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Editorial on the Research Topic 


HLA and KIR Diversity and Polymorphisms: Emerging Concepts


Polymorphisms of immune system genes, including Human Leukocyte Antigens (HLA) and the Killer Ig-Like Receptors (KIR), offer limitless depths of complexity. Jean Dausset, who shared the Nobel Prize in 1980 for the discovery of the HLA system, when presented with new results showing the role of specific amino acid polymorphisms on the function of HLA, responded enthusiastically that “we need to go further and study HLA at the atomic level”.

The major histocompatibility complex (MHC) and KIR genetic loci are strongly associated with the outcomes of infectious diseases, cancers, inflammatory and autoimmune diseases, reproduction, and transplantation. Recent advances in characterizing HLA and KIR diversity in human populations have led to translational impacts for bone marrow and solid organ transplant matching.

There is currently robust discussion on the origins of HLA, MHC and KIR polymorphisms in humans, primates and other mammals, but limited information about the effects of the polymorphisms on interactions mediated by HLA and KIR. While both the HLA and KIR immune genes regions have been independently associated with diseases and their outcomes, the interactions between those regions has had limited attention. This Research Topic was conceived to appeal to researchers that have found their way, via different paths, to the crossroads of the polymorphisms and population dynamics of a particular immune sub-system with the recognition that, to progress in our understanding, we also need to establish a form of systems immunology to study the interaction of various polymorphic components.

There are established studies that focus on each of these areas: HLA, T cells, B cells, NK cells and their receptors. We are interested in the intersection: what emerges in combination at the synapses of specific molecules in the context of the entire organism or population.

The resulting Research Topic is 15 papers, 14 of which primarily focus on only one of the systems in humans and primates, and provide important insights into receptor repertoire diversity, diversification mechanisms, haplotypes, expression, sequencing, donor matching, peptide repertoires, and disease linkages among:

	-KIR and other NK receptors (Solloch et al.; Alicata et al.; Roe, Vierra-Green et al.; Roe, Williams et al.; Roe and Kuang; Bruijnesteijn et al.; Cisneros et al.; Cubero et al.)

	-HLA/MHC (Yamamoto et al.; Kavadichanda et al.; Nunes et al.; Kaufman)

	-MICA/B (Klussmeier et al.)

	-Immunoglobulin heavy chains (Rodriguez et al.)



Alas only one study explicitly focused on the interaction of HLA and KIR (Vargas et al.).

The studies presented in these articles have implications for understanding disease risk, outcomes and pathogenic mechanisms, host defense outcomes, gene classification and nomenclature, and transplantation. The studies also identify a gap - the need for new ways to bring together researchers in adjacent areas studying genetic polymorphism in the different branches of the immune system and to expose them to the various challenges, methods and advances in each sub-field.

To that end, we have developed a charter for a new Society for Immune Polymorphism - SIP. We envision this society as an international membership organization of scientists dedicated to understanding genetic and functional variations in the vertebrate immune system, and the vertebrate immune system’s role in health, disease, and evolutionary biology.

Our goal is to promote increased collaboration, engagement and sharing of domain knowledge between scientists focused on any aspects of immune-related genomics through the following activities

	to provide a forum for basic science, and clinical, industrial, and educational applications related to immune polymorphism.

	to share and disseminate research findings related to immune polymorphism.

	to assist in the integration of immune polymorphism-related data resources.

	to promote the development of secure open-source, cloud-based technologies that advance the analysis, collection, exchange, and storage of immune-related genomic data.



The goals of SIP are not to replace any of the societies interesting in a specific aspect of immune polymorphisms, but rather to allow for fruitful collaborations between practitioners and researchers in the different domains. We have organized two workshops in Ramat Gan, Israel (Mar, 2018 https://louzouy.wixsite.com/hlakir2018/) and in New Orleans (Oct, 2019 https://immunepolymorphism.tulane.edu/). A plan for this type of article collection was conceived at the first workshop. We plan to continue to work together in these efforts and welcome broad participation from a diverse group of researchers around the globe.

The society is still in its initial stages, further details about the society, its goals, and possible collaborations between SIP and other societies can be obtained from the corresponding authors or the website: immunepolymorphismsociety.org.
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Natural Killer (NK) cells play an important role in antiviral defense and their potent effector function identifies them as key candidates for immunotherapeutic interventions in chronic viral infections. Their remarkable functional agility is achieved by virtue of a wide array of germline-encoded inhibitory and activating receptors ensuring a self-tolerant and tunable repertoire. NK cell diversity is generated by a combination of factors including genetic determinants and infections/environmental factors, which together shape the NK cell pool and functional potential. Recently a genetic polymorphism at position -21 of HLA-B, which influences the supply of HLA-E binding peptides and availability of HLA-E for recognition by the inhibitory NK cell receptor NKG2A, was shown to have a marked influence on NK cell functionality in healthy human cytomegalovirus (HCMV) seronegative Caucasian individuals. In this study, -21 methionine (M)-expressing alleles supplying HLA-E binding peptides were largely poor ligands for inhibitory killer immunoglobulin-like receptors (KIRs), and a bias to NKG2A-mediated education of functionally-potent NK cells was observed. Here, we investigated the effect of this polymorphism on the phenotype and functional capacity of peripheral blood NK cells in a cohort of 36 African individuals with human immunodeficiency virus type 1 (HIV-1)/HCMV co-infection. A similarly profound influence of dimorphism at position -21 of HLA-B on NK cells was not evident in these subjects. They predominantly expressed African specific HLA-B and -C alleles that contribute a distinct supply of NKG2A and KIR ligands, and these genetic differences were compounded by the marked effect of HIV-1/HCMV co-infection on NK cell differentiation. Together, these factors resulted in a lack of correlation of the HLA-B -21 polymorphism with surface abundance of HLA-E and loss of the NK cell functional advantage in subjects with -21M HLA-B alleles. Instead, our data suggest that during HIV/HCMV co-infection exposure of NK cells to an environment that displays altered HLA-E ligands drives adaptive NKG2C+ NK cell expansions influencing effector responses. Increased efforts to understand how NK cells are functionally calibrated to self-HLA during chronic viral infections will pave the way to developing targeted therapeutic interventions to overcome the current barriers to enhancing immune-based antiviral control.

Keywords: Natural Killer cells, HIV-1, HCMV, HLA-B, HLA-C


INTRODUCTION

There is a pressing need to better characterize and harness the immune response in order to develop efficacious immune-based strategies to supplement current therapeutic approaches for a “functional” cure in chronic viral infections. Natural Killer (NK) cells have the potential to respond to viruses as direct effectors and can edit adaptive immunity influencing the outcome of viral infections (1). More recently, their capacity to develop adaptive or memory-like features in the setting of infection has been highlighted (2). A number of studies, both epidemiological and functional, have provided evidence for the important role of NK cells in human immunodeficiency virus type 1 (HIV-1) viral control and protection from acquiring new infection (3).

In order for NK cells to gain functional competence they are required to be “licensed” or educated, a process that refines their levels of responsiveness (4). Traditionally this was ascribed to the presence of inhibitory killer immunoglobulin-like receptor (KIR)—human leukocyte antigen (HLA) class I pairs. However, recent evidence suggests that NK cells can be educated through the older and more conserved inhibitory receptor CD94/NKG2A, which recognizes HLA-E complexed with a peptide derived from the leader sequence of HLA-A, B or C alleles as well as HLA-G (5). HLA-E has little polymorphism and its levels of expression are influenced by peptide ligand availability. Whereas, HLA-A and HLA-C allotypes are fixed for Methionine (-21M), HLA-B contains a polymorphism that can encode either Methionine (-21M), which gives rise to functional HLA-E binding peptides, or Threonine (-21T) at this position, which does not bind effectively to HLA-E. The resultant HLA-B -21M/T variation defines different sets of haplotypes with -21M biasing toward NKG2A NK cell education, which has been shown to be associated with superior NK function in healthy HCMV seronegative adults, and -21T promoting KIR mediated education (6). The reported linkage disequilibrium (LD) in Eurasian populations between HLA-B -21M and HLA-B Bw6/HLA-C1, which interact poorly with KIRs, further decreases their potential to mediate NK cell education through KIR engagement. In contrast, -21T HLA-B haplotypes in various combinations with Bw4, C1, and C2 enhance education via KIRs. Interestingly haplotypes combining HLA-C2 and -21M HLA-B are more frequently found in Africa in combination with HLA-C allotypes that promote HLA-E expression poorly (7). The dimorphism at position -21 of HLA-B (M/M genotype) has been associated with increased susceptibility to HIV-1 infection (8). Notably, the dimorphism influences NK cell cytolysis of HIV-infected CD4 T cells and macrophages in vitro, with -21T enhancing cytolysis compared to -21M, suggesting that the more educated NKG2A+ NK cells of M/M donors may be less effective in responding to HIV-1 (9). In light of this, the beneficial effects of Bw4+ HLA-B homozygosity in controlling HIV-1 viraemia could be re-interpreted in terms of a mechanism involving recognition of HLA-E by NKG2A+ NK cells of T/T donors (10). Recently HLA-B haplotypes that favor education via NKG2A were also found to exacerbate the detrimental effect of high HLA-A on HIV-1 control through impaired killing of HIV infected target cells (11). However, this effect of HLA-A expression on HIV-1 viraemia was less pronounced in individuals of African descent, possibly reflecting the distinct frequencies of HLA haplotypes present in these populations (11).

To date, the phenotypic and functional effects of HLA-B -21 dimorphism on NK cells have not been assessed in the context of HCMV seropositive individuals or in HIV-1 infected cohorts, where HCMV co-infection is almost universal (12). We have recently demonstrated the potent effect of HCMV co-infection in shaping the NK cell repertoire during chronic HIV-1 infection, leading to an accelerated differentiation and adaptive reconfiguration of the NK cell compartment and expansion of an NK cell subset expressing NKG2C, the activating counterpart of NKG2A that also binds to HLA-E (recognizing HLA-E bound to HLA class Ia signal sequence peptides with lower affinity than NKG2A) (13–15). The relevance of HLA-E/NKG2C interactions has been well-demonstrated in driving adaptive NK cell expansions and more recently a highly specific recognition of certain HCMV-encoded HLA-E presented peptides was elegantly shown (16, 17). A rare UL40 peptide, identical to the HLA-E-binding peptide in the HLA-G signal sequence, was found to trigger optimal NK stimulation and to have functional consequences, influencing NK cell antibody dependent cellular cytotoxicity (ADCC) responses (17).

It remains unclear how the presence of this polymorphism and changes in the HLA-E ligandome during infection and inflammation affect NK cell phenotypic and functional diversity in heterogenous populations with HIV-1 infection and high levels of HCMV co-infection. To further explore this, in the current study we investigated whether the HLA-B -21 dimorphism leads to a NK cell functional dichotomy in an African cohort co-infected with HIV-1/HCMV.



MATERIALS AND METHODS


Study Subjects

Cross-sectional analysis was performed on peripheral blood mononuclear cells (PBMCs) cryopreserved from chronically HIV-1 infected HCMV seropositive females recruited into the center for HIV/AIDS Vaccine Immunology (CHAVI)001 study at clinical sites in Africa. The CHAVI001 study was approved by the Duke Medicine and National Institutes of Health Institutional Review Boards as well as the ethics boards of the local sites. The subjects used for the work in this paper were all from the “established” infection group (defined as having a positive HIV antibody test, two concordant rapid HIV tests or standard EIA, and a fully positive Western blot profile, i.e., being at Fiebig stage 6 of infection, at the time of recruitment) of the CHAVI 001 study. They were all recruited at study sites in Africa: Blantyre and Lilongwe, Malawi; Durban and Johannesburg, South Africa; and Moshi, Tanzania. Exclusion criteria included the current use of antiretroviral treatment and any condition that, in the opinion of the Investigator of Record, would make participation in the study unsafe, complicate interpretation of study outcome data, or otherwise interfere with achieving the study objectives. All study participants gave written informed consent and were hepatitis C virus antibody negative and hepatitis B surface antigen (HBsAg) antibody negative. Human cytomegalovirus (HCMV) infection status was determined by HCMV IgG enzyme-linked immunosorbent assay (ELISA) (BioKit) on stored plasma samples. HLA class I genotyping of the study donors to 2-digit allele resolution was performed by ProImmune (Oxford, UK) by PCR analysis of DNA extracted from donor PBMC. HLA-A expression model estimates (z-score) were inferred as previously described (11). The subject characteristics, HLA class I genotypes and distribution of HLA-B -21M and -21T among HLA-B groups are summarized in Supplementary Table S1.



Monoclonal Antibodies and Flow Cytometry Analysis

For flow cytometric analysis, cryopreserved PBMC were thawed, washed in phosphate-buffered saline (PBS), and surface stained at 4°C for 20 min with saturating concentrations of different combinations of the following antibodies (Supplementary Table S2) in the presence of fixable Live/Dead stain (Invitrogen): CD14 BV510, CD19 BV510, CD56 PE Dazzle or CD56 BV605, CD3 BV650, CD16 PERCP, or CD16 BV711, HLA-E PE (3D12) (Biolegend), CD4-eFluor 780, CD8 Alexa700 (eBioscience), HLA-C PE (DT-9) (BD Biosciences), NKG2A Pe-Cy7, KIR2DL2 APC CD158b1/b2.j APC (Beckman Coulter), NKG2C PE or NKG2C Alexa 700, KIR2DL1/2DS5 APC IgG1 [CD158a], KIR3DL2 APC (R&D systems), CD57 BV421 or CD57 FITC (BD Biosciences), KIR3DL1 APC [CD158e1] (Miltenyi). For the detection of intracellular antigens cells were fixed, permeabilized and stained for IFN-γ BV421 (BD Biosciences) and FcεRI-γ-FITC (Millipore). The antibody against PLZF PE-CF594 (BD Biosciences) was used for intranuclear antigen detection utilizing the Foxp3 intranuclear staining buffer kit (eBioscience) according to the manufacturer's instructions. Samples were acquired on a BD Fortessa X20 using BD FACSDiva8.0 (BD Bioscience). Data were analyzed using FlowJo 10 (TreeStar) and stochastic neighbor embedding (SNE) analysis and FlowSOM analysis was performed on NK cells using the mrc.cytobank.org platform, utilizing the following parameters: CD16, KIRS, NKG2A, NKG2C, PLZF, Siglec-7, NKG2A, CD57, and FcεRI-γ. The FCS file concatenation tool was used for concatenating multiple FCS files into a single FCS file prior to uploading the files to Cytobank (Beckman Coulter).



Functional ADCC Assay

For analysis of NK cell mediated ADCC responses, RAJI cells (1–2 × 106 cells/ml) were coated with anti-CD20 or murine immunoglobulin G (IgG) (InvivoGen) at 2.5 μg/ml for 30 min. Subsequently RAJI cells were washed and then mixed with PBMCs in a V bottom 96-well plate at a 10:1 E:T ratio and incubated for 6 h 37C in the presence of CD107a-APC-H7 antibody (BD Biosciences, Cowley, U.K.). GolgiStop (containing Monensin, 1/1,500 concentration, BD Biosciences) and GolgiPlug (containing brefeldin A, 1/1,000 final concentration, BD Biosciences) were added for the last 5 h of culture. Following incubation cells were washed and stained for extracellular receptors prior to permeabilization and intracellular staining for IFN-γ. Boolean gating analysis was used to analyse CD107a and IFN-γ production in CD56dim NK cell subpopulations expressing CD57, NKG2A, and KIRs and combinations thereof.



Soluble HLA-G Measurement

Soluble HLA-G1/G5 was measured in plasma by ELISA using a BioVendor-EXBIO kit according to the manufacturer's instructions.



Data Analysis

Prism 7 (GraphPad Software) was used for all statistical analysis as follows: the Mann-Whitney U-test or Student's t-test were used for single comparisons of independent groups, the Wilcoxon-test was used to compare two paired groups and the Kruskal-Wallis with Dunn's multiple comparison test was used to compare three unpaired sample groups. The non-parametric Spearman test was used for correlation analysis. SPICE analysis was performed in SPICE version 6. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.




RESULTS


Haplotypes Combining HLA-C2 and -21M HLA-B Are Common in African Populations and the HLA-B -21M Dimorphism Does Not Significantly Impact on Surface HLA-E Expression

To explore the effects of the HLA-B dimorphism in a non-Caucasian population, we initially analyzed HLA haplotypes and examined the segregation of HLA-C allotypes and -21 HLA-B alleles in a cohort of viraemic age-matched HIV-1 infected HCMV-seropositive African females, representing the three key -21 HLA-B genotypes: -21M/M homozygotes, -21M/T heterozygotes, and -21T/T homozygotes (Figure 1A). There were no significant differences in the HIV-1 viral load levels between the three groups (Supplementary Table S1). In contrast to Eurasian populations, which have an effective exclusion of -21M HLA-B from haplotypes encoding HLA-C2, this segregation was not evident in this cohort (Figure 1A), in keeping with the presence of African specific alleles, B*42:01–C*17:01 and B*81:01–C*18:01 in the M/M group (Supplementary Table S1). Such haplotypes combining HLA-C2 with -21M HLA-B provide both a C2 allele, a stronger KIR ligand than C1, and an HLA-E ligand for NKG2A. HLA-B -21M alleles did not encode HLA-B Bw4 in our cohort, in line with data derived from larger population analysis (6) but interestingly, a high proportion of the subjects with -21T HLA-B alleles (nine out of 13 subjects) also did not encode HLA-B Bw4, which functions as a KIR ligand (Supplementary Table S1). The subsets of HLA haplotypes in the study groups defined by the presence of -21M HLA-B in various combination with HLA-C1 and C2 could therefore result in the availability of KIR ligands differentially supplying HLA-E-binding peptides to form NKG2A ligands being distinct from that in Caucasian populations, with consequences for NK cell education.


[image: Figure 1]
FIGURE 1. Dimorphism at position -21 HLA-B does not significantly modulate HLA-E and NKG2A expression. (A) HLA haplotypes encoding HLA-C1 and C2 within groups of -21 HLA-B genotype M/M homozygous, -21M/T heterozygous and -21 T/T homozygous subjects from the study cohort. (B) Representative histograms showing HLA-E expression on total PBMC between groups as well as fluorescence minus one (FMO) control staining (left); and comparison of cell-surface HLA-E expression (geometric mean fluorescence intensity (MFI) of staining with HLA-E-specific antibody 3D12) on total PBMC between groups (right). Data are displayed as violin plots; the group median and interquartile range are indicated. (C) Proportion of CD56dim NK cells (i.e within live CD56+CD3-CD19-CD14-CD4- PBMC) expressing NKG2A between groups and comparison of the percentage of NKG2A+ CD56dim with their level of surface expression (MFI) in M/M (black dots), M/T (blue dots) and T/T (pink dots) subjects. (D) Violin plots of the frequency of NKG2C expressing CD56dim NK cells in the donor groups. Group median and interquartile range are indicated. All donors were HCMV positive. ns: non-significant.


To investigate the effects of the HLA-B -21 dimorphism on surface expression of HLA-E we examined the expression of HLA-E on peripheral blood mononuclear cells (PBMCs) in subject groups distinguished on the basis of the amino acid encoded (M/M, M/T, and T/T). Despite median levels of total cellular HLA-E expression on PBMCs being higher in M/M individuals, no significant difference was observed in surface HLA-E expression on PBMC between the groups (Figure 1B). Further analysis of surface HLA-E expression on CD3+, CD4+, and CD8+ T cells and CD3- cells did not show any significant differences between the groups (Supplementary Figure S1A). Moreover, no correlation was detected between -21M copy number and the proportion of NK cells expressing either NKG2A (Figure 1C) or its activating counterpart NKG2C (Figure 1D). These observations contrast findings in HCMV seronegative Eurasian individuals where HLA haplotypes defined by -21M HLA-B were associated with increased surface expression of HLA-E and a decreased frequency of NK cells expressing NKG2A (6).

Furthermore, no relationship was detected between the surface levels of HLA-E expression and HLA-A imputed expression level (z score) in subject groups distinguished on the basis of the presence of HLA-B -21M in this cohort (Supplementary Figure S1B). The effect of HLA-A expression on HIV-1 viraemia was also not evident in individuals with HLA-B -21M/M, in keeping with a reported less prominent effect in African/African-Americans relative to Caucasians, conceivably as a consequence of the distinct HLA haplotypes and frequencies present in individuals of African descent (Supplementary Figure S1C) (11).



