

though we did not have access to individuals’ seroconversion age, we had information on

age at diagnosis. In the UK-GRID cohort, iKIR had no impact on HLA associations with

age at diagnosis [data not shown]. While some HLA-II genotypes are associated with age

at diagnosis (Noble et al., 2010), HLA-II genotypes are first and foremost associated with

seroconversion (Ilonen et al., 2016). Prospective cohorts where individuals are followed

from birth and where information on seroconversion, progression and onset is available

would help to answer this question.

• Why are HLA-I associations not modulated by iKIR score? HLA-I driver geno-

types were not modified by the iKIR score in a consistent manner [Data not shown].

The complexity of HLA-I associations interpretations and the strong LD between HLA-II

and HLA-I loci might have masked the iKIR effect. In contrast with HLA-II molecules,

HLA-I molecules are ligands for multiple receptors including the TCR, iKIRs, aKIRs,

the CD94:NKG2 family and the leukocyte immunoglobulin-like receptors (LILR), which

in turn are expressed in different immune subsets, namely T cells, NK cells and DCs.

In the chronic viral infection studies, only HLA-I associations attributed to T cells were

studied. In T1D, the underlying mechanism of HLA-I associations is unknown. Interest-

ingly, 5 driver alleles (A*32:01, A*24:02, B*57:01,C*04:01 and C*08:01 ) carry epitopes

recognized by iKIRs. Although 4 of them are significantly associated with protection,

A*24:02 is detrimental in the UK-GRID cohort and has been associated with earlier age
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at diagnosis (Nejentsev et al., 2007). Immunogenetic approaches such as fstool (Debebe

et al., 2020) could be applied in the UK-GRID cohort to identify the receptor-ligand in-

teractions responsible for these associations. I predict that those protective associations

mainly explained by TCR interactions would be affected by the iKIR score.

• Does iKIR score affect HLA associations in other autoimmune diseases? Other

autoimmune diseases like rheumatoid arthritis are also strongly influenced by HLA genet-

ics; the strongest associations are also found within the HLA-II loci. Therefore, it would

be reassuring to observe iKIR score modulation in other autoimmune contexts.

• Does iKIR score modulate antitumour T cell responses? In contrast with infec-

tion and autoimmunity, effect sizes of HLA associations with risk of cancer are typically

small (Li et al., 2021). This does not mean that the HLA-restricted T cell responses

are trivial, but that other factors explain a higher proportion of the variation in risk

across individuals. Therefore, a major drawback for immunogenetic studies in the con-

text of malignant lesions is the requirement of large datasets for a well-powered analysis

of the iKIR score interaction effect. A good starting point could be cohorts of patients

undergoing checkpoint blockade; in this context, where monoclonal antibodies boost T

cell activity, the quality of the HLA restriction might become more important and the

power to detect the iKIR modulatory effect might be higher. Although published ICB

cohorts are typically small, a recent study collated genomic and clinical information from

1,000 individuals from different ICB studies (Litchfield et al., 2021); such a cohort holds

promise to answer our enquiries.

To summarize, we have identified a family of genes, the iKIR genes, that significantly impact

T1D risk. Recent evidence shows that iKIRs have a large impact on CD8+ T cell lifespan in

humans in vivo. The work presented here demonstrates that this effect most likely has conse-

quences for human health during self-reactive responses; functional iKIRs have a biologically

significant impact on HLA-II-associated protection, most likely via an impact on protective

HLA-II-restricted T cell responses, which manifest as a clinically significant difference in the

risk of developing T1D. Given that functional iKIR genes are also relevant in other clinical

settings, the iKIR-HLA receptor-ligand system appears to be an important regulator of adap-

tive T-cell immunity. The study of the implications of this checkpoint system not only sheds
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light on the intricate interactions between innate and CD8+ and CD4+ adaptive responses but

also has the potential to uncover new therapeutic avenues. Our work suggests that Lirilumab

– a monoclonal antibody targetting KIR2DL1 and KIR2DL2/L3 receptors – could be used to

modulate T cell immunity. To achieve a solid translational impact for my work, functional

studies need to characterise the mechanistic link between the iKIR impact on T cell lifespan

and that on disease outcome.
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Appendix A