Surface Abundance of HLA-C Does Not Correlate With -21 HLA-B

The amount of cell-surface HLA-C expression has been previously reported to vary with -21 HLA-B type, with M/M HCMV seronegative European donors displaying low levels, as a result of their relatively restricted HLA-C diversity and genotypes dominated by HLA-C*07, which is subject to microRNA-148a (miR-148a) mediated downregulation (18). Whilst in predominantly Eurasian populations haplotypes combining -21M HLA-B and C2 are rare, the African haplotypes present in the M/M group combine specific HLA-B and C2 alleles, i.e., B*42:01–C*17:01 and B*81:01–C*18:01. Despite some variation in the levels of surface expression of HLA-C (assessed by staining with the HLA-C and HLA-E-reactive antibody DT9) (19), especially in T/T donors, there was no overall difference in the mean levels of expression between the study groups, and there was no correlation between cell surface abundance of HLA-C and -21 HLA-B genotype on total PBMC (Figures 2A,B) and lymphocyte subsets (data not shown). Equally, we observed no obvious clustering according to HLA-C1 and C2 types and only a single M/T donor was homozygous for HLA-C*07, an allele that is highly represented in M/M individuals of European origin as previously shown (Figures 2C,D) (6).
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FIGURE 2. No significant differences in HLA-C expression levels in subjects grouped according to -21 HLA-B dimorphism. (A) Representative histograms showing HLA-C expression (geometric mean fluorescence intensity (MFI) on total PBMC between groups as well as fluorescence minus one (FMO) control staining). Levels of surface expression of HLA-C (MFI of staining with antibody DT-9) on total PBMC in donors grouped: (B) by HLA-B -21 variant (data are shown as violin plots, and group median and quartiles are indicated); (C) according to HLA-C1 and C2 epitopes and (D) by the presence and absence of (x) of HLA-C*07. In panels (C) and (D), M/M subjects are shown as black dots, M/T as blue dots and T/T as pink dots.




KIR Education and Differentiation Predominate in HIV-1/HCMV Seropositive Subjects of African Descent Irrespective of -21 HLA-B Dimorphism

The effect of viraemic HIV-1 infection on driving alterations in the NK cell subset distribution is well-described (15, 20). In keeping with this we confirmed the presence of the aberrant CD56negCD16+ NK cell subset in our cohort; however, no significant differences in the frequencies of the CD56bright, CD56dim, and CD56neg NK cell subsets were observed between groups of M/M, M/T, and T/T individuals (Supplementary Figure S2A gating strategy and Supplementary Figures S2B–D). Notably chronic HIV-1/HCMV co-infection also leads to an accentuated differentiation within the CD56dim subset with the emergence of a CD57+NKG2C+KIR+NKG2A- signature and expansion of adaptive NK cell subsets (15, 21, 22). We therefore investigated the phenotypic diversity of CD56dim NK cell subset to delineate the fingerprint of HCMV co-infection in the three study groups in relation to the presence of -21 HLA-B dimorphism.

In the cohort as a whole, the acquisition of inhibitory KIRs on CD56dim NK cells was paralleled by a loss of NKG2A expression (r = −0.4165, p = 0.0143) (23). A tight positive correlation between NKG2C and KIR expression was further noted, in line with the expansion of self-specific KIRs in the context of HCMV infection/re-activation (r = 0.5960, p = 0.0002) (24–26). The level of expression of KIRs (cocktail of antibodies against KIR2DL1/S5, KIR2DL2/L3/S2, KIR3DL2, and KIR3DL1) on CD56dim NK cells did not differ between the three study groups (Figures 3A,B). Levels of CD57 expression were also comparable between the three groups, suggesting the presence of NK cells at different differentiation stages (Figures 3A,B). Examination of additional markers such as the key signaling molecule FcεRI-γ and the transcription factor promyelocytic leukemia zinc (PLZF), the absence of which characterizes adaptive NK cell subsets, showed a broader range of expression with a trend for a lower median level of expression in T/T subjects, which did not reach statistical significance (Figures 3A,B).


[image: Figure 3]
FIGURE 3. Lack of a dominant effect of -21M HLA-B on the extent of NKG2A driven NK cell differentiation. (A) Representative contour plots depicting the gating strategy for the expression of KIRs, CD57, FcεRI-γ and PLZF in CD56dim NK cells from each study group. (B) Summary violin plots of the proportion of CD56dim NK cells expressing KIRs, CD57, FcεRI-γ and PLZF between donor groups. (C) ViSNE analysis of multiparametric flow data was performed on CD56dim NK cells from the compiled M/M, M/T and T/T donors showing expression of CD57 and gated KIR and NKG2A clusters. Each point on the VisNE map represents a single cell and color depicts intensity of protein expression. SPICE analysis pie charts of CD57, KIR and NKG2A expression for each group. The pie slices represent the proportion of CD56dim NK cells expressing different receptor combinations, and the pie arcs depict expression of individual receptors, as detailed in the key. (D) Representative contour plots and summary violin plots showing the proportion of CD57+CD56dim NK cells expressing CD16 between the donor groups. *p < 0.05.


Boolean gating analysis was performed next to examine the proportion of NKG2A or KIR-educated CD56dim NK cells that were more highly differentiated (assessed on the basis of expression of CD57) (Figure 3C representative viSNE analysis showing clusters of NKG2A and KIRs co-expressing CD57 and SPICE analysis). The proportion of KIR-NKG2A+ CD56dim NK cells, educated via the inhibitory NKG2A receptor, was 21.95% ± 4.432 (mean ± SEM) in M/M, 29.09% ± 5.315 in M/T, and 26.26% ± 5.432 in T/T donors. The extent to which these NKG2A-educated cells were differentiated (according to the expression of CD57) did not vary with the -21M copy number and represented a small fraction (10.65% ± 2.440, mean ± SEM in M/M donors, 12.89% ± 3.262 in M/T, and 14.12% ± 3.508 in T/T donors). KIR+NKG2A- NK cells, which can only be educated via KIRs, represented a larger fraction of CD56dim NK cells in all groups (45.83% ± 6.159, 36.57% ± 6.847, and 49.48% ± 5.767, in M/M, M/T, and T/T subjects, respectively). The proportion of KIR-educated NK cells that were differentiated (CD57+) was higher than that observed in the NKG2A-educated fraction, comprising in M/M donors 40.43% ± 5.204 in M/M donors and 40.82 ± 5.339 in T/T donors, and trending to be somewhat lower in M/T subjects (28.59 ± 5.629) (Figure 3C pie charts). These results are in keeping with loss of NKG2A expression with increasing NK cell differentiation in HIV infection and contrast findings of a dominant effect of the -21M HLA-B dimorphism on increasing the differentiated subpopulation of the educated KIR-NKG2A+ NK cells in Caucasian HCMV seronegative donors (6).

Whereas, all donors exhibited comparable levels of CD57 expression on CD56dim NK cells, the activating receptor CD16 was expressed by a higher proportion of differentiated CD57+ CD56dim NK cells in T/T donors compared to M/M and M/T donors (p = 0.02 and p = 0.01, respectively; Figure 3D). As expected the CD57+ subset of NK cells in all groups was enriched for additional adaptive features such as lower levels of PLZF and FcεRI-γ and enriched for KIR and NKG2C compared to the CD57 negative fraction of NK cells, as previously described (15). In T/T donors the CD57+ NK cell subset trended to have higher mean levels of expression of NKG2C and lower mean levels of expression of PLZF and FcεRI-γ compared to the CD57+ NK cells in M/M and M/T donors although this did not reach statistical significance (Supplementary Figure S3A). Analysis with self-organizing maps (FlowSOM) did not demonstrate any prominent clustering differences depending on the HLA-B dimorphism (Supplementary Figures S3B,C).



The Dominant Effect of -21M on NK Cell Function Is Lost in HIV-1/HCMV Donors

To further examine the influence of -21 HLA B dimorphism on NK cell education and associated NK cell function we utilized an antibody-coated target cell stimulation assay to measure ADCC. Following stimulation with Raji cells coated with anti-CD20, CD56dim NK cells were assessed for cytokine production by intracellular cytokine staining and degranulation, as measured by surface expression of CD107a. NK cells from T/T donors demonstrated a trend toward higher production of IFN-γ relative to those from M/M donors and higher IFN-γ production compared to M/T individuals (Figure 4A). A similar trend toward higher NK cell expression of CD107a was observed in T/T donors in relation to the M/M and M/T groups (Figure 4B). For both functional responses a range of IFN-γ production and CD107a expression was observed within each group that could not be attributed to their HLA-C haplotype (data not shown). Further analysis of the proportion of IFN-γ producing CD56dim NK cells that were differentiated (according to CD57 expression) and either educated via NKG2A or KIRs, showed a higher proportion of the cytokine producing cells being comprised of CD57+NKG2A-KIR+ NK cells than CD57+NKG2A+KIR- cells in M/M and T/T donors (p = 0.006 and p = 0.005, respectively) but this did not reach statistical significance for the M/T group. These differences are reflected in all three pie charts (Figure 4C), where the subset of IFN-γ-producing cells with a CD57+NKG2A-KIR+ phenotype is of similar size in M/M, T/T, and slightly smaller in M/T donors, in keeping with lower frequencies of differentiated KIR educated NK cells in this group. These data suggest the dominant effect of KIR mediated education for IFN-γ producing NK cells irrespective of -21 HLA-B dimorphism. This is in contrast to the gene dosage effect of -21 HLA-B dimorphism on KIR educated NK cells in HCMV seronegative HIV negative Europeans, where two copies of -21T results in a 2.6-fold increase in the number of KIR+NKG2A- NK cells producing IFN-γ compared to that in M/M subjects (11). A similar KIR predominant effect was observed for CD107a production in M/M and T/T subjects in our cohort, whereas in M/T donors the effects of the educating KIRs were less distinct (data not shown).
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FIGURE 4. Variable influence of -21 HLA-B dimorphism on ADCC responses. (A) IFN-γ and (B) CD107a expression by CD56dim NK cells following co-culture with RAJI cells coated with anti-CD20 (filled circles) or murine IgG (filled squares) in M/M (n = 10), M/T (n = 10) and T/T donors (n = 13) with available PBMC. (C) SPICE pie charts for each group. The pie slices correspond to the proportion of IFN-γ producing cells that express different receptor combinations, and the pie arcs depict individual expression of CD57, KIRs, and NKG2A, as detailed in the key. (D) Correlations between IFN-γ production by CD56dim NK cells and expression of CD16, CD57, KIRs, NKG2C, or soluble HLA-G levels. The non-parametric Spearman test was used for correlation analysis.


In addition to the effect of education, the variability in the ADCC functional responses of CD56dim NK cells, in particular IFN-γ production, could relate to cellular expression of CD16. Ex vivo, the proportion of NK cells expressing CD16 correlated with IFN-γ production (r = 0.5609, p = 0.0007), suggesting that shedding of CD16 reported in progressive HIV-1 infection, could contribute to the reduction of NK cell ADCC function in our study cohort (Figure 4D) (27). Notably adaptive NKG2C+ NK cell subpopulations that arise in response to HCMV infection and expand during HIV-1 infection are imbued with enhanced ADCC capacity, in particular production of IFN-γ following CD16 ligation, reflecting epigenetic modifications and enhanced downstream signaling through CD3z homodimers in the absence of FcεRI-γ (15, 28). We therefore assessed whether the size of adaptive NKG2C+ NK cell populations could account for the variability in IFN-γ production noted between and within the three study groups. In the cohort as a whole, IFN-γ production correlated strongly (r = 0.5616, p = 0.0007) with NKG2C expression, suggesting that the presence of adaptive subpopulations, enriched within differentiated CD57+ and KIR+ NK cells (which also correlate with IFN-γ production), could modulate NK cell functional capacity to antibody coated targets (Figure 4D).

Recently it was demonstrated that HCMV-derived peptides presented by HLA-E, in particular the rare UL40 peptide VMAPRTLFL which is identical to the HLA-G leader peptide, fine tune the ADCC response of NK cells via NKG2C recognition (17). Both membrane bound and soluble levels of HLA-G are reported to be increased in untreated HIV-1 infection and during HCMV infection and have been shown to correlate with blood IFN-γ concentrations and could therefore represent a source of HLA-E peptides in T/T individuals (29–31). Although we did not detect any significant differences in the soluble plasma HLA-G concentration between the study groups, HLA-G levels showed a weak association with IFN-γ production suggesting that an environment potentially displaying altered HLA-E peptide ligands recognized by adaptive NKG2C expressing NK cells may induce differential cellular responses (Figure 4D).




DISCUSSION

HLA-E acts as powerful modulator of the immune response, serving as a ligand for NKG2 receptors that provide a functionally complementary axis to the polymorphic KIR system for control of innate lymphocyte subsets. HLA-E binds signal peptides derived from the leader sequence of HLA-A, B, C, and G proteins in order to achieve stable expression at the cell surface (32). -21M, the residue present in all HLA-A and -C and a minority of -B allotypes, facilitates folding and expression of HLA-E by providing a strong anchor residue in contrast to -21T, the residue present in the majority of HLA-B allotypes. This genetic segregation depending on HLA-B dimorphism leads to a binary form of NK cell education and functional responsiveness in HCMV seronegative donors of European origin by either supplying NKG2A or KIR ligands (6). A similar effect was not seen in an African cohort with HIV-1/HCMV co-infection, where genetic and environmental factors could influence the NK cell repertoire and effector function. The presence of African specific alleles, together with alterations in the HLA-E peptide repertoire due to the availability of peptides derived from other cellular and viral sources that could arise during HIV-1/HCMV coinfection, trigger the expansion of adaptive NK cells expressing the activating receptor NKG2C with subsequent functional consequences. The lack of -21M expression could thus become redundant in HCMV seropositive individuals where UL40 or HLA-G derived peptides may stabilize the expression of HLA-E and fine tune NK cell activation and antibody driven adaptive responses.

In Eurasian populations the reported LD between HLA-B -21M and HLA-B Bw6/HLA-C1 limits the supply of KIR ligands and favors NKG2A mediated NK cell education (6). However, the genetic segregation between HLA-C1 and -21M HLA-B was not evident in this study group, where the presence of HLA-C2, a stronger KIR ligand than C1, resulted in the presence of both KIR and HLA-E ligands for NKG2 receptors in M/M donors. In addition, the more common African haplotypes combining -21M and HLA-C2 involve African specific HLA-C allotypes that have leader sequences that poorly promote HLA-E expression, further limiting the supply of HLA-E ligands for interaction with NKG2 receptors on NK cells. These genetic effects could partly explain the lack of association between -21M copy number and surface HLA-E expression in our cohort. Another possible genetic factor that may have influenced the levels of HLA-E expression in our cohort is the dimorphism at position 107 of HLA-E, which distinguishes two most common alleles, HLA-E*01:01 (position 107 arginine, R) and HLA-E*01:03 (position 107 glycine, G), the former of which is reported to be expressed at lower levels than the latter (33) although this has not been seen in all studies (9). Nonetheless, although HLA-E genotyping was not performed in our cohort, as the two main HLA-E alleles occur in roughly equal frequencies in different ethnic groups and are maintained in diverse HLA haplotypes by stabilizing selection (34), allele frequencies would not have been expected to differ significantly between our study groups.

In addition to genetic differences between our cohort and those studied previously, the presence of chronic HIV-1 and HCMV co-infection in our study subjects may also have contributed to the lack of significant difference in surface HLA-E expression between study groups. HLA-E surface levels serve as an important sensor of HLA class I expression and are sensitive to perturbations in the biosynthesis of most polymorphic class I allotypes as well as the class Ib molecule HLA-G imparted by viral infections or stress. Of note whilst HIV-1 Nef causes down-regulation of HLA-A, B and Vpu mediates reduction of HLA-C, these viral accessory proteins mediate their effects post-translationally and should not affect the supply of HLA class I signal peptides; and HCMV maintains/stabilizes HLA-E expression (35–38). However, the presence of specific HCMV UL40 variants and/or HLA-G levels may be altering the supply of HLA-E binding peptides in our cohort.

As well as observing no impact of the HLA-B -21 dimorphism on the level of expression of HLA-E we also did not detect a correlation between -21M copy number and NKG2A expression in our cohort. During NK cell development and education, the acquisition of self-reactive KIRs leads to progressive downregulation and decreased surface expression of NKG2A (23). This process is accelerated during HIV-1 infection/HCMV co-infection and further underlined by the expansion of differentiated CD57+ NKG2C+ NK cell subsets enriched for KIRs for self HLA-C1 and/or C2 allotypes, which explains the lack of correlation between -21M HLA-B and better NKG2A+KIR- educated NK cells in this cohort. Due to limitations in sample availability we were not able to type the KIR genes nor perform staining for individual KIRs in our study subjects. Specific KIR alleles are reported to differ in their strength of signaling, with associated effects on NK cell education/ADCC responses, which could further explain some of the inter-donor variability observed in this study. A recent study has further highlighted the critical role of KIR polymorphism influencing responses to HCMV, where in particular the interaction between KIR2DL1 and HLA-C2 ligands drives large and stable expansions of adaptive NKG2C+ NK cells (26). It would therefore be of interest to determine the effect of KIR polymorphism in modulating the size of the adaptive NK cell pool in larger HIV-1/HCMV co-infected cohorts.

There is increased appreciation that peptides presented via HLA-E during conditions of stress and viral infections influence the activation of NK cells, driving expansion of adaptive NKG2C+ NK cells and subsequent enhancement of ADCC responses. In keeping with this, we observed a range of ADCC responses in our cohort that correlated with NKG2C expression. Furthermore, UL40 in HCMV encodes peptides that mimic MHC class I signal sequences and share a conserved methionine (M) anchor residue at peptide amino-acid residue 2), which correspond to amino acid -21 of the classical HLA class I leader sequence (16, 17). Hence HCMV infection provides peptides that may substitute for host HLA-I-derived HLA-E stabilizing non-americ peptides in T/T donors. Interestingly UL40 polymorphisms and the strength of interactions between HLA-E presented peptides and NKG2C controls the activation of adaptive NK cells. Of note, a gradient in NKG2C+ NK cell effector function has been reported depending on the potency of recognition of HCMV peptides (VMAPRTLFL > VMAPRTLIL > VMAPRTLVL) (17). The VMAPRTLFL UL40 derived peptide mimics the signal peptide of HLA-G, the expression of which is upregulated during inflammation, HCMV infection and HIV-1 infection, and specifically enhances antibody-driven adaptive NK cell responses as recently described (17). Regardless of the peptide source, it is tempting to speculate that alterations in the HLA-E ligandome surveyed by the NKG2C receptor contribute differentially to the accumulation, differentiation and effector functions of adaptive NKG2C+ NK cells during infection. Whether HIV-1 peptides could further exploit the HLA-E/NKG2 axis as recently suggested (39) requires further evaluation.

The role of adaptive NK cells in influencing the rate of HIV-1 acquisition and levels of viral control during established infection remains poorly defined, but offers an alternative explanation for previous epidemiological observations, that needs to be formally addressed with a combination of population and functional studies. Assessment of the overall impact of HLA-B dimorphism on the acquisition of or control of HIV-1 infection will need to take into account a number of effects in addition to the contribution of HLA/peptide complex availability and its impact on the NKG2 pathway. These include effects on CD8 T cell responses and interactions between the Bw4/Bw6 epitope and the KIR3DL1/3DS1 pathway, which will necessitate study of much larger cohorts.

In summary, we posit that in addition to differences in the genetic background, chronic HIV-1 infection with frequent reactivations of HCMV affects the pool of peptides presented by HLA-E and surface levels of HLA-E providing a more diverse range of ligands for CD94/NKG2 NK cells. The strength of these interactions and presence of inflammatory stimuli shape the NK cell pool and functional activity, blurring the dichotomous effect of -21 HLA-B on NK cell function seen in Eurasian HCMV seronegative donors. Future larger studies aimed at dissecting the effect of different HLA-E/peptide ligands on adaptive NK cells in relation to -21 HLA-B polymorphism, during disease are required, in order to facilitate realization of the translational potential of specific NK cell subpopulations and exploit the NKG2C/HLA-E axis to enhance NK cell functionality.
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MICA and MICB are ligands of the NKG2D receptor and thereby influence NK and T cell activity. MICA/B gene polymorphisms, expression levels and the amount of soluble MICA/B in the serum have been linked to autoimmune diseases, infections, and cancer. In hematopoietic stem cell transplantation, MICA matching between donor and patient has been correlated with reduced acute and chronic graft-vs.-host disease and improved survival. Hence, we developed an extremely cost-efficient high-throughput workflow for genotyping MICA/B for newly registered potential stem cell donors. Since mid-2017, we have genotyped over two million samples using NGS amplicon sequencing for MICA/B exons 2–5. In donors of German origin, MICA*008 is the most common MICA allele with a frequency of 42.3%. It is followed by MICA*002 (11.7%) and MICA*009 (8.8%). The three most common MICB alleles are MICB*005 (43.9%), MICB*004 (21.7%), and MICB*002 (18.9%). In general, MICB is less diverse than MICA and only 6 alleles, instead of 15, account for a cumulative allele frequency of 99.5%. In 0.5% of the samples we observed at least one allele of MICA or MICB which has so far not been reported to the IPD/IMGT-HLA database. By providing MICA/B typed voluntary donors, clinicians become empowered to include MICA/B into their donor selection process to further improve unrelated hematopoietic stem cell transplantation.
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INTRODUCTION

The MICA (MHC class I polypeptide-related sequence A) and MICB (MHC class I polypeptide-related sequence B) genes are located between the MHC class I and class III genes inside the human major histocompatibility complex (MHC) (1). Although being highly similar to the classical human leukocyte antigen (HLA) genes, they do not present peptides and are not expressed at the surface of human leukocytes but on endothelial cells, fibroblasts, epithelial cells, and tumor cells (2). There they act as ligands for the NKG2D receptor which plays an important role in immune surveillance by activating NK cells and co-stimulating T cell subsets (3, 4). Therefore, the expression of NKG2D ligands is highly regulated and induced by cellular stress (e.g., infection, oxidative stress, transformation).