Immunogenetic analysis of a T1D case

control cohort
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A.1 iKIR score modifies the DQ6 protective association

Threshold Group ln[OR] 2.50% 97.50% P-value N genotype + N genotype -

Cases Controls Cases Controls
Unstratified Whole cohort -3.741 -4.026 -3.477 1.05E-157 54 1545 6165 4197

1.5 iKIR high -3.486 -3.792 -3.207 1.52E-03 48 1190 4730 3598
iKIR low -4.955 -5.887 -4.233 6 355 1435 599

1.75 iKIR high -3.250 -3.628 -2.909 4.61E-04 32 734 2795 2487
iKIR low -4.292 -4.749 -3.890 22 811 3370 1710

2 iKIR high -3.278 -3.684 -2.915 4.09E-03 28 640 2424 2091
iKIR low -4.037 -4.439 -3.677 28 923 3874 2263

2.5 iKIR high -3.345 -3.767 -2.970 1.89E-02 26 622 2291 1934
iKIR low -4.037 -4.439 -3.677 28 923 3874 2263

Table A.1: DQ6 protection in T1D is enhanced amongst individuals with a low iKIR score. The
cohort was stratified into individuals with high or low iKIR score using different iKIR score thresholds (1.5,
1.75, 2.0 and 2.5). The protective effect of DQ6 was evaluated independently in each stratum using multivariate
logistic regression with gender included as a covariate. DQ6 is significantly protective (ln[OR]= -3.74, P=1.05e-
157) in the cohort (Group=Whole cohort, unstratified analysis). Regression coefficients, p-values and cohort
sizes are reported for the different strata. P-value for the unstratified analysis calculated using Wald-test, all
other p-values calculated using a permutation test.

A.2 HLA drivers in T1D
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P
ro

te
ct

iv
e

Genotype ln[OR] P-value N cases N controls

DQA1*01:02^DQA1*01:03 -4.24 2.63E-09 2 125

DQA1*01:02^DQB1*06:03 -3.85 4.30E-11 3 128

DQA1*01:02-DQB1*06:02 -3.74 1.10E-157 54 1545

DQA1*01:01^DQA1*05:05-DQB1*03:01-DQB1*05:01 -3.08 2.00E-13 6 118

DRB1*14:01^DQA1*01:04^DQB1*05:03 -2.94 5.10E-30 16 265

DQA1*02:01^DQB1*03:03 -2.60 3.10E-63 46 524

DQA1*01:02^DQB1*05:01 -2.08 5.20E-37 43 304

DRB1*07:01^DQA1*02:01^DQB1*05:01 -2.06 3.90E-28 33 232

DRB1*04:07^DQA1*03:03^DQB1*03:01 -1.95 3.20E-15 19 121

DQA1*01:02 -1.80 5.60E-249 526 2051

DQA1*05:05^DQB1*03:01 -1.70 9.20E-104 213 933

DRB1*10:01^DQA1*01:05^DQB1*05:01 -1.67 1.20E-08 14 69

B*57:01 -1.67 5.90E-52 103 474

DQA1*01:03 -1.51 8.80E-63 161 618

DQA1*02:01 -1.37 8.50E-149 573 1639

DQB1*03:01 -1.16 4.10E-129 759 1773

C*08:02 -0.94 4.00E-29 215 484

A*26:01 -0.63 9.50E-09 137 232

C*04:01 -0.54 9.20E-22 593 882

A*32:01 -0.53 1.30E-11 283 432

A*11:01 -0.50 9.60E-16 472 687

D
et

ri
m

en
ta

l

Genotype ln[OR] P-value N cases N controls

A*24:02 0.45 1.10E-19 1284 820

B*18:01 0.73 9.20E-30 827 397

A*30:02 1.08 3.20E-20 305 98

DRB1*04:01-DQA1*01:01 1.25 2.10E-39 522 146

DRB1*03:01^DQA1*05:01^DQB1*02:01 1.34 7.10E-257 3724 1612

B*39:06 1.48 1.10E-31 356 78

DRB1*04:05 1.86 7.90E-28 270 40

DRB1*04:01^DQB1*03:02 2.01 0.00E+00 2849 583

DQB1*03:02 2.04 0.00E+00 3996 1085

DRB1*03:01^DQA1*05:01^DQB1*02:01^DQB1*03:02 2.94 7.20E-264 2177 159

Table A.2: HLA-I and HLA-II genotypes most closely identified with outcome in the GRID
cohort. This table shows the “driver” genotypes which were independently associated with outcome. We
report the natural log of the odds ratio (ln[OR]) and associated p-value for each genotype in multiple logistic
regression in the whole cohort with gender as an additional covariate (i.e. the coefficients and p-values are
derived in a model containing one genotype at a time). We also report the number of cases and the number of
controls carrying this genotype.
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A.3 Detrimental genotypes are not modified by iKIR score
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Figure A.1: Functional iKIR do not consistently modify detrimental genotypes. A In the
whole cohort, for most detrimental genotypes, iKIR have no impact on the detrimental effect (the ln[OR]
of the detrimental genotype is very similar in the strata with a high iKIR score (blue) and the strata
with a low iKIR score (yellow) and the 95% confidence intervals are overlapping). Two genotypes
(DRB1*03:01^DQA1*05:01^DQB1*02:01 and DRB1*03:01^DQA1*05:01^DQB1*02:01^DQB1*03:02 ) show
some evidence of iKIR modification but the modifications are in opposite directions. B The observed value of
our test statistic (weighted mean of the difference in ln[OR] between the KIR high and the KIR low strata at
threshold=1.75), indicated by the red line, is entirely consistent with the distribution (grey histogram) of the
same test statistic under the null hypothesis that the iKIR score has no impact on the detrimental genotypes
(generated by permuting the iKIR score of individuals in the cohort). Indicating that the probability of ob-
taining our observation by chance is high (P=0.36) and that there is no evidence to reject the null hypothesis
of no iKIR modification. C Similarly in the cohort with HLA class I drivers removed. Most genotypes are
not modified and where there is modification then results are in opposite directions. D In the cohort without
HLA class I drivers the observed value of our test statistic (indicated by the red line), whilst still overlapping,
is more of an outlier from the distribution (grey histogram) of the same test statistic under the null hypoth-
esis that the iKIR score has no impact on the detrimental genotypes. This decrease in the test statistic is
driven entirely by one genotype which is strongly iKIR modified (DRB1*03:01^DQA1*05:01^DQB1*02:01 ).
Overall, there is some evidence for iKIR modification in this subcohort (P=0.02) but it is far from convinc-
ing. Examining the apparent iKIR modification of DRB1*03:01^DQA1*05:01^DQB1*02:01 we found that
it was explained by the negative correlation of DRB1*03:01^DQA1*05:01^DQB1*02:01 with the protective
genotype DQA1*01:02^DQB1*06:02, which is modified by functional iKIR score since, upon exclusion of
DQB1*0602 carriers, DRB1*03:01^DQA1*05:01^DQB1*02:01 was no longer iKIR modified (the converse
was not the case i.e. DQA1*01:02^DQB1*06:02 was still significantly modified by functional iKIR when
DRB1*03:01^DQA1*05:01^DQB1*02:01 carriers were excluded from the cohort). In the corresponding per-
mutation test the p value becomes even less significant (P=0.19). We conclude that there is no evidence that
detrimental class II drivers are modified by functional iKIR.
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Appendix B

iKIR expression in T1D

B.1 Expression of KIR transcripts in T and NK cells
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KIR2DL1 KIR2DL3 KIR3DL1 KIR Cells