MICA and MICB are highly similar and share around 91% of their coding sequence (1). Exon 1 encodes the leader peptide, exons 2, 3, and 4 the three extracellular domains, exon 5 the transmembrane domain and exon 6 the cytoplasmic tail (1, 2, 5). Even though MICA and MICB do not seem to be as diverse as the conventional HLA genes, a large number of distinct alleles have been described: release 3.37.0 of the IPD-IMGT/HLA database contains 109 MICA and 47 MICB alleles (6). MICA*008 has been reported to be the most common MICA allele with frequencies ranging from 25 to 55% depending on the population. Frequencies above 5% were observed for MICA*002, MICA*009, MICA*004, MICA*010, and MICA*007 in Europeans. In Chinese cohorts, the alleles MICA*019, MICA*027, and MICA*045 are also common (7–11). The less diverse MICB gene has been predominantly studied in Asian populations. There, the allele MICB*005 is the most common allele with frequencies of over 50%. It is followed by MICB*002 and MICB*004 with frequencies over 10% and MICB*008 and the null allele MICB*009N with frequencies over 5% (10–13).

The most frequent MICA allele MICA*008 differs substantially from most other alleles since it lacks the transmembrane domain due to a frameshift in exon 5. Alleles sharing this feature are also referred to as “A5.1” alleles (14). Their products are bound to the cellular membrane by a GPI-anchor and are frequently released into exosomes thereby triggering a systemic downregulation of the NKG2D receptor on effector cells. Other MICA and MICB alleles do this to a lesser extent using a soluble form caused by a proteolytic shedding mechanism (15, 16). Since high levels of both forms of soluble MICA and MICB (sMICA/B) have been found in various cancers, the release of MIC proteins is thought to be one cause for cancer immune escape. sMICA/B are therefore considered promising targets for immunotherapy (17–20).

Several studies looked into the general impact of MICA/B polymorphisms on different diseases. Especially the MICA-129Met/Val dimorphism encoded by the SNP rs1051792 has received attention because it separates the different MICA alleles into NKG2D-receptor low (Val)- and high (Met)-affinity binding alleles (21). Health risk associations have been shown for several autoimmune diseases, cancer and viral infections (22–27). Furthermore, matching of MICA, including the MICA-129 dimorphism, between donor and patient has been correlated with improved outcome of unrelated hematopoietic stem cell transplantation and reduced acute and chronic graft-vs.-host disease (28–32). Because MICA is in strong linkage disequilibrium with HLA-B, over 90% of 10/10 HLA-matched donor/patient pairs are also matched for MICA (8, 30). In partially matched cases, in particular in HLA-B mismatch situations, MICA mismatches are more frequent.

To facilitate further studies on MICA and/or MICB matching in unrelated hematopoietic stem cell transplantation, we included both genes into our high-throughput genotyping workflow for newly registered potential stem cell donors in 2017. This workflow was initially developed for the six classical HLA genes HLA-A, HLA-B, HLA-C, HLA-DRB1, HLA-DQB1, and HLA-DPB1 and was then gradually extended to also include CCR5, the blood groups ABO and Rh as well as the several KIR genes and HLA-E (33–37). Today, this workflow has been applied to genotype over seven million donors, among them more than two million including MICA and MICB.



MATERIALS AND METHODS


Samples

Volunteers from Germany, Poland, UK, USA, Chile and India provided over two million samples to DKMS for their registration as potential stem cell donors between August 2017 and October 2019. We determined MICA and MICB allele frequencies based on 1,201,896 samples of donors from DKMS Germany who declared to be of German descent. All subjects gave written informed consent in accordance with the Declaration of Helsinki. The described genotyping is within the scope of the consent forms signed at recruitment and performed as genotyping service.



DNA Isolation and Quantification

The vast majority of samples were provided as buccal swabs (Copan, Brescia, Italy). Few samples were provided as blood. DNA was isolated using the chemagic™ Blood/Swab Kits (PerkinElmer chemagen Technologie GmbH, Baesweiler, Germany) and quantified by fluorescence as described before (36).



PCR Amplification

MICA and MICB were amplified in one multiplexed PCR reaction targeting exons 2, 3, and 4/5. The resulting amplicons had lengths between 417 and 480 bp (Figure 1). Exons 2 and 3 were amplified as separate amplicons and were completely covered. In contrast, exons 4 and 5 were amplified together as one joined amplicon with primers inside the exons. Therefore, 65 bases at the beginning of exon 4 and 13 bases at the end of exon 5 were not covered. The 8 μl PCR reactions were performed in 384-well plates using FastStartTM Taq DNA Polymerase (Roche, Basel, Switzerland) in its associated buffer system. After amplification, products were pooled with other amplicons of the same sample and subjected to a barcoding/indexing PCR as described previously (33–37).


[image: Figure 1]
FIGURE 1. Primer locations and PCR amplification products for exons 2–5 of MICA/B. Primers (arrows) bind to both MICA and MICB and generate three amplicons per gene in one PCR reaction. Product lengths are between 417 and 480 bp. Note that not all bases of exons 4 and 5 are covered.




Library Preparation and Sequencing

After indexing PCR, 384 barcoded samples were pooled together and purified using SPRIselect beads (BeckmanCoulter, Brea, USA) with a ratio of 0.6:1 beads to DNA and subsequently quantified by qPCR. Equimolar amounts of 10 pools were then combined to a final sequencing library which contained all amplicons from 3,840 donors. The library was denatured and diluted as recommended by Illumina (MiSeq Reagent Kit V2-Reagent Preparation Guide) and loaded at 12.5 pM onto HiSeq flow cells. Paired-end sequencing was performed at 2 × 249 bp using HiSeq Rapid SBS Kits V2 (500 cycles) on HiSeq2500 instruments (Illumina, San Diego, USA) (33–37).



Genotyping

The neXtype software was extended to support MICA and MICB genotyping (33, 36). It uses a decision-tree-based algorithm to match the generated MICA/B amplicons to known alleles from the official IPD/IMGT-HLA database. Since no known MICA amplicon sequence matches a known MICB amplicon sequence, reads could be unambiguously assigned to either MICA or MICB. For more than 95% of the samples neXtype generated correct results with only minor requirements for user interaction. In case of insufficient read coverage, rare or questionable results, a new PCR reaction was initiated from the original DNA. If a low read coverage was limited to exons 4 and 5, trained analysts could decide to generate a result based on exons 2 and 3 only. Genotyping results were finally exported using the GL string format (38).



Frequency Analysis of MICA and MICB Alleles

MICA and MICB genotyping results of 1,201,896 samples of German origin were analyzed based on the first field, which identifies the unique MICA and MICB proteins. Homozygous genotyping results were counted as two alleles. Allele groups which could not be distinguished due to missing sequencing information were reported by a representative allele which was marked with a hash symbol (#) (Table 1). For samples with phasing ambiguities, the probability of each possible result was calculated based on the allele frequencies of unambiguously typed samples. According to these probabilities, counts were added to the different alleles. To verify rare allele calls, all alleles observed <50 times were reconfirmed in at least two samples.


Table 1. Overview of ambiguous genotyping results.
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RESULTS


High-Throughput MICA/B Genotyping
 
Assay Validation and Performance

For assay validation, we exchanged DNA from 95 samples with two labs with established workflows for MICA or MICB genotyping (MICA: Institute of Clinical Transfusion Medicine and Immunogenetics Ulm, Germany; MICB: Laboratoire d'ImmunoRhumatologie Moléculaire, Strasbourg, France). For MICA, we additionally used the UCLA MICA Panel Set (UCLA Immunogenetic Center, USA), which consists of 24 samples with diverse combinations of MICA alleles. The results obtained from our newly established workflow were 100% concordant with the reference genotypes for both MICA and MICB (Supplementary File 1). Subsequently, MICA/B genotyping was included into our standard genotyping workflow in August 2017 and applied for all newly registered donors. So far, we have generated MICA/B genotyping data for over two million samples, on average more than 20,000 samples per week. Because MICA/B amplicons are pooled with the HLA amplicons directly after the initial PCR, additional costs for genotyping MICA/B are minor and reflect the costs for one 8 μl PCR reaction, sequencing and data analysis. We are targeting an average coverage of 1,000 reads per locus and exon corresponding to a total of 6,000 reads for MICA/B with associated costs of about 10 cents per sample for sequencing. This efficient strategy makes it feasible to genotype every newly registered donor for MICA/B.



Resolution and Ambiguities

Our MICA/B genotyping workflow targets and amplifies exons 2 and 3 separately and most of exons 4 and 5 using a combined amplicon (Figure 1). Consequently, exons 1 and 6 and 78 bases of exons 4 and 5 are not sequenced. This amplification strategy promised a good genotyping resolution while being highly cost-efficient. MICA/B exons 2, 3, and 5 were considered mandatory because they encode the receptor-interacting domains or define MICA*008-like alleles. Expansion of the exon 5 amplicon made it possible to also include most of exon 4. Exons 1 and 6 encode a leader peptide and the cytoplasmic tail. As these regions do not encode extracellular domains of the proteins and are characterized by a lower diversity they were not included in the genotyping strategy. However, some alleles may only be differentiated by sequence features within one of the not covered regions. For example, SNPs in exon 6 are the only way to distinguish MICA*010 from MICA*069 or MICA*009:01 from MICA*049. MICA*009:02, on the other hand, can be unambiguously genotyped because it differs from MICA*049 and its synonymous allele MICA*009:01 in exon 3 (Table 1) (14). Due to the primer location inside exon 4 our workflow also cannot distinguish between MICA*10 and MICA*065.

For MICB, the most common allele MICB*005:02 cannot be distinguished from MICB*003, MICB*006, and MICB*010, while other variants of MICB*005 can be distinguished. Likewise, the pairs MICB*004 and MICA*028 or MICB*014 and MICA*015 cannot be resolved (Table 1).

In addition to the ambiguities caused by missing sequence information, we encounter phasing ambiguities. They occur because the sequences of short amplicons cannot be phased if the targeted regions are not overlapping. As a consequence, some observed sequence combinations can be explained by more than one allele pair. In our workflow, phasing ambiguities occur in 3% of MICA and 24% of MICB samples. In over 99.9% of those cases, however, one possibility can statistically be ruled out since the combination of two rare alleles would be highly unlikely if the other option includes two common alleles. This is in contrast to HLA genotyping where some important phasing ambiguities cannot be solved statistically. For example, the most common MICB phasing ambiguity result is either the combination MICB*002 and MICB*005# or the combination MICB*018 and MICB*019 [GL-String notation: MICB*002+MICB*005#|MICB*018+MICB*019 (38)]. Based on the allele frequencies determined in this study, the likelihood of the allele combination MICB*002+MICB*005# is 0.039. In contrast, the likelihood of MICB*018+MICB*019 is only 1.9 × 10−8. Hence, MICB*018+MICB*019 would be expected to occur only once in 2.08 million samples with the given phasing result. In our dataset of 1,201,896 samples, 182,383 samples have the result MICB*002+MICB*005#|MICB*018+MICB*019. Now, by claiming that MICB*002+MICB*005# is always the correct result, we are making only one wrong call in 13.7 million genotyped samples. Therefore, we have disregarded the highly unlikely combinations of rare alleles in our allele frequency calculations. This is not expected to introduce a relevant error. In contrast, disregarding all samples with phasing results altogether would substantially distort the results since the phasing events predominantly involve certain alleles.



Novel Alleles

We encounter novel MICA or MICB alleles in 0.5% of the samples, resulting in the observation of ~100 novel alleles per week (recurrences included). They are automatically flagged by the genotyping software and trigger a new PCR reaction from the original sample for verification. In general, the novel alleles fall into two categories: Novel sequences or novel combinations of previously reported exonic sequences. The task to characterize them in full length and submit the sequences to IPD/IMGT-HLA is currently in progress.




MICA Allele Frequencies

MICA allele frequencies were calculated on 1,201,896 samples of German descent (Figure 2). These samples represent more than 50% of our genotyped samples and were therefore the largest ethnically defined population available. With a frequency of 42.3%, the allele MICA*008 is the most frequent MICA allele in Germany. It is followed by the alleles MICA*002 (11.7%), MICA*009# (8.8%), MICA*010# (7.7%), and MICA*004 (6.5%). The 15 most common alleles account for a cumulative allele frequency of 99.5%. The other 41 alleles observed in the German dataset account for the remaining 0.5%. We further identified six MICA alleles (MICA*035, MICA*037, MICA*038, MICA*040, MICA*060, and MICA*064N) with very low frequencies in samples not of German origin. Despite the huge sample size, we have never observed the remaining 18 alleles contained in the IPD-IMGT/HLA database (release 3.37.0) (Table 2).


[image: Figure 2]
FIGURE 2. Allele frequencies of MICA. First-field-resolution allele frequencies are based on 1,201,896 samples from donors of German descent. Alleles contributing to a cumulative allele frequency of 99.5% are shown against a colored background and allele frequencies below 0.003 are additionally plotted in an inlay. If ambiguities exist, allele groups are used (#) and the ambiguity is described in Table 1.



Table 2. MICA/B alleles described in IPD/IMGT-HLA release 3.37.0, but never observed in our cohort of over two million samples.
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MICB Allele Frequencies

MICB allele frequencies were calculated based on the same sample cohort used for MICA (Figure 3). With a frequency of 43.9%, MICB*005# is by far the most frequent allele in Germany. However, since our workflow cannot distinguish all MICB*005 variants from MICB*003, MICB*006, and MICB*010, the true frequency of MICB*005 might be lower (Table 1). In our samples, MICB*005# is followed by MICB*004#, MICB*002, and MICB*008, having frequencies of 21.7 18.9, and 11.0%, respectively. Together with MICB*014# (2.2%) and MICB*013 (1.4%) they account for a cumulative allele frequency of 99.5%. 14 other alleles have been detected in the German cohort. MICB*007 has only been identified in a few samples of non-German origin. We have never observed the six remaining alleles described in the IPD-IMGT/HLA database (release 3.37.0) (Table 2).
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FIGURE 3. Allele frequencies of MICB. First-field-resolution allele frequencies are based on 1,201,896 samples from donors of German descent. Alleles contributing to a cumulative allele frequency of 99.5% are shown against a colored background and allele frequencies below 0.004 are additionally plotted in an inlay. If ambiguities exist, allele groups are used (#) and the ambiguity is described in Table 1.





DISCUSSION

The regulation of NK/T cell activation is an elaborate interplay between several receptors and their associated ligands. To further add another layer of complexity, receptors like KIR or ligands like MICA/B exist in a variety of distinct alleles with varying effects on NK/T cell activity (6, 39). A comprehensive sequencing study of the MHC complex indicated that the sequence of MICA is more diverse than the sequence of HLA-DQB1 or HLA-DPB1, but the number of named MICA alleles is much lower (6, 10). And even though MICA/B do not present antigenic peptides like the classical HLA class I genes, matching of MICA/B between patient and donor has been reported to improve outcome and reduce acute and chronic graft-vs.-host disease in hematopoietic stem cell transplantation, especially in partially matched scenarios (30, 31, 40). Translation of these findings into clinical practice is, amongst others, hampered by the lack of MICA/B genotyping data. Hence, we present a workflow to genotype both MICA and MICB with a mean throughput of over 20,000 samples per week. To date, we have processed more than two million donor samples.

Based on 1.2 million samples of German origin we identified MICA*008 as the most common MICA allele (42.3%), followed by MICA*002 (11.7%) and MICA*009# (8.8%). This is concordant to previous studies which present allele frequencies between 43 and 55% for MICA*008, 8–14% for MICA*002 and 4–8% for MICA*009 in European/American populations (7–9). Although MICA*008 is also the most common allele in China, with a frequency of about 25% it is far less abundant than in European/American populations (10, 11, 41). Since MICA*008 and other rare alleles bearing the A5.1 microsatellite marker are more prone to produce sMICA than other alleles, they are more effective in inactivating NKG2D and NK/T cell activity (15). Therefore, these alleles might contribute to the disease prevalence in different populations. Indeed, A5.1-carriers have been associated with an increased risk for several types of cancer and higher levels of sMICA seem to have a negative prognostic value for tumor patient survival (18, 27, 42–44). To reactivate a patient's NK cells, the reduction of soluble NKG2D ligands is a promising approach. Current strategies comprise the inhibition of enzymes responsible for shedding as well as blocking the cleavage sites with therapeutic antibodies. Most likely, the efficacy of some of these new drugs will be limited to certain MICA/B alleles which increases the need for reliable genotyping (18, 45).

MICB is less diverse than MICA. The most common allele MICB*005# was detected at 43.9% allele frequency in the German population. However, given the incomplete sequence coverage, our workflow cannot distinguish MICB*003, MICB*005, MICB*006, and MICB*010. Studies on Asian cohorts report allele frequencies of at least 55% for MICB*005, 3% for MICB*003 and no observations of MICB*006 or MICB*010 (10, 11, 13). Limited full gene analysis of 51 samples with MICB*005# pre-typing results indicated a similar distribution in our dataset (data not shown).

The MICB*003/005:02 ambiguity with its distinguishing bases at the beginning of exon 4 and in exon 6 is one case in which our workflow cannot differentiate between two presumably common alleles. However, an amplicon of at least 530 bp would be necessary to include the SNP at the beginning of exon 4 and to not lose sequencing information for the microsatellite region in MICA exon 5. Since this exceeds Illumina's 2 × 250 bp read length, bases at the end of exon 4 would not be sequenced, thereby creating other ambiguities. Consequently, to clearly distinguish between MICB*005:02 and MICB*003 a separate fourth PCR amplicon would be required. But given the lack of clinical data for the relevance of regions outside exons 2, 3, and 5, one might wonder if a higher resolution for MICA/B genotyping is necessary. In HLA genotyping transplantation compatible allele groups have been defined (G or P Codes) combining all alleles harboring the same sequence across the antigen recognition domain (2, 46, 47). For MICA/B, there is no similar system yet. Consequently, we do not think that it is proportionate to increase the sequencing costs for all samples without further evidence of the clinical importance of remaining ambiguities. For individual samples, genotyping results with three-field resolution can be generated using long-read sequencing technologies (48). Moreover, our amplicon strategy does not include the 5′ and 3′ UTRs of MICA/B which contain additional polymorphic positions (49, 50). Some of them influence (s)MICA/B expression which varies between different alleles (18, 51–53). However, to the best of our knowledge, there are no studies, which address the effects of donor MICA/B variations outside the exons in hematopoietic stem cell transplantation.

Although we genotyped over two million samples, we have not encountered some of the MICA/B alleles described in the IPD/IMGT-HLA database (Table 2). This may be due to several reasons. First of all, the majority of our samples are of European origin. Therefore, we might lack rare alleles occurring predominantly in other ethnicities. One example is MICB*032 which was originally isolated from an Uyghur individual (54). In other cases, initial submissions to IPD/IMGT-HLA could be erroneous. This might especially be true for the alleles that have never been independently confirmed. For example, all heterozygous positions defining MICA*005 or MICA*013 also occur in one of the two most common alleles MICA*008 and MICA*002. If those positions were not correctly phased during Sanger sequence analysis, MICA*005 and MICA*013 could have been erroneously reported. However, the sequencing of cloned PCR fragments should have prevented such errors (1, 55). Other not observed alleles, like MICA*081, MICB*011, MICB*016, or MICB*022, differ from more common alleles in only one position (56, 57). While this may reflect sequencing errors, it is more likely that the more recent submissions represent very low frequency observations as we discover on a daily basis. However, for the individual allele this may only be resolved by resequencing the original DNA which is often no longer available.

In conclusion, our workflow demonstrates that upfront MICA/B genotyping for potential stem cell donors can be performed with only minor increases in expenses and workload. So far, MICA/B informed donor selection has not yet found widespread application in clinical practice. Clearly, additional confirmatory studies would be worthwhile. However, the availability of genotyping information remains a major hurdle for the translation of new markers into clinical practice. With the MICA/B genotyping of millions of donors we provide that data to facilitate MICA/B informed donor selection.
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The impact of the highly polymorphic Killer-cell immunoglobulin-like receptor (KIR) gene cluster on the outcome of hematopoietic stem cell transplantation (HCST) is subject of current research. To further understand the involvement of this gene family into Natural Killer (NK) cell-mediated graft-versus-leukemia reactions, knowledge of haplotype structures, and allelic linkage is of importance. In this analysis, we estimate population-specific KIR haplotype frequencies at allele group resolution in a cohort of n = 458 German families. We addressed the polymorphism of the KIR gene complex and phasing ambiguities by a combined approach. Haplotype inference within first-degree family relations allowed us to limit the number of possible diplotypes. Structural restriction to a pattern set of 92 previously described KIR copy number haplotypes further reduced ambiguities. KIR haplotype frequency estimation was finally accomplished by means of an expectation-maximization algorithm. Applying a resolution threshold of ½ n, we were able to identify a set of 551 KIR allele group haplotypes, representing 21 KIR copy number haplotypes. The haplotype frequencies allow studying linkage disequilibrium in two-locus as well as in multi-locus analyses. Our study reveals associations between KIR haplotype structures and allele group frequencies, thereby broadening our understanding of the KIR gene complex.