Cell type (Monaco reference) T1D HC T1D HC T1D HC T1D HC T1D HC
Unknown 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0 10
Central memory CD8 T cells 0.00 0.14 0.00 0.00 0.00 0.00 0.00 0.14 528 708
Classical monocytes 1.47 0.00 1.47 0.00 1.47 0.00 1.47 0.00 68 54
Effector memory CD8 T cells 0.56 0.00 0.00 0.00 0.00 0.00 0.56 0.00 180 45
Exhausted B cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 45 87
Follicular helper T cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 87 151
Intermediate monocytes 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 34 18
Low-density basophils 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0 1
MAIT cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 64 80
Myeloid dendritic cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 11 9
Naive B cells 0.27 0.00 0.27 0.00 0.00 0.00 0.27 0.00 377 573
Naive CD4 T cells 0.07 0.03 0.00 0.10 0.00 0.00 0.07 0.13 2914 3031
Naive CD8 T cells 0.00 0.00 0.00 0.11 0.00 0.00 0.00 0.11 883 884
Natural killer cells 5.19 3.17 7.99 7.41 3.79 2.38 10.94 9.79 713 378
Non classical monocytes 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 17 5
Non-Vd2 gd T cells 1.89 2.62 2.36 6.10 1.65 0.87 4.01 6.98 424 344
Non-switched memory B cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 126 223
Plasmacytoid dendritic cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 16 23
Progenitor cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 5 9
Switched memory B cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 48 109
T regulatory cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 479 706
Terminal effector CD4 T cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 53 99
Terminal effector CD8 T cells 0.00 0.00 2.14 2.02 0.00 0.00 2.14 2.02 140 99
Th1 cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 477 692
Th1/Th17 cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 129 219
Th17 cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 61 102
Th2 cells 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 274 507
Vd2 gd T cells 0.43 0.39 0.87 0.98 0.58 0.20 1.30 1.38 692 508

Table B.1: Percentage of cells expressing KIR transcripts within immune subsets annotated with
Monaco reference. Percentage of KIR2DL1, KIR2DL3 and KIR3DL1 positive cells within each Monaco
annotated subset is shown splitted by disease status (T1D= individuals at risk of type 1 diabetes, HC=matched
healthy controls). KIR column represents the percentage of KIR positive cells (expressing at least one KIR).
The total number of cells (regardless of KIR expression) in each subset is displayed in the two last columns.
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KIR2DL1 KIR2DL3 KIR3DL1 KIR Cells

Cell type (HPCA reference) T1D HC T1D HC T1D HC T1D HC T1D HC
Unknown 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 16 117
B_cell 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 18 43
B_cell:CXCR4-_centrocyte 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0 3
B_cell:Germinal_center 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1 3
B_cell:Memory 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 26 29
B_cell:Naive 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 379 581
B_cell:Plasma_cell 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0 3
B_cell:immature 0.61 0.00 0.61 0.00 0.00 0.00 0.61 0.00 165 280
CMP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1 0
DC:monocyte-derived:Schuler_treatment 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0 1
GMP 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1 1
Macrophage:monocyte-derived:M-CSF 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0 1
Monocyte 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0 2
Monocyte:CD14+ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1 3
Monocyte:CD16+ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 45 15
Monocyte:CD16– 1.33 0.00 1.33 0.00 1.33 0.00 1.33 0.00 75 33
Monocyte:S._typhimurium_flagellin 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 3 14
Monocyte:anti-FcgRIIB 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1 4
Monocyte:leukotriene_D4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0 1
NK_cell 3.96 2.32 5.88 5.93 3.55 1.59 8.62 7.38 986 691
NK_cell:CD56hiCD62L+ 1.82 1.04 2.19 1.04 0.00 0.00 2.19 1.73 274 289
NK_cell:IL2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 10 4
Neutrophil:commensal_E._coli_MG1655 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 5 7
Platelets 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2 7
Pre-B_cell_CD34- 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 6 4
Pro-B_cell_CD34+ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 3 17
T_cell:CD4+ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2 20
T_cell:CD4+_Naive 0.00 0.00 0.00 0.06 0.00 0.00 0.00 0.06 1858 1807
T_cell:CD4+_central_memory 0.06 0.09 0.00 0.00 0.00 0.00 0.06 0.09 1664 1133
T_cell:CD4+_effector_memory 0.00 0.00 0.28 0.00 0.28 0.00 0.56 0.00 360 165
T_cell:CD8+ 0.33 2.30 1.17 3.45 0.17 2.30 1.51 4.60 598 87
T_cell:CD8+_Central_memory 0.00 0.49 0.00 0.49 0.00 0.00 0.00 0.98 104 205
T_cell:CD8+_effector_memory 0.06 0.03 0.06 0.12 0.00 0.00 0.11 0.15 1769 3235
T_cell:CD8+_effector_memory_RA 3.26 0.83 3.26 5.79 1.09 0.00 5.43 5.79 92 121
T_cell:CD8+_naive 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 373 747
T_cell:gamma-delta 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 7 1