Keywords: KIR, HSCT, haplotype frequency, donor selection, immunogenetics


INTRODUCTION

The Killer-cell immunoglobulin-like receptor (KIR) gene cluster is located on the long arm of human chromosome 19 (19q13.4). The family includes the 15 expressed genes KIR2DL1-4, KIR2DL5A, KIR2DL5B, KIR3DL1-3, KIR2DS1-5, and KIR3DS1 and the two pseudogenes KIR2DP1 and KIR3DP1 (1). KIR genes are characterized by a high level of sequence homology among different gene loci on one hand, and multi-layer complexity at the gene and haplotype level on the other hand (2, 3). The KIR gene copy number (CN) of a locus varies from 0 to 3 per haplotype (4). Each of the KIR loci displays high allelic polymorphism. One thousand one hundred ten allele variants and 543 KIR proteins have been named so far [Immuno Polymorphism Database IPD-KIR v2.9.0, December 2019 (5)]. In addition, diversity of the KIR gene region was found to be shaped in a population-specific manner through evolutionary mechanisms (6). Frequent occurrence of hybrid KIR genes (7–14), as well as events of alternative splicing of KIR genes, resulting in potentially functional receptor isoforms (15), have been described.

The high genetic complexity may be rooted in the diverse functions of KIR gene products in the human innate immune system. KIR proteins are transmembrane receptors primarily expressed by Natural Killer (NK) cells. Most KIR are located in the NK cell plasma or endosomal membrane and are known to be involved in the regulation of the immune response to viral infections and cancer or in the governance of histocompatibility during pregnancy (16–18). Bound to their corresponding ligands, which include classical and non-classical human leukocyte antigen (HLA) class I molecules, they convey activating or inhibitory signals to the NK cell (18, 19). KIR3DL1-3, KIR2DL1-3, and KIR2DL5A/B are the KIR receptors with inhibitory potential, the activating receptors are KIR3DS1 and KIR2DS1-5. The integrated signals of KIR and further NK cell receptors regulate NK cell activity between the two extremes of tolerance and killing (16). KIR2DL4 plays a special role in the KIR gene family. This receptor appears to participate in the NK-mediated control of the maternal/fetal interface during pregnancy and is probably not involved in the cancer or infection surveillance (20, 21). However, lack of the KIR2DL4 in maternal NK cells is still compatible with successful pregnancy (22).

In present-day unrelated hematopoietic stem cell transplantation (HSCT) practice, the alleles of particular HLA genes are matched between patient and stem cell donor to avoid undesired immune reactions of donor T-cells against the host organism (23–25). However, as graft-versus-host disease (GvHD) and disease relapse remain serious complications for many patients, there is an ongoing quest to identify further immunogenic factors with the potential to improve the outcome of HSCT. Since NK cells are the first lymphocytes to reconstitute in patients after HSCT (26), efforts have been made to exploit their potential to elicit a rapid and targeted immune response against remaining leukemic cells (27–32). Recent research indicates an impact of donor KIR genotype on the outcome of HSCT, but results remain controversial (33–37).

The knowledge of population-specific allelic haplotype frequencies for HLA genes of the major histocompatibility complex (MHC) offered advantages in the field of unrelated donor HSCT. For instance, all major donor search algorithms utilize HLA haplotype frequencies to estimate the probabilities for listed donors with ambiguous or incomplete HLA typing data to be a match for a specific patient (38, 39). Matching probability analyses using population-specific HLA haplotype frequencies allow targeted planning of donor center recruitment strategies (40). Beyond that, a positive impact on outcome of HSCT is proposed for the additional matching of non-HLA genes located in the MHC region via haplotype matching between patient and donor, but study results are still inconclusive (41–43).

Efficient use of KIR genes in donor selection for successful HSCT accordingly would benefit from knowledge of population-specific KIR haplotype frequencies. However, compared to HLA, KIR haplotype inference from separately typed loci is much more difficult because of the high number of possible diplotypes one unphased KIR genotype is compatible with. For example, two alleles genotyped at one KIR locus may be located either both on the same chromosome or each alone on one of the two chromosomes. These ambiguities and the high number of KIR loci lead to a large amount of possible allelic diplotypes that requires unrealistically large memory for the implementation of a conventional expectation-maximization (EM) algorithm.

A way to cope with the high number of possible allelic diplotypes per individual and to still reproduce the polymorphic nature of KIR haplotypes is to limit the underlying haplotype structure to pre-established patterns (44, 45). Previous research analyzed the haplotype structure of the KIR gene complex at various levels of resolution. Presence or absence of certain KIR loci in individuals was found not to occur at random, but to follow structural patterns. At the level of gene content (presence/absence, P/A) polymorphism, two major groups of KIR haplotypes (A and B) are described (2, 19). A and B haplotypes are characterized and distinguished by the presence of specific sets of KIR genes alongside the four “framework” genes (KIR3DL3, KIR3DP1, KIR2DL4, and KIR3DL2), flanking the centromeric and telomeric regions of the vast majority of all KIR haplotypes. KIR2DS4 is the only activating receptor encoded by A haplotypes, whereas B haplotypes carry up to 5 activating KIR. More detailed analyses of KIR haplotypes and their frequencies in different cohorts were undertaken at gene content level (45–48), copy number level (4, 14, 45, 49, 50) and at (partial) allelic resolution level (44, 48, 49, 51, 52). All studies confirmed the basic concept of A/B haplotypes, but also documented numerous deviations from these structural patterns, caused, e.g., by recombination, gene fusion, deletion, or insertion events.

In our study, we extended the method to limit haplotype structure to pre-established patterns in order to make it applicable to our data obtained by high-throughput KIR genotyping in the context of unrelated HSCT donor registration (53, 54). We applied a three-step approach to estimate population-specific KIR haplotype frequencies at allele group resolution. We analyzed the KIR genotypes in a cohort of n = 458 families in order to reduce phasing and typing ambiguities and thus the number of possible diplotypes for the n = 916 parents. Structural complexity was further confined by restricting possible haplotypes to a set of 92 previously described KIR copy number haplotypes. Haplotype frequencies were then derived using an implementation of the EM algorithm that dealt with remaining ambiguities.



MATERIALS AND METHODS


KIR and HLA Genotyping

Between October 2016 and April 2019, 2.6 million donors recruited by DKMS were KIR genotyped at allelic resolution by DKMS Life Science Lab in Dresden, Germany, using next generation sequencing methods (53, 55, 56). Genotyping comprises the HLA loci HLA-A, -B, -C, -DRB1, -DQB1, and -DPB1, the KIR loci KIR2DL1-5, KIR3DL1-3, KIR2DS1-5, KIR3DS1, KIR2DP1, and KIR3DP1, as well as ABO (57), RhD, CCR5 (58), and MIC-A/B (59). The KIR genotyping approach delivers both allele group information and copy numbers for every KIR gene (53). DNA was extracted from blood samples or buccal swabs with the informed consent of the donors.

For the analysis of KIR haplotypes, KIR genotyping results were shortened to the first three digits of the allele name, thereby merging alleles with synonymous substitutions within the coding region and non-coding mutations. Allelic ambiguities due to variations outside the typed exons (exons 3, 4, 5, 7, 8, and 9) were grouped and denoted by a trailing “c” (Supplementary Information S1). In the following, 3-digit allelic level and “c”-groups are referred to as “allele group” resolution. Since a clear distinction of genes of the loci KIR2DL5A and KIR2DL5B was not possible without sequence information on exon 1 and promoter region, we treated KIR2DL5A and KIR2DL5B as one locus. We considered 16 KIR loci in total.



Family Selection

Information on family relations is not recorded during DKMS donor recruitment. Data retrieval from the DKMS Germany donor file, demanding consistency of addresses and surnames and a minimal age difference of >20 years between parents and offspring, yielded a pseudonymized set of potential families of self-assessed German origin. The genetic relationship between potential family members was verified on the basis of the respective HLA-A, -B, -C, -DRB1, and -DQB1 typing data. A cohort of 458 HLA-confirmed families with two parents and at least one child were included into our study. Four hundred two of the families had one child, 55 had two, and one family had three children registered with the donor center (ntotal = 1,431).



KIR Data Refinement via Family Information

KIR genes of all members of our family cohort were resolved to allele group level and copy number. Knowledge of family relations was used to review KIR typing when comparison of data between parents and children revealed ambiguities or inconsistencies. For instance, in 1.6% of the 14,656 typed parental KIR loci (916 samples × 16 loci), the allele group typing results of a child apparently did not match the parental genotypes. All but 13 cases, concerning in total 10 sets of parents, could be solved by re-inspection of the sequencing data and application of the family information. The matching status of new and so far unnamed alleles between the family members (464 cases) was verified by comparison of sequencing data and was accordingly considered during haplotype inference. Families with more than one child (n = 56) permitted investigation of potential recombination events by intersecting parental haplotypes deduced via KIR genotyping data of different children.



Copy Number Haplotype Pattern Set (CNPS)

In order to reduce haplotype complexity originating from phasing ambiguities between KIR loci, only KIR genotypes that could be split into two haplotypes that met the structural pattern of 92 previously described KIR copy number haplotypes were permitted. The set of 92 KIR copy number haplotypes used as reference pattern is hereinafter referred to as CNPS. The CNPS included 12 copy number haplotypes described by Pyo et al. (48), 52 by Jiang et al. (4), 27 by Pyo et al. (50), and one by Roe et al. (14) (Supplementary Information S2). Because nomenclature of KIR haplotypes in the different publications in not consistent, we assigned a code name (column “HT code” in Supplementary Information S2) to every copy number haplotype in the CNPS which will be used below.

KIR loci KIR2DL5, KIR2DS3, and KIR2DS5 have experienced a duplication event in the past and can be found in both the centromeric and the telomeric section of particular haplotypes of the KIR gene complex (60, 61). We could not distinguish between the respective centromeric and telomeric variants of the three loci in our analysis. For copy number haplotypes from publications where KIR2DS3 and KIR2DS5 were treated as one single locus and where thus the assignment to one of the loci was ambiguous, we split the haplotype into all possible copy number forms. For example, a haplotype which specifies 2 copies of locus KIR2DS3S5 was split into three allowed copy number haplotypes: one haplotype with one copy of KIR2DS3 and KIR2DS5, each, and two haplotypes with two copies of one of the two genes and none of the other. Copy number haplotypes marked as containing hybrid or fusion gene loci by Pyo et al. (50) and Roe et al. (14) were disregarded.



Workflow

All software required for KIR haplotype frequency (HF) estimation in our approach was written in Perl 5. A schematic overview of the algorithm is shown in Figure 1. Families were analyzed in mother-father-child sets, i.e., a family with two children was analyzed in two separate family sets. Only diplotypes of the 916 parents were allowed to pass into the subsequent KIR HF estimation. Parents whose haplotypes had already counted for frequency estimation via a first family set were flagged to avoid duplication. For each of the mother-father-child constellations of our data set, all possible allele group diplotypes of mother and father were deduced. This was done by locus-wise diplotype inference and subsequent iteration of all possible allele constellations of all loci. The extensive diplotype list was then filtered with the CNPS to exclude all diplotypes that could not be explained by a pair of the allowed copy number haplotypes. In order to limit artifacts from lower-resolution typing data, we restricted the number of possible diplotypes per individual to a maximum of n = 1,000,000. Parents with more possible diplotypes after application of the CNPS were excluded from the subsequent HF estimation, unless they passed this requirement in a family constellation with another child. The most likely set of KIR HFs was finally derived from the parental diplotypes by means of an expectation-maximization (EM) algorithm (62). Haplotypes were initialized with equal frequencies prior to the start of the EM algorithm. The stop criterion, which defines the allowed maximal HF change between consecutive estimations, was set to 5*10−5. HFs were cut after a minimal frequency of f = 1/2n, with n being the number of individuals in the final haplotype estimation, corresponding to the occurrence of at least one haplotype in the sample. The resulting allele group haplotypes were attributed to the corresponding CNPS haplotypes in order to analyze the allelic diversity within the different copy number structures.


[image: Figure 1]
FIGURE 1. Simplified workflow of our haplotype frequency estimation approach. The number of 16-locus KIR diplotypes per individual is reduced by inference from a family context and subsequent filtering via a set of reference copy number haplotypes. Only diplotypes that can be explained by a pair of reference haplotypes are allowed. Remaining ambiguities are resolved in a conventional expectation-maximization (EM) algorithm. DT, diplotype; dtf, preliminary diplotype frequencies; htf, preliminary haplotype frequencies; HTF, final haplotype frequencies.


HFs were estimated both for the entire KIR gene region and separately for the centromeric and telomeric sections. In order to be able to assign the allele combinations of gene cluster KIR2DL5~KIR2DS3~KIR2DS5 to a centromeric or telomeric location, we included these genes in both estimations of partial KIR HFs.

The approach to reduce the ambiguous nature of the KIR gene complex by means of the CNPS also permits the imputation of allelic haplotypes from large cohorts of individuals without a family context. In order to investigate the additional benefit of phase resolution via family affiliation, allele group diplotypes of all 916 parents of our cohort were determined in a separate workflow without the phasing knowledge of their families. Filtering of the diplotypes via the CNPS and estimation of the allele group KIR HF by the EM algorithm was carried out according to the family workflow described above.



Linkage Disequilibrium

The linkage disequilibrium (LD) coefficient D' was calculated from the entire HF set (before cut below f = 1/2n) for any two-locus combination (63, 64). Significance was tested with Fisher's exact test. P-values were subjected to a Holm-Bonferroni correction for multiple testing. Multi-locus LD analysis was conducted using the normalized entropy difference ε between the observed HFs and those expected under the null hypothesis of linkage equilibrium (64, 65). The value of ε ranges between 0 and 1, with larger values indicating stronger LD. An absent locus (“NEG”) was treated as one allele variant.




RESULTS


KIR Genotyping Resolution of the Family Cohort

91.8% of the 22,896 (1,431 donors × 16 loci) typed loci in our final KIR family data set were determined to allelic resolution, absence, or allele group level. Of this share, 74.7% of the identified copy number equivalents were resolved to allelic level, 21.5% to absence of the locus and 3.8% to broader allele groups, where remaining ambiguities impeded the differentiation between two or more alleles.

The remaining 8.2% of the 22,896 typed loci carried ambiguities either due to unknown phasing of the typed exons (e.g., KIR2DL1*003c + KIR2DL1*004|KIR2DL1*006 + KIR2DL1*010) or to uncertain copy number determination (e.g., KIR2DL3*001 + KIR2DL3*002| KIR2DL3*001 + KIR2DL3*001 + KIR2DL3*002), allowing for multiple valid allele (group) pairs.



Parental Cohort

In the final analysis, KIR data of 790 of the 916 parents was used to estimate HFs of the entire KIR gene region. The 790 individuals originate from 403 of the 458 families. Both parents were included into the HF estimation for 387 families, 16 further families contributed one parent, each.

Reasons for exclusion from the final analysis set were: 97 parents (10.6%) were excluded because no combination of the allowed 92 copy number haplotypes could explain the deduced diplotypes. Twenty parents (2.2%) were excluded because of mismatching to all of their potential children in one KIR locus (nine families) or two KIR loci (one family). Seven further parents (0.8%) were excluded because the number of possible diplotypes after the filtering step exceeded the threshold (n = 1,000,000) of possible KIR diplotypes per individual. Finally, both parents (0.2%) of one family were omitted because the respective diplotype estimations on the basis of the KIR data of two children showed no intersection, but indicated a possible recombination event in the father's chromosomes (Supplementary Information S3). In this case, comparison of the father's different haplotype sets derived from two children revealed an exchange in alleles in locus KIR3DL3.

Consideration of only centromeric or telomeric genes for KIR haplotype estimation in the family context allowed the inclusion of more parents. HFs were calculated from KIR data of 838 (876) individuals for the centromeric (telomeric) loci. The number of individuals excluded because no combination of valid CNPS haplotypes could explain the diplotypes decreased to 6.6% (3.5%). Omission because of mismatching was reduced to 1.7% (0.7%), None of the parents were excluded due to high numbers of possible diplotypes.

When we deduced allele group diplotypes of the 916 parents for the entire KIR gene region without the phasing knowledge of the family relations, the parental cohort that could be included was considerably smaller. Applying the same filtering and configuration values as in the family approach, KIR data of only 438 (47.8%, compared to 790 or 86.2% in the family calculations) individuals passed into the HF estimation. On the one hand, only 6 individuals (0.7% vs. 10.6% in the family approach) were omitted because no valid combination of the reference copy number haplotypes could explain their diplotypes. On the other hand, however, the number of possible diplotypes exceeded the threshold of n = 1,000,000 in 473 parents (51.6 vs. 0.8% in the family approach), demonstrating the efficiency of ambiguity reduction via family information.



KIR Haplotype Frequencies for the Entire Gene Region

KIR HF estimation for the data of the 790 parents resulted in 551 different KIR allele group haplotypes with f ≥ 1/2n, corresponding to a frequency sum of 90.8% (Figure 2, Supplementary Information S4). The 20 most frequent allele group KIR haplotypes are listed in Table 1 and comprise a cumulated frequency of 26.0%.


[image: Figure 2]
FIGURE 2. Frequency distribution of the 551 allele group KIR haplotypes above the resolution threshold of f = 1/2n. Blue bars: haplotype frequencies; red line: cumulated frequency; dashed black line: haplotype rank 84 with 50% cumulated haplotype frequency.



Table 1. Top 20 allele group KIR haplotypes ranked by their respective frequencies.
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Of the 92 permitted reference copy number haplotypes, only 21 are represented in the 551 estimated allele group haplotypes. Table 2 shows identity and frequencies of these CNPS haplotypes. Where the assignment was possible, the A/B haplotype nomenclature established by 48 is indicated. The most frequent of the CNPS haplotypes is P10_01 (cA01~tA01) with f = 59.6%.


Table 2. List of the 21 KIR copy number haplotypes represented in the 551 allele group KIR haplotypes above the resolution threshold and their frequencies.
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Allelic Diversity

We attributed the allele group haplotypes to the respective copy number haplotypes in order to analyze the allelic diversity within the different copy number structures (Supplementary Information S5). However, due to the different frequencies of the copy number haplotypes and thus the different chances to detect allelic diversity, observations in our dataset can only be seen as indications of patterns. For the analysis, we considered only eight copy number haplotypes with a frequency of f ≥ 1% (Table 2). The number of allele group haplotypes per copy number haplotype varies between 8 and 318, with a clear positive correlation between copy number HF and the number of allele group haplotypes. All eight copy number haplotypes are combinations of only three centromeric (cA01, cB01, and cB02) and two telomeric (tA01 and tB01) motifs (in the nomenclature introduced by Pyo et al. (48).

Figure 3 shows for each KIR gene the allele frequencies overall and for each copy number haplotype. Marked differences in overall allelic variability can be observed between the different genes with the highest diversities in the two outermost framework genes KIR3DL3 (n = 29 named alleles) and KIR3DL2 (n = 17), as well as in KIR3DL1 (n = 14). Allelic variability and identity within one locus, however, depends clearly on the respective haplotype motif. Essentially, A haplotype motifs have a higher allelic diversity than B haplotype motifs in both, the centromeric and the telomeric KIR section. In addition, the different structural motifs also correlate with different alleles. For example, in locus KIR3DL2, tB01 haplotypes (P10_02, _03, _06, _07, and _10) are clearly dominated by allele *007 with allele frequencies between 65.0 and 100%. tA01 haplotypes (P10_01, _04, and _08), in contrast, have a much higher allelic variability in KIR3DL2 where allele *007 only reaches a maximum frequency of 0.4%. Similar patterns can be seen in all framework genes and in genes KIR2DP1 and KIR2DL1, which are present in both, A and B haplotypes.


[image: Figure 3]
FIGURE 3. Allele group frequencies per KIR gene. Displayed are, for each of the 16 KIR genes, the allele frequencies for the estimated allele group KIR HF overall (total) and for the 8 CNPS haplotypes with a frequency of f ≥ 1%. The proportion of absence of the respective gene is indicated as “NEG” in light gray. The centromeric or telomeric haplotype structure of the respective CNPS haplotypes in A/B haplotype nomenclature according to Pyo et al. (48, 50) is indicated in brackets in the labeling of the diagram axes.


The allocation of allele group haplotypes to the copy number haplotypes also reveals conserved allele combinations. For instance, the partial haplotype KIR2DL2~KIR2DL3~KIR2DL1 that exhibited linkage disequilibrium also in the LD analysis (see below) displays an interesting pattern of allelic distribution. cB1 haplotypes (P10_04, _06, and _07) are almost exclusively populated with allelic haplotype block 001~NEG~004, while cA01 haplotypes (P10_01, _02, and _03) are dominated by allele group combinations NEG~001~003c and NEG~002~001c. Allele *003 prevails in cB02 haplotypes (P10_08 and _10) with only KIR2DL2 present. A second example is the gene cluster KIR2DL5~KIR2DS3~KIR2DS5. Our typing method does not allow the unambiguous assignment of this gene cluster to a centromeric or telomeric localization. However, the allele distribution of these genes in the different copy number haplotypes clearly reflects a conserved linkage of certain allele group combinations that reveal the position of the cluster in the KIR gene region. On the one hand, P10_04 (cB01~tA01), representing a centromeric localization of the cluster, is almost exclusively composed of KIR2DL5*002c~KIR2DS3*001c. A very small fraction of KIR2DS3 alleles is “NEW”. On the other hand, tB01, the common haplotype structure of P10_02, P10_03, and P10_10, is known to include a telomeric KIR2DL5~KIR2DS3~KIR2DS5 gene cluster. While the exclusive allelic composition in CN haplotypes P10_03 and P10_10 in our data is 2DL5*001c~2DS5*002, P10_02 carries either of the two combinations 2DL5*002c~2DS3*002 and 2DL5*002c~2DS3*003N. The conserved centromeric and telomeric allele combinations in our data set are listed in the Supplementary Information S6.