Table B.2: Percentage of cells expressing KIR transcripts within immune subsets annotated
with HPCA reference. Percentage of KIR2DL1, KIR2DL3 and KIR3DL1 positive cells within each Monaco
annotated subset is shown splitted by disease status (T1D= individuals at risk of type 1 diabetes, HC=matched
healthy controls). KIR column represents the percentage of KIR positive cells (expressing at least one KIR).
The total number of cells (regardless of KIR expression) in each subset is displayed in the two last columns.
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B.2 Multi-colour antibody panel

Antibody Fluorochrome
KIR2DL2/L3 R660 APC-A
CD3 R780 Cy7APC H7APC-A
KIR2DL1/S5 B515 FITC-A
CD28 V450 Pacific Blue-A
Dump Aqua blue-A
CD8 V705-A
KIR3DL1 G560 PE-A
CD45RA G610 TRPE ECD-A
CD56 G780 Cy7PE-A
CD16 V800-A
CD4 G710 Cy55PE-A

Table B.3: Flow cytometry panel to assess iKIR expression in CD4+, CD8+ and NK cell popu-
lations

B.3 Compensation

Fluorescence signal of each fluorochrome will be detected in a dedicated fluorescence channel

(or primary detector). However, the emission spectrum of a given fluorochrome might overlap

another one. Consequently, if wide enough, the signal emitted by one fluorochrome might be

captured by multiple secondary channels.

To clean-up interfering signals from other fluorochromes to detectors different from the one

assigned to the dye, we need to apply compensation. For that, we calculate the spillover of

fluorescence to secondary detectors using single stained controls assuming that the median

fluorescent intensity (MFI) of a population that is said to be negative for a particular florescent

probe will be equal to the MFI of cells that have bound the probe that the sample is a positive

control for, for all other colors. We can then create a spillover matrix by solving a system

of linear equations so that this is true for all parameters. Spillover matrix is calculated from

single stained controls following the algorithm for spillover calculation as in Bagwell and Adams

(Bagwell and Adams, 1993).
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B.4 Gating strategy

Figure B.1: Automated gating hierarchy. Gating scheme for the different CD4+, CD8+ and NK cell pop-
ulations is shown. Different nodes indicate different cell populations. Arrows indicate parent-child relationship
between populations and sub-populations.

179



Figure B.2: Gating strategy for enumeration of iKIR+ CD4+ memory subsets. Analysis of PBMCs
for a healthy donor (LD1). Each subplot shows events in the parent population, where strip names indicate
parent population (root=all events). A From left to right, serial gating is used to identify (1) lymphocytes and
discard debris (root, all events), (2) single cells in the nonDebris gate, (3) CD3+ and Dump– cells in the singlet
gate (excluding unwanted lineages CD14, CD19 and necrotic cells), (4) CD4+ T cells in the Dump–CD3+ gate
and (5) naive, Tcm, Tem and Temra populations whithin the CD4+ gate using CD45RA and CD28 staining.
B Each of the 4 subsets defined in the CD4+ gate (naive and memory subsets) was gated to determine events
positive for KIR2DL1 (left), KIR2DL2/L3 (middle) and KIR3DL1 (left). In this case, only KIR gates within
the Tcm population are shown but the same strategy is followed for Tem, Temra and Tn. All boundaries are
determined with the 1D min density function using collapsed data (see text).

B.5 KIR expression in CD4+ and CD8+ T cell subsets

Estimate P-value
Differentiation stage 0.06 3.92E-16
KIR KIR2DL2_L3 (vs KIR2DL1) 0.04 5.12E-06
KIR KIR3DL1 (vs KIR2DL1) -8.55E-05 9.93E-01
Status T1D (vs HC) -0.03 8.49E-04
Lineage CD8 (vs CD4) 0.02 1.08E-02
Sex Male (vs Female) -0.01 8.76E-02

Table B.4: Multiple linear regression model to identify predictors of iKIR expression on T cells.

B.6 KIR expression in NK cell subsets

Estimate P-value
CD56brightCD16– (vs CD56dimCD16+) -0.23 1.44E-21
KIR KIR2DL2_L3 (vs KIR2DL1) 0.09 3.58E-04
KIR KIR3DL1 (vs KIR2DL1) -0.03 0.27

Table B.5: Multiple linear regression model to identify predictors of iKIR expression on NK cells.
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