Linkage Disequilibrium

LD coefficient D' was calculated for all two-locus haplotypes. Altogether, 368 pairs with significant deviation from equilibrium were identified (Supplementary Information S7), 129 of them with positive D'. In a large number of the significant cases of LD, one or both of the “alleles” is the absent locus. Thirty-two pairs of actual alleles in significant LD with D'≥ 0.9 and a HF of f ≥ 0.1 are listed in Table 3. Eleven of the pairs map to the centromeric section of the KIR gene complex, 18 to the telomeric section. The three pairs including loci KIR2DL5 and KIR2DS5 show close linkage to KIR2DL4 and thus are probably located on the telomeric part of the KIR gene cluster.


Table 3. 2-locus linkage disequilibrium.
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Figure 4 shows the LD between the 16 analyzed loci of the KIR complex. The normalized entropy difference ε indicates a linkage disequilibrium within the designated centromeric and telomeric parts of the KIR gene complex, but much less between the two parts. For the pair of the two inner framework genes KIR3DP1 and KIR2DL4, the value is close to equilibrium (ε = 0.07). The highest telomeric LD (ε = 0.42) is found for the loci KIR3DL1 and KIR2DS4. In the vast majority of haplotypes, amongst others in the by far most frequent copy number haplotype P10_01(cA01~tA01), those two loci are adjacent and either both present or both absent. In addition, KIR3DL1 is in LD with framework gene KIR2DL4 (ε = 0.38), and KIR2DL4 with KIR2DS4 (ε = 0.39). In the centromeric stretch, the highest LD (ε = 0.37) is found for KIR2DS2 and KIR2DL2, two adjacent and usually concurrent loci. A further block of linkage disequilibrium is formed by loci KIR2DL3, KIR2DP1, and KIR2DL1 (0.32 ≤ ε ≤ 0.36). The three loci KIR2DL5, KIR2DS3, and KIR2DS5 play a special role in the multi-locus LD analysis since our typing method does not allow the separation of KIR2DL5A and KIR2DL5B and thus the direct assignment of the KIR2DL5~KIR2DS3~KIR2DS5 cluster to centromeric or telomeric position on the chromosome. The linkage analysis reveals LD for the two pairs KIR2DL5~KIR2DS3 (ε = 0.32) and KIR2DL5~KIR2DS5 (ε = 0.30), while the two loci KIR2DS3 and KIR2DS5 are almost in linkage equilibrium (ε = 0.01). Overall, the linkage of the three genes of this cluster is higher to loci of the telomeric than to loci of the centromeric region. KIR2DS5 shows no linkage to genes of the centromeric KIR region at all. This is consistent with the conserved centromeric and telomeric allele combinations observed for the KIR2DL5~KIR2DS3~KIR2DS5 cluster, according to which KIR2DS5 is not present in centromeric position.
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FIGURE 4. Overall linkage disequilibrium of 16 KIR loci in genomic orientation as designated by the normalized entropy difference ε. The value of ε ranges between 0 and 1, with larger values indicating stronger LD. Values of ε are displayed in the tiles.




Assignment of KIR2DL5~KIR2DS3~KIR2DS5 to Centromeric or Telomeric Position on the Haplotype

The analysis of the allelic diversity of different copy number haplotype structures revealed the association of conserved allele combinations of gene cluster KIR2DL5~KIR2DS3~KIR2DS5 with its localization on the chromosome (Supplementary Information S6). We applied this information to assign centromeric and telomeric positions of the gene cluster in our KIR HFs.

Of the 551 KIR allele group haplotypes, 164 contained the respective genes in a total of 11 different combinations. In 96.3% of the cases, the localization of the KIR2DL5~KIR2DS3~KIR2DS5 genes could be assigned unambiguously. Six cases in two allele combinations included “NEW” alleles in KIR2DS3. For these cases we deduced the position of the clusters in the context of the overall haplotype structure. KIR HFs for the entire gene region with inferred localization of gene clusters KIR2DL5~KIR2DS3~KIR2DS5 are shown in the Supplementary Information S8.



Frequencies of Partial KIR Haplotypes

Estimation of KIR HFs of the centromeric gene region from KIR data of 838 parents resulted in 323 different allele group haplotypes with f ≥ 1/2n (frequency sum 97.1%), representing 22 partial copy number haplotypes (Supplementary Information S9). Frequency of the three structural haplotypes cA01, cB01, and cB02 reached a total of 92.8%. Assignment of cluster KIR2DL5~KIR2DS3~KIR2DS to the centromeric haplotypes was deduced as described above. Interestingly, the partial HFs of the centromeric KIR genes reveal an additional allele combination of the KIR2DL5~KIR2DS3~KIR2DS5 cluster. One haplotype with the combination KIR2DL5*019B~ KIR2DS5*008 was found, the only centromeric occurrence of KIR2DS5 in our study. Its frequency (f = 5.97*10−4) indicates a unique occurrence of the haplotype in our sample.

Accordingly, telomeric KIR HFs, including KIR data of 876 parents yielded 146 allele group haplotypes with f ≥ 1/2n (frequency sum 98.8%). Only 12 partial copy number haplotypes were represented. The frequency of copy number haplotypes tA01, tB01 (KIR2DS3 present), and tB01 (KIR2DS5 present) added up to 96.8% (Supplementary Information S10).




DISCUSSION

We present allele group KIR haplotypes estimated from 790 parents of a cohort of n = 403 German families. The restriction of haplotype structures to a set of copy number haplotypes from previous publications enabled us to cope with the enormous structural ambiguities of the KIR gene complex. Deducing diplotypes within the context of families allowed us to further reduce the number of possible diplotypes per individual. Our approach yielded a set of 551 allele group KIR haplotypes, representing 21 of the 92 CNPS haplotypes.

The results of our study are in good accordance with two other studies on allelic KIR haplotypes. A table comparing our Top20 haplotypes with findings of Vierra-Green et al. (44), Hou et al. (52) can be found in the Supplementary Information S11. Both former studies inferred their allelic HFs from cohorts of European ancestry without a family context and did not include information on the polymorphism of the pseudogene loci KIR2DP1 and KIR3DP1 in their haplotype determination. Haplotype structures were restricted to smaller reference sets of content haplotypes.

Nineteen of our Top 20 allele group KIR haplotypes correspond to allelic haplotypes published by Vierra-Green et al. (44). For the most frequent haplotype in both studies, KIR3DL3*003~KIR2DS2*001c~KIR2DL2*003~KIR3DP1*001c~KIR2DL4*001~KIR3DL1*002~KIR2DS4*001c~KIR3DL2*002c, we estimated a frequency of f = 0.0290, while Vierra-Green et al. determined f = 0.0306. During comparison of the allelic haplotypes it became apparent that several haplotypes in Vierra-Green et al. carried allele KIR2DS4*007 which never occurred in our haplotype set. Analysis of the sequence provided a potential explanation: KIR2DS4*007 differs from KIR2DS4*010 only in the first base of exon 4. As KIR2DS4*010 was not listed in the IPD-KIR database before version 2.2.0 (May 2010), this allele may not have been included in allele typing and interpretation of the former study. Our typing routine distinguishes between the two alleles and we find almost exclusively KIR2DS4*010 in our donors.

In a study published by Hou et al. (52), the centromeric and telomeric stretches of the KIR gene complex were analyzed separately and allelic haplotypes were grouped into different consensus structures. Our estimated allele group KIR haplotypes are in good agreement with their findings (Supplementary Information S7). The centromeric parts of 19 of our Top 20 allele group haplotypes were also described by Hou et al. They could be assigned to four of the five postulated centromeric consensus structures. In the case of the telomeric part, 18 of our Top 20 allele group haplotypes were described in the previous study. They account for 7 out of 8 suggested telomeric haplotype structures.

The comparison of our results to KIR haplotype data of non-European individuals shows clearly less similarities. A recent study on HLA and KIR diversity in individuals from African populations reveals differences in the KIR HFs between the seven populations from Western, Central, and Eastern Africa (66). The African haplotypes furthermore show a different allelic distribution than those of our German cohort. Some of the alleles show exclusive occurrence in one of the geographically distinct cohorts. Alleles 3DL3*001 or 3DL1*002, which are, for example, frequent in our sample, were not observed in the African samples. Vice versa, the African cohorts contain frequent alleles that are not found in our German haplotypes, e.g., 3DL3*005 or 3DL1*017. The centromeric part of only seven and the telomeric part of 10 of our Top 20 allele group haplotypes are present in the African cohorts.

Two levels of linkage are visible in our LD analyses. On the one hand, observed LD in pairs of KIR loci clearly reflect the structural constraints of KIR haplotypes by echoing proximity of loci as given in the different CNPS haplotypes. On the other hand, the linkage of certain allele groups within these structural constraints indicates a non-stochastic distribution of alleles to particular haplotypes. The low deviation from linkage equilibrium between genes of the centromeric and the telomeric gene stretch supports the assumption of a recombination hot spot between KIR3DP1 and KIR2DL4. Our findings on LD confirm data from previous research (44). Our set of 32 allele group LD pairs includes 20 of the 26 two-allele haplotypes that showed significant LD in the former study.

The genetic linkage of alleles within given haplotype structures reflected in the LD analysis is confirmed when allele group haplotypes are clustered by their underlying copy number haplotype. The analysis reveals two interesting results: First, allelic variability in our cohort is found to be higher in A than in B haplotypes. This observation agrees with previous descriptions (48) and is also in accord with findings of lower overall allelic diversity in the activating compared to the inhibitory loci (44, 53). And second, we observe conserved allelic correlations specific to five distinct centromeric and telomeric haplotype motifs (cA01, cB01, cB02, tA01, and tB01). The detected differences in allelic variability and the correlation of certain alleles to A and B haplotype motifs also comprises the framework genes. These results indicate a KIR gene inheritance in closely linked blocks with a recombination hot spot between the genes KIR3DP1 and KIR2DL4. The very particular allelic linkage within the KIR2DL5~KIR2DS3/2DS5 haplotype enabled us to assign this gene cluster to centromeric or telomeric position in our KIR haplotypes even though our typing method did not allow a differentiation between the two loci KIR2DL5A and KIR2DL5B. Beyond that, the observed allele group haplotype patterns of the telomeric and centromeric KIR2DL5~KIR2DS3/2DS5 clusters correspond to those described in previous publications on individuals of European ancestry (52, 60).

The knowledge of family relations in our cohort substantially reduced the number of possible diplotypes per individual. This had two consequences. First, it increased the number of individuals who were excluded from the KIR HF estimation due to the absence of a valid combination of CNPS haplotypes that explained their diplotypes. This demonstrates, on the one hand, the incompleteness of our used CNPS haplotype list. On the other hand, it reveals the limitation of KIR HF estimation without family context, where, in consequence, the same KIR genotypes were described with at least one incorrectly assigned pair of CNPS haplotypes. And second, the reduced number of possible diplotypes per individual provided a reasonable basis for a successful execution of an EM algorithm. Apart from reducing phasing ambiguities, the family context further offers the potential to detect typing inaccuracies and recombination events that would remain hidden otherwise.

Given the multiple constraints we applied to our KIR data in order to estimate allele group KIR HFs, several sources of possible bias to our results have to be considered. One important bias may be caused by the restriction of KIR haplotypes to a limited copy number pattern set. For 10.6% of the parents in our cohort, the deduced diplotypes could not be explained by a pair of haplotypes from the CNPS, indicating further KIR complexity on the copy number level and the need for extension of the CNPS. The estimation of partial (centromeric and telomeric) haplotypes of the same cohort led to a reduction of this percentage of excluded individuals. This indicates that the missing structural diversification of the pattern haplotypes is mostly limited to variation in sub-ranges of the KIR gene complex. Thorough analysis of the diplotypes of the excluded individuals by alternative typing methods beyond the routine high-throughput KIR genotyping in the context of unrelated HSCT donor registration (53) will be of great importance for the future refinement of our approach. Such extended analyses could also detect hybrid genes that are not described in the IPD-KIR database to which our routine typing method is blind, but go beyond the scope of the present study. Further bias may be introduced by sequencing or sequence interpretation errors. However, the impact of this potential bias should be minimal with our approach because the low overall error rate of the NGS high throughput platform was further reduced by verification of the KIR data within the families. The accuracy of the high throughput KIR analysis in a curated sample was found to exceed 99% (53). In the 13 remaining cases of mismatching loci and one presumable case of recombination in our cohort, where typing errors could not be excluded as a cause without re-typing of the respective family members, parents were excluded from the HF estimation. Moreover, the restriction of the cohort to individuals with German origin needs to be treated with some caution. This information was collected via self-assessment of the volunteer stem cell donors during the registration process. The perception of the term “origin” is quite individual (67) and in many cases it is simply difficult to describe an individual's origin by means of one single country code. Finally, family lineage was not known for the individuals of our cohort but deduced from concordance of surname and address and a defined age difference between presumed parents and offspring. However, the verification of genetic relationship via the HLA genes and exclusion of families with any mismatching loci in the KIR genes from the final HF estimation should compensate for lack of direct family information.

In conclusion, our approach yielded a set of 551 allele group KIR haplotype frequencies from a German cohort that is in good accordance with results from other groups. We provide additional data on the diversification of KIR haplotypes by inclusion of allelic polymorphisms of pseudogenes KIR2DP1 and KIR3DP1. The use of family information during diplotype deduction allowed the exclusion of incorrect phasing variants. Our KIR haplotype frequencies reveal relations between KIR copy number haplotypes and allele frequencies, which will be a valuable basis for future research. The application of this approach, e.g., to larger cohorts of different ethnic origin, will further broaden our knowledge and understanding of the very complex nature of the KIR genes.
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Inhibitory Killer-cell Immunoglobulin-like Receptors (KIR) specific for HLA class I molecules enable human natural killer cells to monitor altered antigen presentation in pathogen-infected and tumor cells. KIR genes display extensive copy-number variation and allelic polymorphism. They organize in a series of variable arrangements, designated KIR haplotypes, which derive from duplications of ancestral genes and sequence diversification through point mutation and unequal crossing-over events. Genomic studies have established the organization of multiple KIR haplotypes—many of them are fixed in most human populations, whereas variants of those have less certain distributions. Whilst KIR-gene diversity of many populations and ethnicities has been explored superficially (frequencies of individual genes and presence/absence profiles), less abundant are in-depth analyses of how such diversity emerges from KIR-haplotype structures. We characterize here the genetic diversity of KIR in a sample of 414 Spanish individuals. Using a parsimonious approach, we manage to explain all 38 observed KIR-gene profiles by homo- or heterozygous combinations of six fixed centromeric and telomeric motifs; of six variant gene arrangements characterized previously by us and others; and of two novel haplotypes never detected before in Caucasoids. Associated to the latter haplotypes, we also identified the novel transcribed KIR2DL5B*0020202 allele, and a chimeric KIR2DS2/KIR2DL3 gene (designated KIR2DL3*033) that challenges current criteria for classification and nomenclature of KIR genes and haplotypes.

Keywords: copy-number variation, genes, haplotypes, KIR, NK cells, polymorphism


INTRODUCTION

Human killer-cell immunoglobulin-like receptors (KIR) are a diverse and polymorphic family of glycoproteins that convey inhibitory or activating signals to subpopulations of NK and T lymphocytes upon recognition of their ligands, mainly HLA class I allotypes (1). In coordination with multiple other activating and inhibitory receptors for HLA class I and non-HLA molecules, KIR regulate the function of cytotoxic lymphocytes, providing them with a capacity to sense modifications of HLA expression on potential target cells (2, 3).

KIR repertoires expressed by NK cells of different individuals display a conspicuous phenotypic and functional diversity, genetically determined in its greatest part. KIR are encoded in a ~100–250 Kbp complex on chromosome 19q13.4, where variable combinations of 15 KIR genes and 2 pseudogenes arrange in a head-to-tail orientation, separated by intergenic regions of only ~2.5 Kbp (4). Another ancestral gene, KIR3DX1 (5), lays ~178 Kbp upstream of the KIR complex, in the middle of the LILR-LAIR gene cluster (Figure 1).


[image: Figure 1]
FIGURE 1. Centromeric and telomeric KIR-gene haplotypes commonly observed in Caucasoids, and their linkage disequilibrium in Spanish individuals. Positive and negative relative linkage disequilibrium values are represented with red and gray arrows, respectively. Dotted lines indicate non-statistically significant LD, whilst thickness of solid lines indicates the level of statistical significance (p < 0.05/0.01/0.0001). Conserved “framework” genes are represented as solid boxes. Genes and intergenic spaces are not depicted to scale.


The KIR complex is extremely diverse due to allelic polymorphism and gene copy-number variation (CNV). Only three “framework” regions of the KIR complex are relatively well-conserved in their gene content: the genes at the 5′ and 3′ ends (KIR 3DL3 and 3DL2, respectively), and a central cluster formed by KIR 3DP1 and 2DL4. These framework KIR genes define the limits of two intervals, centromeric (5′) and telomeric (3′), containing variable combinations of the other genes (4, 6–10). Certain gene arrangements or “motifs” are particularly common within each of those intervals (Figure 1); in turn, the different centromeric and telomeric gene motifs are seen in any combinatorial association, possibly owing to a recombination hot-spot between KIR 3DP1 and 2DL4.

Restriction-fragment length polymorphism studies published in 1997 sorted KIR genotypes into categories “A” and “B,” based on variable presence of a 24 Kbp-long HindIII band, later shown to derive from the KIR2DL5 gene (11, 12). This definition was then refined and adapted (13), so that “A haplotype” now officially designates a nearly fixed combination of seven genes and pseudogenes, encoding the HLA-C-specific KIR 2DL3 and 2DL1 in the variable centromeric interval, and 3DL1 and 2DS4 in the telomeric one. In contrast, “B” designates collectively a vast array of haplotypes bearing any additional KIR gene (even when they also have, as it often happens, parts of an A haplotype). Of immunologic relevance, the “A” haplotype encodes inhibitory KIR for all known HLA ligands; and, at most, a single activating KIR expressed on the NK-cell surface, KIR2DS4 being often represented by an aberrant allele (14). In contrast, “B” haplotypes are distinguished by one or more of the following features: they encode several activating KIR; lack one or more genes for the aforementioned inhibitory KIR; and/or carry KIR2DL5, of uncertain biological role (15). This diversity appears to influence many human health conditions (16).

Certain neighbor KIR genes tend to appear strongly linked in the same haplotype. Noteworthy among those is the pair formed by KIR 2DL5 and either 2DS3 or 2DS5, these being inherited like allotypes of the same locus (17). This KIR 2DL5–2DS3/S5 cluster duplicated and diversified jointly during human evolution, and is seen on either or both of the centromeric or the telomeric intervals of many B haplotypes (8, 15, 17, 18). Existence of two such long and highly similar stretches of sequence favored further asymmetric recombination between the paralogous regions. This resulted in expanded and shortened haplotypes bearing tandem duplications or deletions of the intervening genes, as shown by us and others (9, 10, 15, 19–24). Additional consequences of asymmetric recombination are novel fusion genes encoding chimeric KIR that blend structural and functional features of their parent receptors.

Initial studies of human KIR genotypes faced this vast polymorphism without previous knowledge of the structure and forms of variation of the KIR-gene complex, revealing multiple KIR-gene and allele profiles in different individuals, which could give a false impression of randomness (11, 25). Order, in the form of knowledge on common and variant patterns of association between KIR genes and alleles, emerged from subsequent studies of population groups and families; and from phasing and physical mapping of partial and complete KIR-gene haplotypes by DNA sequencing (4, 6–10, 26–29). Those studies were complemented by others focused on estimation of CNV and allelic diversity (23, 24, 30–39). In parallel, KIR-gene profiles were studied in many healthy and diseased populations and ethnic groups worldwide (40). However, many those population studies have benefited surprisingly little from knowledge gained in the last years on the structure and patterns of variability of the KIR gene complex, and, for many human populations, only collections of KIR-gene profiles and superficial analyses of the basic variations are available. Here, we have applied current knowledge of KIR-gene arrangements to a comprehensive analysis of the gene profiles observed in a European Mediterranean population.



MATERIALS AND METHODS


Samples

Genomic DNA was isolated using standard methods from peripheral blood or mononuclear cell (PBMC) suspensions, obtained by Ficoll-Hypaque density gradient centrifugation (Lymphoprep, Axis-Shield PoC AS, Oslo, Norway), from 414 unrelated voluntary donors recruited in our centers in Madrid and Barcelona, mostly of Caucasoid origin; only known exceptions were two donors of mixed Hispanic/Amerindian ancestry, neither of whom contributed novel or variant gene profiles. Complementary DNA was synthesized with the AffinityScript Multiple Temperature cDNA Synthesis Kit (Agilent Technologies, Santa Clara, CA, USA) from 400 ng of total RNA, extracted from PBMCs of selected donors using the RNeasy Plus Mini kit (Qiagen GmbH, D-40724, Hilden, Germany).



KIR Genotyping

KIR genes, structural variants of KIR 2DS4, 2DL5, and 3DP1, and the hybrid alleles 2DS2*005 and 3DP1*004 were typed by PCR with sequence-specific primers (SSP), as previously described (22, 41–43). Non-standard KIR-gene profiles were confirmed utilizing a commercial reverse oligonucleotide probe-hybridization method based on the Luminex xMap Technology (LabType SSO Test, One Lambda Inc., Canoga Park, CA). To verify presence of an expanded haplotype in a 3DP1*004−ve donor, existence of three KIR3DL1/S1 alleles was verified by sequence-based typing of exons 3–5 in two overlapping amplicons. Each of these was generated with Advantage-2 polymerase (BD-Clontech, Palo Alto, CA, USA) and primer mixes F153/Rt624 (5′–tggtcaggacaarccctt−3′, exon 3; 5′–aggtccctgcaagggcaa−3′, exon 4) or Fg539/Rc959 (5′–acttctttctgcacaaagagg−3′, exon 4; 5′–cmactcgtagggagagtg−3′, exon 5). PCR conditions were: 1 min at 95°C, then 10 cycles of 30 s at 94°C, 30 s at 64°C and 120 s at 72°C; 20 cycles of 30 s at 94°C, 30 s at 60°C and 120 s at 72°C; final elongation of 10 min at 72°C. Exon sequences were determined using internal primers (not shown). To assess presence of a KIR3DL1/L2 chimera (3DL1*060) (44, 45), its third through fifth and seventh through ninth exons were amplified separately using, respectively, primer mixes Fi2c−201/Ri5+305 (5′–tctagtaagagttgcttctc−3′, intron 2; 5′–atgggcttctgggaaatgga−3′, intron 5); and Fi6g−235/Ra1461 (5′–gagaaagcaggagaaagctg−3′, intron 6; 5′–gttcattggatctggcaacct−3′, exon 9). PCR conditions were: for exons 2–5, 2 min at 95°C; 5 cycles of 30 s at 94°C, 30 s at 60°C and 90 s at 72°C; 25 cycles of 30 s at 94°C, 30 s at 56°C and 90 s at 72°C; and 7 min at 72°C; and for exons 7–9, 2 min at 95°C, 5 cycles of 30 s at 94°C, 30 s at 66°C and 90 s at 72°C; 25 cycles of 30 s at 94°C, 30 s at 62°C and 90 s at 72°C; and 7 min at 72°C. Genotyping was submitted on a regular basis to the external proficiency tests organized by the UCLA Immunogenetics Center (International KIR DNA exchange) to ensure its sensitivity, specificity and consistency, by means of comparison with the results obtained by other labs on samples distributed by the provider.



Haplotype Assignment

Centromeric and telomeric KIR-gene arrangements were inferred in each individual by comparing their gene profile with the common and well-characterized haplotypes shown in Figure 1, assuming as few atypical or unknown combinations as possible. In particular, with the exceptions mentioned in the Results section, the following general assumptions were made, based on previous physical mapping and family segregation analyses, and on linkage disequilibrium (LD) between genes, confirmed in our samples using PHASE v2.1 software (46, 47) (results not shown): (i) KIR 2DP1-2DL1, and 3DL1-2DS4 are fixed blocks in complete linkage. (ii) Full and deleted 3DP1 variants mark cen-B2 and cen-A/cen-B1 haplotypes, respectively. (iii) Members of pairs 3DL1/3DS1, and 2DL3/2DL2 behave as alleles of the same locus. (iv) Similarly, 2DS3 and 2DS5 were considered allotypes of a duplicated locus, associating invariably with 2DL5. (v) The duplicated 2DL5-2DS3/S5 cluster was assigned to the centromeric or the telomeric sides, or both, according to presence or absence of adjacent genes: 2DS2-2DL2 and 2DP1-2DL1 (centromeric); and 3DS1 and 2DS1 (telomeric). (vi) Ambiguities derived from the latter rule were solved by 2DL5 subtyping and taking into account the fixed associations of 2DL5A*001 with 2DS5 and 2DL5A*005 with 2DS3 in tel-B1 and tel-B2 haplotypes, respectively (15, 41); besides those of 2DL5B with 3DP1*003 and centromeric forms of 2DS3 (or, rarely in Caucasoids, 2DS5). As shown in Figure 2, and detailed in Results, KIR gene profiles not fitting with these rules were then compared with contracted and expanded haplotypes described in detail by us and others, and presence of these or new arrangements was verified, when appropriate, by genotyping characteristic traits, such as hybrid genes, or characterized by de novo sequencing. Complete haplotypes were assigned only when linkage in cis of centromeric and telomeric motifs was unambiguous; a common ambiguity was presence of two different motifs on both the centromeric and the telomeric intervals, circumstance in which no complete haplotypes were assigned. Relative linkage disequilibrium (D′) between common centromeric and telomeric haplotypes, and its statistical significance were estimated with CubeX (48).
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FIGURE 2. Flowchart for haplotype estimation from KIR-gene profiles.




Characterization of KIR2DL3*033

A new KIR2DS2/2DL3 hybrid was identified by sequencing a partial genomic fragment amplified with primers for exons 5 and 9 (details available upon request). To fully characterize the new hybrid KIR, 2DL3*033, we amplified its complete gene by long-range PCR, using Advantage-2 polymerase mix; forward primer LFc−444 (5′–gctattctgatgcctctggtttagtac−3′), which recognizes a sequence conserved 5′ of most KIR, but not in previously known 2DL3 alleles; and the reverse primer LRt1375 (5′–caggagacaactttggatca−3′), specific for a stop codon unique of 2DL3. PCR conditions were: 2 min at 95°C; 5 cycles of 20 s at 94°C, 30 s at 68°C and 15 min at 72°C; 30 cycles of 20 s at 94°C, 30 s at 64°C; and 15 min at 72°C. The ~14-Kbp amplicon, spanning from the 5′UT region to the stop codon, was sequenced with internal primers. Confirmatory sequences for the KIR2DL3*033 stop codon and its new polymorphisms in introns 6 and 7 were obtained from an additional 3.7-Kbp amplicon generated with forward primer Fi6t+1516, (5′–catcctaaagtactgggataact−3′, intron 6) and reverse primer Rt1460 (5′–acattggagctggcaaccca−3′, 3′UT), using the following PCR profile: 2 min at 95°C; 10 cycles of 20 s at 94°C, 30 s at 65°C and 4 min at 72°C; 20 cycles of 20 s at 94°C, 30 s at 61°C; and 4 min at 72°C.

To map KIR2DL3*033 within the KIR complex, gene walking (26, 41) was carried out – a ~7-Kbp amplicon spanning exons 7–9 of the preceding gene, the intergenic region and exons 1–4 of the target gene was generated by PCR for 2 min at 95°C; 30 cycles of 20 s at 94°C and 15 min at 72°C; and 20 min at 72°C with a KIR-generic forward primer (Fi6–81, 5′–ctaaagagacgttgtatgtggttacc−3′, intron 6) and the gene-specific reverse primer LRa546 (5′–ctccaatgaggtgcaaagtgtccttat−3′, exon 4).

Presence of KIR2DL3*033 in genomic DNA samples was screened by PCR-SSP, using BioTaq DNA polymerase (Bioline, London, UK) and primer mix Fi6t+1516/Ri6t+2713 (5′–catcctaaagtactgggataact−3′ and 5′–tctgtgctggaggattctga−3′), which recognizes a combination of polymorphisms unique to intron 6 of the KIR2DS2/2DL3 hybrid, generating a 1387-bp amplicon. A primer pair recognizing a non-polymorphic sequence of the COCH gene served as an internal positive control of ~2 Kbp (COCH-Fi8–86, gaaagaaacttgtgtgttgtctggt; COCH-Ri11+95, attgggtaaagccacaggtgtttg). PCR conditions were: initial denaturation for 2 min at 95°C; 10 cycles of 20 s at 94°C, 30 s at 65°C and 90 s at 72°C; 20 cycles of 20 s at 94°C, 30 s at 61°C and 90 s at 72°C; and 7 min at 72°C.



Genomic Characterization of KIR2DL5B*0020202

The complete coding region and part of the intervening introns of the new allele KIR2DL5B*0020202 were derived from a ~9.4-Kbp fragment generated from donor D139 by long range PCR with primer mix Fg−97b/Rg1769b (5′–tcaccctcccrtgatgtg−3′, promoter region; and 5′–ggaaggtggaacagcacgtgtctc−3′, 3′UTR) and Advantage-2 polymerase. PCR conditions were: 2 min at 95°C; 30 cycles of 20 s at 94°C and 15 min at 72°C; and 20 min at 72°C. The relative position of this allele in the KIR complex was determined by gene walking (26, 41). Identical procedures were used in another donor to identify and map KIR2DL5B*0020106 (32).



DNA Sequencing and Nomenclature

PCR products were submitted, with no cloning step, to direct nucleotide sequencing in both strands, using internal primers (sequences available upon request). The products were analyzed in an ABI Prism 3100-Avant Genetic analyzer (Applied Biosystems) in the central DNA sequencing facility of Instituto de Investigación Sanitaria Puerta de Hierro Segovia de Arana (IDIPHISA). The names KIR2DL3*033 and KIR2DL5B*0020202 (EMBL/GenBank/DDBJ database accession numbers HG931348 and LT604077, respectively) were officially assigned by the WHO Nomenclature Committee for factors of the HLA System, Subcommittee for Killer-cell Immunoglobulin-like Receptors (13).



Flow Cytometry

The NK-cell population was defined in PBMCs by the CD3−CD56+ phenotype, using anti-CD3-VioBlue (Miltenyi Biotec, Bergisch Gladbach, Germany) and anti-CD56-APC (eBioscience, Inc, San Diego, CA). These were combined in a donor carrying KIR2DL3*033, with anti-KIR2DL3-FITC (180701, R&D Systems, Minneapolis, MN, USA) and anti-KIR2DL3/L2/S2-PE/Cy7 (DX27, Miltenyi Biotec); and in donors bearing transcribed KIR2DL5B*002 alleles, with anti-KIR2DL5-PE [UP-R1 (49), Biolegend, San Diego, CA, USA]. Isotype-matched negative controls were IgG1-PE (clone MOPC-21, Sigma-Aldrich, St. Louis, MO), IgG2a-FITC (clone MG2A01, Invitrogen, Camarillo, CA, USA), and IgG2a-PE (clone S43.10, Miltenyi Biotec). Flow cytometry analyses were performed in a MACSQuant Analyzer using MACSQuantify software (both by Miltenyi Biotec) in the central facility of IDIPHISA.




RESULTS


KIR-Gene Frequencies and Profiles

To characterize and understand the diversity of KIR genotypes in the Spanish population, we determined the KIR-gene content in the genome of 414 unrelated donors using a locally designed PCR-SSP (sequence-specific primers) method, which also discriminates between structural variants of KIR 2DS4 and 3DP1. Unusual genotypes were further investigated and confirmed using a combination of techniques, including, as appropriate, probe hybridization; selective sequencing of the relevant coding, non-coding or intergenic regions; and physical mapping of neighbor genes (KIR-gene “walking”), when relevant.

Individual KIR-gene frequencies are shown in Table 1. Framework KIR genes and pseudogenes 3DL3, 3DP1, 2DL4, and 3DL2 were detected in every donor, even though seven of them were then deduced to lack 3DP1-2DL4-3DL1/S1, or have 3DL2 partially deleted, on one chromosome. Also found in all 414 donors was KIR3DX1, a gene of uncertain function located outside and 180 Kbp centromeric to the KIR complex, which is seldom typed for. Of note, only the latter gene and KIR3DL3, both of unknown biological significance (5, 50), appear to be truly conserved (i.e., not submitted to CNV) among human KIR.


Table 1. Carrier frequencies of KIR genes, pseudogenes, and their main structural and positional variants in 414 Spanish donors.
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Non-framework genes encoding long-tailed KIR typical of A-haplotypes 2DL1, 2DL3, and 3DL1 had frequencies of ~90%; whilst 2DL2 and 2DL5, encoding inhibitory KIR characteristic of B-haplotypes were seen in ca. 60% of the donors. Activating KIR-gene frequencies were more variable, ranging from 30.0% (2DS5) to 95.9% (2DS4). The latter was most often represented by frame-shifted alleles (82.1 vs. 36.2% alleles with canonical coding sequence), therefore the most common functional activating KIR was actually 2DS2 (58.7%) (Table 1).

Based on KIR-gene content, we found 38 different profiles, which were sorted into three groups: (i) the AA profile carrying exclusively genes of the A haplotype (24.15% of individuals); (ii) 16 BX profiles having all genes of the A-haplotype plus one or more B-haplotype genes (61.12%); and (iii), 21 BB profiles, defined by presence of B-haplotype genes and lack of one or more genes of the A-haplotype (14.73% of individuals). The individual and grouped frequencies of those profiles are shown in Figures 3A,B. The AA genotype was most frequent (ID: 1, 24.15%), followed by six BX genotypes (ID: 4, 2, 5, 7, 3 and 6) which, together, account for more than 50% of individuals; and by the two most common BB profiles (ID: 71 and 72; 3.14 and 2.66%, respectively). The overall distribution of KIR-gene frequencies and profiles observed in our sample is not dissimilar from those reported in other Caucasoid populations, and it is also consistent with those found in other large samples of Spanish individuals (40, 51–53).
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FIGURE 3. KIR-gene profiles observed in a sample of Spanish individuals. (A) Gene presence or absence is represented by solid gray and empty boxes; allelic forms are indicated for KIR3DP1. Carrier frequency is given on the right side of each genotype. Gene order reflects, approximately, that seen in the KIR complex, with genes forming A-haplotypes in the middle, flanked on both sides by genes characteristic of B-haplotypes. For KIR 2DL5 and 2DS3, genes represented by two paralogues, a diagonal line indicates that the gene is present in a genotype, but most likely in the alternative location. The ID column shows the number by which the genotype is registered in www.allelefrequencies.net (40); since this database does not distinguish between structural/positional variants, a same ID can correspond to several profiles in the table. Two profiles (7 and 81) include each one individual bearing a concealed variant haplotype, as explained in the text. In the lower part of the panel, which compiles gene profiles not explained by conventional haplotypes, thick lines highlight distinctive traits, including missing genes normally associated with ones present in a given genotype. (B) Distribution of the major groups of KIR genotypes. (C) Cumulative frequencies of KIR profiles.


A cumulative frequency analysis of the distribution of KIR genotypes is shown in Figure 3C. More than 50% of the population can be represented by three genotypes; six genotypes account for 75% of the total; and 13 are needed to explain 90% of the diversity. The remaining 10% is accounted for by 25 gene profiles, 14 of which were observed only once. As analyzed in more detail below, more than one third of the gene profiles (fourteen genotypes, belonging to 20 individuals) cannot be explained by any homo- or heterozygous combination of canonical haplotypes.



Centromeric and Telomeric Interval Analysis

Following a parsimonious approach that assumed as few non-canonical or novel KIR-gene arrangements as possible, we assigned each gene profile to the most likely diploid combination of well-known centromeric and telomeric haplotypes seen in most ethnicities (Figure 1). This was possible in 394 donors (95.17%), and the frequencies of their centromeric and telomeric deduced genotypes are represented in Figure 4A. On the centromeric region, the cen-AA genotype was most common (40.34%), followed by combinations of cen-A with either cen-B1 or cen-B2 haplotypes, seen with even frequencies-−21.23 and 22.95%, respectively. Much less frequent were combinations of only cen-B1 or -B2 motifs, each seen at <5%. Centromeric motifs consistently associated with the major KIR3DP1 allotypes (exon 2+/del) as reported (54), with a single exception described previously by us [haplotype 2DS2-2DL2-3DP1del in family C180 (43)]. On the telomeric side, the combination of two tel-A segments was again most common at 55.07%; followed by combinations of tel-A and tel-B motifs (24.88% tel-AB1 and 11.35% tel-AB2); whereas combinations of tel-B1 or -B2 haplotypes collectively represented only 3.83% of telomeric genotypes.
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FIGURE 4. Distribution of centromeric and telomeric gene profiles and haplotypes. (A) Centromeric and telomeric profiles corresponding to combinations of conventional haplotypes are represented as in Figure 2. Profiles derived from variant and novel arrangements are not represent, therefore frequencies do not sum up 100%. (B) Distribution of partial KIR haplotypes. (C) Frequencies of complete haplotypes and phasing ambiguities.


From the previous genotypes, and from those eventually assigned to individuals with unconventional profiles (following section), we estimated the frequencies of individual centromeric and telomeric haplotypes (Figure 4B). Also based on those assignments of partial centromeric and telomeric motifs, entire basic haplotypes (i.e., A vs. B) could be phased in 81% of donors (i.e., those who, on at least one of their telomeric or centromeric segments, only had either A or B profiles, but not both). This allowed a minimum estimate of the frequency of such complete basic haplotypes (Figure 4C): at least 45% of haplotypes are A (cen-A/tel-A), whilst more than 36% of haplotypes would be of the B-type (cen-A/tel-B, cen-B/tel-A, or cen-B/tel-B). The remaining ~19% of haplotypes could not be unambiguously assigned to the A- or the B-groups, because coincidence of A and B profiles on both the centromeric and the telomeric regions of the same individual precluded phasing.

Linkage disequilibrium between common centromeric and telomeric motifs is analyzed in Table 2, and depicted in Figure 1. Of note, association between cen-A and tel-A haplotypes was weak (D' = 0.089) and non-significant, suggesting that their common composition of a complete A haplotype is explained merely by the high frequency of its two segments. In contrast, strong were the positive LD of tel-B2 (KIR 3DS1-2DL5-2DS3-2DS1) with cen-B1, and its negative LD with cen-A (0.70 and −0.73, respectively; p < 0.0001). As previously noted (17), this means that the telomeric cluster 2DL5A*005-2DS3*002 is most often associated with a nearly identical sequence (2DL5B*002-2DS3*001) on the centromeric segment of the same haplotype, perhaps a reminiscence of their recent common origin.


Table 2. Linkage disequilibrium between centromeric and telomeric KIR haplotypes.
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Taken together, only 24 of the 38 observed KIR-gene profiles were explained by combinations of canonical centromeric and telomeric motifs; whilst no such combination could account for 14 profiles (i.e., more than one third), which owed to 2.66% of all chromosomes carrying atypical KIR-gene arrangements, as analyzed in the following sections.



KIR Gene Profiles Explained by Known Non-canonical Arrangements

Twenty individuals (4.8%) had KIR genotypes unexplained by any homo- or heterozygous combination of conventional haplotypes. Of those, 17 could be explained, as detailed below, by recombinant or variant structures previously described by us and others. Furthermore, specific tests targeting marker polymorphisms disclosed two additional donors in whom atypical haplotypes were concealed under apparently canonical KIR profiles, making a total of 22 individuals (5.3%) with unusual KIR-gene arrangements (Figure 5). Finally, three donors carried new haplotypes or hybrid genes characterized in the following sections.
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FIGURE 5. Variant and novel haplotypes detected in Spanish individuals. Colors are used to highlight gene deletions and hybrid structures derived from recombination of two different genes or haplotypes, but they lack a specific meaning. Duplicated genes are represented in parallel.



Centromeric Interval

Two atypical profiles with singularities affecting only the centromeric region were found in seven donors. One of them presented KIR2DL2 in absence of 2DS2. This profile, initially characterized in Black individuals (8, 19), might be explained by KIR2DS2 deletion from the usual 2DS2-2DL2 cluster; alternatively, since these two highly homologous genes possibly derive from a common ancestor, the variant profile might be reminiscent of the ancestral haplotype existing before the gene duplication that gave origin to the two paralogues (Figure 5).

Another five individuals had the reciprocal combination, i.e., KIR2DS2 in isolation from 2DL2 and/or other cen-B1 characteristic genes, a profile typically seen in a shortened haplotype previously characterized by our group (43). Such haplotype, generated by unequal crossing-over between KIR2DS2 and 2DS3, is marked by the resulting chimeric allele, KIR2DS2*005, and by deletion of the intervening genes (KIR2DL2, 2DL5B, and 2DS3). A PCR-SSP test specific for KIR2DS2*005 confirmed this marker in three of the five suspected individuals; and disclosed it in another donor with an apparently standard KIR profile, in which lack of KIR2DL2 within the recombinant haplotype was concealed by its presence on the other one.

The remaining two KIR2DS2+ve-2DL2−ve individuals did not carry this shortened B haplotype, since they were negative in the KIR2DS2*005 test. Instead, they carried a new recombinant haplotype and a novel hybrid gene, as analyzed in a separate section. Also described separately is the last variant centromeric profile, in which the KIR 2DL5B-2DS3 cluster is seen in absence of its usual companions 2DS2-2DL2.



Central Cluster

Affecting both the centromeric and the telomeric regions were haplotype arrangements that included duplications or deletions of the central framework genes, identified in 13 donors. For instance, an atypical profile marked by presence of KIR 2DS3/2DS5 and 2DS1 in absence of 3DS1 was explained by previously characterized haplotypes bearing an extensive deletion affecting seven genes on the central region of the KIR-gene complex, including, among others, the otherwise conserved KIR 3DP1, 2DL4, and 3DL1/3DS1 loci (19, 20). The resulting contracted B haplotype, containing only seven genes, generates an unusual juxtaposition of the centromeric KIR2DL5B and the telomeric KIR2DS3/2DS5 loci. This profile was observed in six individuals, but in contrast with studies on other ethnic groups, the deletion of the central genes was never observed in homozygosis in this population sample. However, such genotype does exist among Spanish Caucasoids, as we reported earlier [donor LH304 (49)].

Five individuals showed the opposite combination—KIR3DS1 in absence of 2DS1 (and the telomeric 2DL5-2DS5/S3 group). This trait is typically seen associated with a tandem duplication of the 3DP1-2DL4-3DL1/S1 cluster and the recombinant, transcribed KIR3DP1*004 allotype, a marker of this duplication (21, 22). This “full” (exon 2+ve) 3DP1 allotype is often discordant at first glance with the centromeric profile, serving as a beacon of the expanded haplotype. Its presence in four of the five suspected individuals, as well as in one with an apparently normal genotype, was confirmed by specific PCR-SSP detection of the hybrid gene KIR3DP1*004.

A sixth donor with a similar KIR genotype (3DS1+ve-2DL5+ve-2DS3+ve-2DS1−ve) was, in contrast, negative for 3DP1*004. Its atypical gene profile could instead be explained by presence of an expanded haplotype we described in one Irish Caucasoid (17). Such haplotype is characterized by an even larger duplication/insertion of six central KIR genes, due to unequal crossing-over between the intergenic regions of the telomeric and the centromeric 2DL5-2DS3 clusters (Figure 5). Consistently with such duplication, the donor had two 3DL1 alleles besides 3DS1 (not shown).



Telomeric Interval

Least common were variants affecting exclusively the telomeric KIR region—we observed a single unusual 3DL1+ve-2DS4−ve profile, represented in one donor. In this individual, we identified another previously described hybrid gene, KIR3DL1*060, arising from an asymmetric recombination event that fused 3DL1 exons 1–5 with 3DL2 exons 6–9 (44, 45). Concomitant deletion of the intervening gene KIR2DS4 explains this gene profile.




A Novel KIR2DS2/KIR2DL3 Fusion Gene Within a Recombinant B/A Motif Challenges Conventional Gene and Haplotype Classification

One donor apparently presented KIR2DS2 in isolation from other B-haplotype genes (i.e., in the context of an AA genotype), but, as stated earlier, was negative for 2DS2*005, which marks the only known gene arrangement that could account for such profile (43). To characterize the putative 2DS2 gene in the novel gene profile, we amplified its exons 5 through 7 (encoding the D2 Ig-like domain, stem and transmembrane region) in a 7.6-Kbp genomic fragment. Analysis of this amplicon revealed, instead of a proper KIR2DS2 gene, a new hybrid sequence, of which the 5′- and the 3′-ends were homologous to 2DS2 and 2DL3, respectively. Based on this information, the new gene was then amplified in a single ~14-Kbp genomic fragment comprising all its exons and introns, and sequence analysis confirmed its hybrid nature—its 5′ side (down to nucleotide 2,075 of intron 6, ca. 11 Kbp) was identical to 2DS2*0010102; whilst the rest of the gene (~3 Kbp through the stop codon) matched 2DL3*0020101, except for three base substitutions: two unique in intron 6 (11586 A>G and 11849 C>T), and one in intron 7, shared with 2DL3*010 (13627 G>A). The hybrid sequence is likely the result of asymmetric (non-allelic) homologous recombination between KIR2DS2 and KIR2DL3 genes present in different B and A haplotypes, respectively. The apparent recombination spot is few bases upstream of an AluSX element (not shown).

As discussed later, the novel structure challenged unwritten rules followed previously to designate chimeric KIR, not sitting comfortably within any of the current designations. It was officially assigned to the KIR2DL3 locus with the name 2DL3*033 by the KIR Nomenclature Committee, which reflects appropriately the fact that the encoded protein should have an intracellular inhibitory tail identical to those of most other 2DL3 alleles.

To map the new hybrid gene, we used a KIR-gene walking approach (i.e., amplification and sequencing of a genomic fragment spanning part of the gene of interest, and one in its vicinity), which showed 2DL3*033 to be located 3′ of 3DL3, like common alleles of both its homologs 2DS2 and 2DL3 in conventional KIR haplotypes. Furthermore, the donor had 3DL3*003, allele commonly linked to 2DS2 (24), in consonance with presence of a 2DS2-like 5′ region in 2DL3*033.

PBMCs of the donors in whom KIR2DL3*033 was originally found were, unfortunately, unavailable. To estimate the KIR2DL3*033 distribution and enable expression studies on this allele, we designed a PCR-SSP method targeting a specific combination of polymorphisms in its sixth intron, which led us to identify two additional examples of this allele in 1,101 DNA samples (~0.2%; confidence interval with p < 0.05: 0.00–0.46%). Using PBMC of one of those donors, we could readily amplify the KIR2DL3*033 complete coding region (~1.1 kb) by RT-PCR, demonstrating the normal transcription and processing of its mRNA. According to this, KIR2DL3*033 encodes ligand-recognition Ig-like domains, and a stem homologous to those of the activating 2DS2, but transmembrane and long intracytoplasmic regions like those of 2DL3 (Figure 6A). Therefore, the encoded receptor should combine the weak HLA-C1 recognition of the former, and the inhibitory capacity of the latter.
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FIGURE 6. Characterization of KIR2DL3*033. (A) Gene and protein structure, including homology to other KIR, and an example of the PCR-SSP test to identify the novel allele (lane 1). IPC stands for internal positive control. (B) Flow cytometry plots of NK cells (CD3−CD56+) from a donor expressing KIR2DL3*033, and from others with common KIR 2DL2/2DS2/2DL3 genotypes.


Since PBMCs of KIR2DL3*033 donors with cenAA profiles were unavailable, we performed multicolour flow cytometry analyses of PBMCs of one available individual encoding KIR2DL3*033 on one haplotype and the 2DS2-2DL2 combination on the second one. The observed lack of staining with a KIR2DL3-specific mAb (Figure 6B) was consistent with the 2DS2-like nature of the KIR2DL3*033 ectodomain. Unfortunately, the donor genotype precluded positive identification of cells expressing KIR2DL3*033, since these are indistinguishable with the available mAbs from those bearing its homologues 2DS2 and 2DL2. Flow cytometry studies of further donors with favorable (i.e., cenAA) KIR profiles are warranted to demonstrate positively KIR2DL3*033 NK-cell surface expression; this would be marked by presence of cells staining with DX27 (or equivalent mAbs), but not with reagents monospecific for conventional KIR2DL3 alleles.



KIR2DL5B*0020202—A Transcribed Allele Linked to KIR2DL3 in an Unusual Centromeric B Motif

Two individuals exhibited unusual presence of the KIR 2DL5-2DS3 genes in absence of any other genes characteristic of B haplotypes, to which they are normally linked (i.e., 2DL2 or 3DS1). To understand the unusual genotype, we used KIR-gene walking—amplification of a ~4-Kbp region spanning KIR2DL5 exons 1–3, the last (ninth) exon of the unknown preceding gene, and the intergenic region. This enabled us to map, in both donors, KIR2DL5B*002-related sequences downstream of KIR2DL3*010. This arrangement is seemingly identical to one previously described in a minority of Black Africans (8, 9, 32, 55), in whom a 2DL5-2DS3 block is inserted between 2DL3 and 2DP1-2DL1 (Figure 5), thus converting a centromeric A-motif into a B-haplotype, according to the agreed definition of these.

To further characterize KIR2DL5B in the unusual haplotype, we amplified the whole gene by long-range PCR (~9 Kbp). Sequence analysis of this amplicon, along with that derived from KIR-gene walking, revealed, in one donor, a new KIR2DL5B allele, designated KIR2DL5B*0020202, in which a coding region identical to that of the previously known KIR2DL5B*0020201 is fused to a “KIR2DL5-type III” promoter (15), similar to that found in the expressed allele KIR2DL5B*003 (Figure 7A). This type of promoter retains an intact RUNX-binding site seen in all clonally expressed KIR, in contrast with common KIR2DL5B alleles, in which the site is destroyed by substitution of adenosine for guanosine −97, polymorphism completely associated with epigenetic silencing (41). Similar results were obtained in the second donor, in whom we found allele KIR2DL5B*0020106. This allele and the novel KIR2DL5B*0020202 share a nearly identical combination of promoter and coding sequences, the latter differing by a single synonymous substitution (Figure 7B).
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FIGURE 7. Characterization of KIR2DL5B*0020106 and *0020202. (A) Gene structure of KIR2DL5B*0020202, including homology to other KIR2DL5 alleles. (B) Comparison of KIR2DL5 alleles carrying nearly identical coding sequences but highly divergent promoter regions; vertical lines represent polymorphisms distinguishing those alleles. Gene transcription or silencing is indicated on the right side. (C) RT-PCR assay showing KIR2DL5B*0020106 and *0020202 transcription, in contrast with their common, silent homologue KIR2DL5B*0020101. Presence or absence of an intact RUNX binding site in the proximal promoter is indicated for each allele. (D) A KIR2DL5 product is undetectable on the surface of NK cells transcribing KIR2DL5B*0020106 and *0020202, as we reported previously for KIR2DL5A*005, which encodes an identical mature polypeptide.


Conservation of the RUNX site in KIR2DL5B*0020106 and *0020202 should, according to our hypothesis (41), confer these alleles a capacity to be transcribed, in contrast with most 2DL5B alleles. To test this prediction, we performed RT-PCR experiments on RNA isolated from PBMC of donors D139 and 140016. Specific, correctly spliced amplicons were readily obtained for both KIR2DL5B*0020106 and KIR2DL5B*0020202 (Figure 7B), as verified by direct sequencing. This positive result opened the possibility of KIR2DL5B being expressed on the cell surface, which has never been shown. To explore this, we undertook flow-cytometry assays with the KIR2DL5-specific mAb UP-R1, but these showed no specific surface staining of peripheral blood NK cells (Figure 7C). This result is in line with the described behavior of allele KIR2DL5A*005, which shares with KIR2DL5B*002 the identical sequence in the mature protein. Such protein, seemingly due to substitution of Ser for Gly174, is retained intracellularly in NK cells, besides reacting weakly with mAb UP-R1 (56); unfortunately, monoclonal antibodies for intracellular KIR2DL5A*005/B*002 staining are unavailable.




DISCUSSION

In-depth genomic studies have established the variable organization of the human KIR complex, defining gene motifs and extended haplotypes fixed in our species, and a series of variations from those, mostly generated by asymmetric (non-allelic) homologous recombination (4, 6–10, 26, 28, 29). In addition, sequence analyses based on Sanger and, more recently, second generation methods, have revealed the diversity of alleles commonly found in each of those KIR haplotypes (23, 24, 30–32, 34–39).

In parallel, the KIR-gene profiles of multiple populations worldwide have been explored in the last two decades, revealing that, whilst many KIR haplotypes and alleles are shared by humans of all ethnicities, notorious differences in their distribution exist, unveiling the evolutionary connections between human groups, and the variable selective pressures exerted on them by the environment (16, 40). However, it is noteworthy that many published population studies have not benefited sufficiently from knowledge on KIR polymorphism gained from genomic studies, often reporting only rough analyses of gene content and basic classifications on the “B-ness” or “A-ness” of KIR haplotypes.

We have tried to contribute to fill that gap by studying a sample of Spanish individuals by means of: (i) A combination of rapid and advanced methods for KIR-gene profiling that inform, not only of presence/absence of KIR genes, but also of isoforms associated with defined haplotypes, and recombinants that mark contracted/expanded haplotypes; (ii) Parsimonious interpretation of KIR-gene profiles based on accumulated knowledge on common and well-defined haplotypes and alleles; and (iii) Basic molecular characterization of a minority of KIR-gene profiles not fitting with known arrangements. Limitations of our study are that polymorphism has, in general, not been defined at an allelic level; and that our parsimonious approach might theoretically overlook part of the existing diversity. To mitigate the latter limitation we have screened certain specific recombinations in donors with compatible profiles, thus identifying individuals in whom variant structures were concealed by the accompanying genes.

By applying systematically this approach, we have managed to explain all 38 gene profiles found in 414 individuals, inferring their haplotype structures and incorporating them to analysis of KIR-gene distribution. We have thus determined the detailed distribution of the three fixed centromeric and three telomeric motifs; of six expanded or contracted KIR-gene arrangements characterized previously by us and others, seen in 22 individuals (5.31%); and two novel haplotypes never detected before in Caucasoids. These novel arrangements are associated with new KIR alleles, and they show combined features of B- and A-haplotypes.

Transcribed KIR2DL5B*002 alleles, contrasting with common silent ones, were found within a 2DL5B-2DS3 cluster inserted in a centromeric 2DL3-2DP1-2DL1 motif, thus converting it in a cen-B haplotype. Such structure had been previously reported in individuals of African origin (8, 9, 32). Transcription of KIR2DL5B*0020106 and *0020202 provides further confirmation to our hypothesis that an intact RUNX binding site in the proximal promoter is essential for KIR-gene expression, whilst its mutation determines epigenetic silencing. The biological significance of transcribed KIR2DL5B*002 alleles is, however, uncertain since, like KIR2DL5A*005 (Figure 7), the encoded receptor appears not to reach the cell surface and is possibly retained intracellularly (56). The fact that nearly identical coding sequences are preceded by three highly divergent promoter sequences in alleles of two paralog genes (2DL5A*005, 2DL5B*0020101 and 2DL5B*0020106/0020202) illustrates the role of recombination in KIR-gene evolution.

The second novel allele, KIR2DL3*033, and its associated haplotype do not fit comfortably with the current classification and designation of KIR genes and haplotypes, posing a puzzling nomenclature issue. Its long inhibitory tail, homologous to that of common KIR2DL3 alleles, should warrant its designation as a KIR2DL. Such name, however, challenges an unwritten rule of assigning hybrid KIR to the locus contributing the extracellular portion (e.g. 2DS2*005, a 2DS2/2DS3 hybrid, or 3DL1*060, a 3DL1/3DL2 chimera), and it obviates that most of the gene (~11 of 14 Kbp) and of the encoded molecule (all the ectodomain) are actually identical to those of KIR2DS2, and will be detected as such by most current genotyping and phenotyping assays. This may result in ambiguous or conflicting profiles, which can be sorted out by assays that, like the one we have used (Figure 6A), target specifically the KIR2DL3*033 recombination spot in intron 6. Furthermore, whereas recombinations of B- and A-haplotypes normally yield B-haplotypes, gene content of the hybrid haplotype bearing 2DL3*033 adjusts to the definition of A-haplotypes, its “B-ness” being perceived only when the actual sequence of its centromeric genes (KIR 3DL3 and 2DL3) is considered. On the other hand, assigning the new structure to the KIR2DS2 gene would better reflect its origin, but would imply designating a long-tailed KIR with an “S” symbol aimed at distinguishing short-tailed, activating, KIR. To circumvent such and similar inconsistencies, the official KIR nomenclature might consider in the future the use of dedicated names to describe the hybrid nature of recombinant KIR genes (e.g., KIR2DS2/L3, KIR3DL1/L2, et cetera).

In summary, we consider that our study provides a representative and precise estimate of the KIR structures seen in the Spanish population, and extends our understanding of their complexity in South European Caucasoids. We expect that our results, and the approach we followed to obtain them, will enable better-founded studies of KIR in populations, and in health conditions in which their genetic diversity is deemed relevant.
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Natural killer (NK) cells are innate lymphocytes that eliminate infected and transformed cells. They discriminate healthy from diseased tissue through killer cell Ig-like receptor (KIR) recognition of HLA class I ligands. Directly impacting NK cell function, KIR polymorphism associates with infection control and multiple autoimmune and pregnancy syndromes. Here we analyze KIR diversity of 241 individuals from five groups of Iranians. These five populations represent Baloch, Kurd, and Lur, together comprising 15% of the ethnically diverse Iranian population. We identified 159 KIR alleles, including 11 not previously characterized. We also identified 170 centromeric and 94 telomeric haplotypes, and 15 different KIR haplotypes carrying either a deletion or duplication encompassing one or more complete KIR genes. As expected, comparing our data with those representing major worldwide populations revealed the greatest similarity between Iranians and Europeans. Despite this similarity we observed higher frequencies of KIR3DL1*001 in Iran than any other population, and the highest frequency of HLA-B*51, a Bw4-containing allotype that acts as a strong educator of KIR3DL1*001+ NK cells. Compared to Europeans, the Iranians we studied also have a reduced frequency of 3DL1*004, which encodes an allotype that is not expressed at the NK cell surface. Concurrent with the resulting high frequency of strong viable interactions between inhibitory KIR and polymorphic HLA class I, the majority of KIR-A haplotypes characterized do not express a functional activating receptor. By contrast, the most frequent KIR-B haplotype in Iran expresses only one functional inhibitory KIR and the maximum number of activating KIR. This first complete, high-resolution, characterization of the KIR locus of Iranians will form a valuable reference for future clinical and population studies.

Keywords: NK cells, KIR, HLA class I, Iranian populations, immune diversity


INTRODUCTION

Natural killer (NK) cells are essential for human immunity to infection and cancer, and for successful reproduction (1, 2). To discriminate diseased from healthy tissue cells, NK cells express an array of inhibiting and activating cell surface receptors (3, 4). Prominent among these receptors are the killer cell immunoglobulin like receptors (KIR), which educate and modulate NK cell function through interaction with HLA class I (5, 6). KIR are highly polymorphic, a genetically-determined variation that directly impacts NK cell function, and susceptibility to disease (7, 8).

The KIR locus spans 150–350 kbp of chromosome 19q13.4 (9). The locus is distinguished by structural and sequence diversity of the 13 constituent genes (KIR2DL1, KIR2DL2/L3, KIR2DL4, KIR2DL5A, KIR2DL5B, KIR2DS1, KIR2DS2, KIR2DS3, KIR2DS4, KIR2DS5, KIR3DL1/S1, KIR3DL2, and KIR3DL3) and two pseudogenes (KIR2DP1 and KIR3DP1) (10, 11). KIR have either two (2D) or three (3D) specificity-determining immunoglobulin-like domains and a long (L) or short (S) tail (12). KIR having a long cytoplasmic tail are inhibitory, whereas those having a short cytoplasmic tail are activating. The one exception is KIR2DL4, which can exhibit inhibitory or activating function (13–15). The KIR locus segregates in two main haplotype forms that are maintained in all human populations by balancing selection (16). The KIR-A haplotypes have a fixed number of predominantly inhibitory receptors, whereas the KIR-B haplotypes are characterized by a variable number of both activating and inhibitory receptors. Further distinguishing KIR-A and -B haplotypes are their characteristic alleles (17). KIR-A haplotypes are associated with controlling infectious disease and cancer, but confer susceptibility to reproductive disorders, whereas KIR-B haplotypes are associated with protection from reproductive disorders (1, 7). Additionally, haploidentical transplantation therapy for leukemia has an increased success rate when the stem cell donors carry KIR-B haplotypes (18, 19).

Polymorphism of KIR affects cell surface expression, ligand specificity, ligand binding strength, and intracellular signaling (20–25). All these factors affect the capacity of NK cells to recognize and kill target cells. Because both KIR polymorphism and associated diseases are unevenly distributed worldwide, it is critical to fully gauge the genetic diversity of KIR in well-defined human populations. Despite this importance, only a few populations have been studied to high resolution, principally due to the complexity of the KIR locus. These studies have focused on representative populations of Amerindians (Yucpa) (26), divergent African groups (27–29), Europeans (30, 31), East Asians (Japanese) (32), and Oceanians (Māori) (33). Together, they show how KIR allele and haplotype diversity varies dramatically between human populations and highlight the importance of extending KIR allele analysis to represent all ethnicities and geographical areas. In this regard, our recent analysis of HLA allelic diversity in Iran revealed the highest frequencies of HLA-B*51:01 worldwide (34). HLA-B*51 contains the Bw4 epitope and interacts KIR3DL1 (35, 36). In the present study we fully characterize KIR locus diversity of the same cohort of Iranian individuals.



MATERIALS AND METHODS


Study Population

The KIR locus diversity of three indigenous Iranian populations was determined to high-resolution by analyzing genomic DNA from 241 healthy unrelated donors (34). The populations studied represent Baloch, Kurd, and Lur, together comprising 15% (12 million individuals) of the ethnically diverse Iranian population. Studied were 160 Lurs and 48 Kurds, from the Zagros Mountains at the west of Iran, and 33 Baloch from the southeast of Iran. The Lur population included 64 individuals from the city of Khoramabad in the province of Lorestan, 81 from Yasuj in the province of Kohgiluyeh and Boyer-Ahmad, and 15 from Lordegan in the province of Chaharmahal and Bakhtiari. The samples from Kurds were collected from the city of Sanandaj. With the exception of the Baloch, the HLA class I alleles were described previously (34). The ancestors of every individual studied had been part of their respective population for at least two generations. Sample collection was approved by the Medical Research Ethics Committee of Shiraz University of Medical Sciences. All participants gave informed consent. Banked, de-identified samples were used for this study.



Library Preparation and Enrichment

Genomic DNA was prepared by shearing with sonication and the KIR genomic region was enriched from the genomic libraries using a pool of oligonucleotide probes as described (37). The enriched fragments were subjected to paired-end sequencing using Illumina's MiSeq instrument and V3 sequencing chemistry (Illumina, La Jolla CA). The sequencing read length was 2 × 300 bp.



Next Generation Sequence Data Processing and Analysis

Sequence reads specific to the KIR region were identified and harvested using Bowtie 2 (38). KIR genotyping was performed using the Pushing Immunogenetics to the Next Generation pipeline (37). This pipeline generates a high-resolution KIR gene content and allele level genotype. It can also identify previously unreported single nucleotide polymorphisms (SNPs) and recombinant alleles. Novel allele sequences were analyzed by visual inspection: reads specific to the relevant gene were isolated by bioinformatics filtering, aligned to the closest reference allele using MIRA 4.0.2 (39), and inspected using Gap4 of the Staden package (40) or Integrative Genomics Viewer (41).



Allele and Haplotype Frequencies

Allele frequencies were calculated by direct counting. The composition and frequencies of KIR haplotypes were determined at the allelic level using PHASE 2.1 (42). The following parameters for PHASE 2.1 were used: –f1, –x5, and –d1. Because of the high rate of recombination between KIR3DP1 and KIR2DL4 (9), we performed two separate PHASE runs, one for the KIR genes of the centromeric region and one for telomeric KIR genes. Genes analyzed were KIR3DL3, 2DS2, 2DL2/3, 2DL5A and B, 2DS3/5, 2DP1, 2DL1, 2DL4, 3DL1/S1, 2DS1, 2DS4, and 3DL2. For each haplotype we calculated the frequency by direct counting.



Statistical Analysis

Hardy-Weinberg equilibrium proportions was examined using Fisher's exact test. Differences in frequency amongst populations were tested using χ2 with Bonferroni correction for the number of alleles at the respective locus. Fisher's and χ2 test as well as Mann-Whitney U-test were implemented using GraphPad Prism 7.05.



Genetic Distance

The genetic distance between Iranians and other populations was calculated using the Cavalli-Sforza model (43), implemented in GENETIX 4.05 (https://kimura.univ-montp2.fr/genetix/). The populations used were Japanese (N = 115) (32), Yucpa Amerindians (N = 61) (26), Ghanaians from West Africa (N = 131) (27), Māori from New Zealand (N = 49) (33), Europeans (N = 378) (44), and Khomani from South Africa (N = 79) (28).




RESULTS

We sequenced the KIR genes of 241 individuals from five populations, representing three groups of Iranians; the Lurs, Kurds and Baloch. The Lurs comprised individuals from the cities of Khoramabad, Lordegan and Yasuj. Only two KIR genes were present as two copies (2N) in every individual, KIR3DL3 at the centromeric end of the KIR locus and KIR3DL2 at the telomeric end (Figure 1A). Every KIR haplotype in this Iranian cohort is therefore flanked by these two framework genes. The third framework gene is KIR2DL4 (9). Because eight individuals have only one copy of KIR2DL4 and six have three copies, KIR2DL4 is not present on every Iranian KIR haplotype (Figure 1A), but is likely duplicated on some haplotypes and deleted from others (45). The frequency of KIR-A haplotypes varies across populations (16, 46). In the combined study population, the frequency of KIR AA genotypes observed is 25% (Figure 1B). Centromeric KIR-A haplotypes are present at 65% and telomeric KIR-A haplotypes at 76% (Figure 1C). The frequency of KIR A haplotype homozygotes closely matches that of European populations (Figure 1B), as do genetic distance measurements calculated from the KIR genotype data (Figure 1D). In conclusion, the number and distribution of KIR gene content haplotypes in Iranians closely resemble those present in Europeans.
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FIGURE 1. Iranian KIR genotypes resemble those of Europeans. (A) Shows KIR gene copy-number genotypes ordered by the total number observed across the five Iranian populations. Only genotypes present in more than one individual are shown. Colored boxes indicate the number of copies of the gene, as given in the key below. A white box indicates the gene is absent. (B) Frequency of the full KIR AA (left), Cen AA (center), and Tel AA (right) genotypes across seven representative world populations, ordered by frequency of full KIR AA. The populations are Japanese (N = 115), Yucpa Amerindians (N = 61), Ghanaians from West Africa (N = 131), Maori from New Zealand (N = 49), Europeans (N = 378), Iranians (N = 241), and Khomani from South Africa (N = 79). (C) Frequency of centromeric (Cen) and telomeric (Tel) KIR A and B haplotypes in the five Iranian populations combined. (D) Genetic distance between the combined Iranian population and the six representative, populations from (B). KIR genes included are those genotyped in all the populations shown 2DL1-4, 2DS1-5, 3DL1/S1, 3DL2. (E) Genetic distance between the three Iranian populations.


We determined the KIR allele frequencies in the five Iranian populations. These data are shown in Supplementary Material A and summarized in Figure 2. The allele frequencies were consistent with Hardy-Weinberg equilibrium. Among the five populations, we identified 115 inhibitory KIR alleles and 18 activating KIR alleles (Figure 2A). Also present are 12 KIR2DL4 alleles. Inhibitory KIR are highly polymorphic in Iranians, with 12 KIR2DL1, 9 KIR2DL2/L3, 10 KIR2DL5, 22 KIR3DL2, 18 KIR3DL1, and 44 KIR3DL3 alleles observed in total. As in other populations, the activating KIR are less polymorphic than the inhibitory KIR, with 7 KIR2DS4 alleles, 8 KIR2DS3/5 alleles, two KIR2DS1 and two KIR2DS2 alleles and one KIR3DS1 allele being seen (Figure 2A). In Iranians, KIR3DL3 is the most polymorphic KIR gene, whereas KIR2DS1 and KIR2DS2 are the least variable. In the combined population analyzed, the most frequent allele for each of the inhibitory KIR are 2DL1*00302, 2DL2*00101, 2DL3*00101, 3DL1*00101, 3DL2*00101, and 3DL3*00301, respectively (Supplementary Material A). The most common KIR2DL4 and KIR2DS4 alleles are 2DL4*00801 and 2DS4*003, respectively. For the other activating KIR (KIR2DS1-3 and 2DS5) as well as KIR2DL5, the most frequent allele observed is absence of the gene (Supplementary Material A). We did not observe any statistically significant difference in frequency of any specific KIR allele between Kurs and Lurs. We identified 11 novel KIR alleles, eight being defined by amino acid substitutions, one by a synonymous substitution and two by substitutions in KIR2DP1 pseudogene (Figure 2B). All these novel alleles were observed in one or two individuals (Figure 2B). Seven of them have sequences identical to ones reported recently in a survey of more than one million registered bone marrow donors (47).


[image: Figure 2]
FIGURE 2. High KIR diversity and allele discovery in Iranians. (A) Shows the numbers of KIR alleles (k) and the heterozygosity (H) in each of the five Iranian populations. The total number observed is shown at the right. Gene absence is not included as an allele. (B) Shows the novel KIR alleles identified in this study. Columns from left to right are: the KIR gene, the closest known allele, the nucleotide change compared to the closest allele, the amino acid substitution caused by the nucleotide change, domain affected by the amino acid substitution (LP, leader peptide; D0–D1, Ig-like domains; TM, transmembrane domain) and the number observed. †-indicates identical allele observed by Wagner et al. (47).


On the basis of allele composition, we defined 170 centromeric and 94 telomeric KIR haplotypes (Supplementary Materials B,C). Thus, by distinct haplotype number, the centromeric region is twice as diverse as the telomeric region. Emphasizing this difference, the 55 most frequent centromeric haplotypes account for 75% of the total haplotypes, whereas only 13 telomeric haplotypes are sufficient to account for 75% of the telomeric haplotypes (Figures 3A,B). In conclusion, the centromeric KIR region of Iranian KIR haplotypes is far more diverse than the telomeric KIR region.


[image: Figure 3]
FIGURE 3. Centromeric KIR are more diverse than telomeric KIR in Iranians. (A) Shows the number of distinct haplotypes observed in the centromeric and telomeric KIR regions. (B) Shows the cumulative frequency of haplotypes observed in the centromeric and telomeric KIR regions. (C,D) Shows the allele composition of all (C) centromeric, and (D) telomeric KIR haplotypes identified in more than ten individuals in the combined Iranian population. KIR A haplotypes are shaded pink and KIR B haplotypes are blue. Empty boxes indicate gene absence. At the right is shown number observed and the frequency in the combined Iranian population (N = 241). All the observed haplotypes are given in Supplementary Material (E). Shown are the frequencies of KIR2DL4 and KIR2DS4 alleles in the combined Iranian population. Red text indicates alleles not expressed at cell surface. The allele frequencies for all KIR genes in each of the five populations are given in Supplementary Material.


Although KIR-A haplotypes are more numerous and frequent than KIR-B haplotypes (Figure 1), the most frequent centromeric region and the second most frequent telomeric region haplotypes are KIR-B (Figures 3C,D). Together, these centromeric and telomeric segments encode only one inhibitory receptor specific for HLA class I (KIR2DL2*001). Also encoded are KIR2DL1*004, an attenuated receptor (23) and KIR3DL2*007, which has a mutation in the first ITIM of the cytoplasmic tail (48) and thus may not transmit an inhibitory signal. By contrast, the KIR-B haplotype encodes three functional activating receptors (KIR2DS1, 2DS2, and 3DS1) and a full-length KIR2DL4 (*005). This combination of common centromeric and telomeric KIR-B haplotypes can therefore provide the maximum number of activating KIR. The most frequent KIR-A haplotype encodes four inhibitory receptors specific for polymorphic HLA class I and carries KIR2DS4*003, which is not-expressed because of a 22 bp deletion in exon 5 (11). Indeed, the frequency of the KIR2DS4 22 bp-del variant in Iranians is 0.62, more than four times higher than the frequency of the full-length variant (Figure 3E). Consequently, almost all KIR-A haplotypes in Iranians encode four functional inhibitory receptors and no activating receptor specific for polymorphic HLA class I.

A characteristic of the KIR locus is the occurrence of large-scale duplication or deletion events that encompass complete genes, which synergizes with allele variation to enhance KIR functional diversity (45, 49, 50). In the Iranian cohort, we identified seven KIR haplotypes having large deletions and eight with duplications (Figure 4). One of these haplotypes (number 1 in Figure 4) was not observed previously and is similar to the most frequent KIR-B haplotype in Iran, with the difference being that it lacks KIR2DS1. This haplotype could have been formed by homologous or looping out recombination (50). The remaining deletion haplotypes are similar to those observed worldwide including Africans, and the duplication haplotypes similar to those observed outside of Africa (45).


[image: Figure 4]
FIGURE 4. Rare structural variants of KIR haplotypes in Iranians. Shown are Iranian KIR haplotypes affected by a copy number variation. Gray and purple boxes highlight deleted or duplicated segments, respectively. “N” indicates the number observed.


The interaction of HLA class I with inhibitory KIR contributes to NK cell education (51, 52). We analyzed the distribution of alleles for the four inhibitory KIR that are specific for HLA class I in Iranians and compared them with six other populations that represent the breadth of human genetic diversity (Figure 5). This analysis showed that in Iranians, Europeans, West Africans, and Japanese the most frequent KIR2DL1 and KIR2DL2/3 alleles are 2DL1*003 and 2DL3*001, respectively. The two populations that differ are relatively small indigenous populations (Figures 5A,B). By contrast, the KIR3DL1/S1 and KIR3DL2 alleles most frequent in Iranians are usually not the same as those most frequent in other populations (Figures 5C,D). This shows there is a greater worldwide divergence of KIR specific for HLA-A and -B than of KIR specific for HLA-C. Of particular note, Iranian populations have the highest frequency of 3DL1*001 (0.29) compared to the other six populations as well as to all other populations analyzed to date (53). Allele frequencies of the four inhibitory KIR specific for HLA class I are similar across the Iranian populations analyzed (Figures 5E–H). The one exception is the Baloch who have a low frequency of KIR3DL1*004, as well as KIR3DL2*003 and *005, which are in strong linkage disequilibrium with 3DL1*004 (28, 44) (Supplementary Material C). The Baloch have one tenth the frequency of 3DL1*004 (0.015) than Kurd [0.114, χ2 p = 0.006; pc = 0.06(ns)], Lorestan [0.109, χ2 p = 0.006; pc = 0.06(ns)] and Yasuj [0.129, χ2 p = 0.003; pc = 0.03]. KIR3DL1*004 is retained in the cytoplasm and unable to bind HLA-Bw4+ HLA-A or -B on target cells (54).


[image: Figure 5]
FIGURE 5. Telomeric KIR are more divergent than centromeric KIR across populations. Shows the alleles of (A) KIR2DL1, (B) KIR2DL2/3, (C) KIR3DL1/S1, and (D) KIR3DL2 observed in Iran, and their frequencies in the combined Iranian population and six other populations representing major world groups (Left). (E-H) show the allele frequencies in the individual Iranian populations. The populations are Iranians (N = 241, comprised from Baloch N = 33, Kurds N = 48, Lorestan N = 64, Lordegan N = 15, and Yasuj N = 81), Ghanaians (N = 131), Khomani (N = 79), Maori (N = 49), Japanese (N = 115), Europeans (N = 378), and Yucpa (N = 61). The allele frequencies for all KIR genes in each of the five Iranian populations are given in Supplementary Material.


We examined the compound genotypes of KIR and HLA class I, to determine the potential number of interactions between HLA class I ligands and inhibitory KIR. We observed a consistent mean of four viable interactions per individual of HLA-C with inhibitory KIR across the five Iranian populations (Figure 6A). This number is similar to the mean of 3.6 observed in Europeans (28). Although we observed no significant difference in the potential interactions of KIR3DL1 with HLA-A, the Baloch and Lordegan have more interactions of KIR3DL1 with HLA-B than the other three Iranian populations (Figures 6B,C). Despite the small numbers of individuals in these groups, the differences are statistically significant (Mann-Whitney U-test; p < 0.013). Contributing to these differences is the high frequency of HLA-B*51 in the Baloch (0.29; Supplementary Material D). This frequency is similar to the 0.28 observed in the Lordegan and considered the highest worldwide (34).


[image: Figure 6]
FIGURE 6. Interactions between KIR and HLA class I in five Iranian populations. (A) Shows the mean total number of viable interactions per individual of inhibitory KIR and HLA-C. (B) Shows the mean total number of viable interactions per individual of KIR3DL1 and HLA-A. (C) Shows the mean total number of viable interactions per individual of KIR3DL1 and HLA-B. ***p < 0.013, obtained from a two-tailed Mann-Whitney U-test.




DISCUSSION

This study applied high-throughput, next-generation sequencing to define KIR polymorphism at high resolution in five Iranian populations. These comprise the Kurd and Lur populations from the Zagros Mountains in the west of Iran and the Baloch from the south-east. The Lur comprised three subpopulations; the Lorestan, Lordegan, and Yasuj. HLA class I allele distributions for four of these populations were reported previously (34) whereas those for the Baloch are described here. When we compared the KIR allele frequencies of Iranians to those representing African, Asian, European, Oceanian, and South American populations, we found that the Iranian groups we studied are particularly similar to Europeans. This finding is consistent with ancient DNA analysis, which revealed that Iranians and Europeans both originate from an Indo-Europeans steppe ancestor population (55).

Despite their overall similarity, the Iranians we studied differ from Europeans in their frequencies of KIR3DL1*001, a high-expressing inhibitory receptor specific for the Bw4 epitope of subsets of HLA-A and -B allotypes. Iranians have KIR3DL1*001 frequencies that are twice those in Europeans and are the highest worldwide. Iran has the highest frequency of HLA-B*51 in the world (34), and this is also the case for the Baloch. HLA-B*51 has the Bw4 epitope and thus educates KIR3DL1+ NK cells to detect any loss in Bw4+ HLA-A or -B expression (35, 56, 57). HLA-B*51 is associated with Behçet disease, a chronic, multi-system autoimmune condition that has substantially higher incidence in Iran (80/100,000) than Europe (<1/100,000) (58, 59). We recently showed that high-expressing allotypes of KIR3DL1, including 3DL1*001, can protect from Behçet disease (60). It is unlikely that KIR3DL1*001 and HLA-B*51 rose to high frequency in Iran to protect specifically from an autoimmune disease, but this combination of HLA and KIR could also protect against specific infectious diseases (7). Examples include tuberculosis and hepatitis, which are both prevalent in Balochistan (61–63). Amongst Iranians, the Baloch and Lordegan have the highest number of viable interactions between KIR3DL1 and Bw4+HLA. Contributing to this high occurrence in the Baloch, are high frequencies of KIR3DL1*001 and HLA-B*51 and a low frequency of KIR3DL1*004. That both the KIR3DL2 alleles linked to KIR3DL1*004 are also reduced in frequency suggests that KIR3DL1*004 has been specifically targeted by negative selection in the Baloch, rather than another KIR allele in linkage disequilibrium with KIR3DL1*004.

KIR-A and -B haplotypes are present in all human populations, where they are maintained by balancing selection, likely because KIR-A haplotypes favor infection control, particularly viral infections, and KIR-B haplotypes favor successful fetal implantation (1, 16). Accordingly, KIR-A haplotypes express all possible inhibitory receptors specific for HLA class I, whereas KIR-B haplotypes express fewer inhibitory receptors but more activating receptors. Thus, whereas the inhibitory KIR help prime NK cells to be able to be responsive to HLA class I loss during infection, the activating KIR can both promote fetal trophoblast invasion and recognize specific pathogen-derived peptides to control certain infections (64, 65). In Iranian populations the differences between the KIR-A and KIR-B haplotypes is extreme. The common KIR-A haplotypes express no activating KIR, due to the high frequency of the truncated KIR2DS4 variant, and the common KIR-B haplotypes provide the maximum number of activating receptors. In this regard, the KIR-B haplotypes differ considerably from those of Africans and were likely obtained since the out of Africa migration, through adaptive introgression with ancient humans (66).

In summary, we describe the KIR locus at allelic resolution in Iranian populations and place it in the context of the HLA ligands recognized by KIR. Iran is a culturally diverse country and the ethnic groups we have studied comprise ~15% of the population (67). Because substantial KIR gene content diversity is observed across Iran (68–71), it will be of interest in future studies to compare our results with other Iranian populations including Persians and Azeris. The allele and haplotype distributions described here will provide a baseline for future studies of disease association and transplantation matching in this important region of the world.
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Supplementary Material (Spreadsheet). (A) Shown are the allele frequencies for the 13 KIR genes in five Iranian populations, and the combined frequency is shown at the right. (B) Shown are the centromeric KIR haplotypes identified in five Iranian populations. The combined frequency is shown at the right. KIR A haplotypes are shaded in red, KIR B haplotypes are shaded in blue. (C) Shown are the telomeric KIR haplotypes identified in five Iranian populations. The combined frequency is shown at the right. KIR A haplotypes are shaded in red, KIR B haplotypes are shaded in blue. Yellow shading indicates novel KIR alleles identified in this study, which are described in Figure 2. (D) Shows the HLA class I allele frequencies observed in the Baloch population.
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The highly polymorphic human major histocompatibility complex (MHC) also known as the human leukocyte antigen (HLA) encodes class I and II genes that are the cornerstone of the adaptive immune system. Their unique diversity (>25,000 alleles) might affect the outcome of any transplant, infection, and susceptibility to autoimmune diseases. The recent rapid development of new next-generation sequencing (NGS) methods provides the opportunity to study the influence/correlation of this high level of HLA diversity on allele expression levels in health and disease. Here, we describe the NGS capture RNA-Seq method that we developed for genotyping all 12 classical HLA loci (HLA-A, HLA-B, HLA-C, HLA-DPA1, HLA-DPB1, HLA-DQA1, HLA-DQB1, HLA-DRA, HLA-DRB1, HLA-DRB3, HLA-DRB4, and HLA-DRB5) and assessing their allelic imbalance by quantifying their allele RNA levels. This is a target enrichment method where total RNA is converted to a sequencing-ready complementary DNA (cDNA) library and hybridized to a complex pool of RNA-specific HLA biotinylated oligonucleotide capture probes, prior to NGS. This method was applied to 161 peripheral blood mononuclear cells and 48 umbilical cord blood cells of healthy donors. The differential allelic expression of 10 HLA loci (except for HLA-DRA and HLA-DPA1) showed strong significant differences (P < 2.1 × 10−15). The results were corroborated by independent methods. This newly developed NGS method could be applied to a wide range of biological and medical questions including graft rejections and HLA-related diseases.

Keywords: human leukocyte antigen, next-generation sequencing, HLA allele, RNA expression level, genotyping, capture RNA-Seq


INTRODUCTION

The highly polymorphic human major histocompatibility complex (MHC), also known as the human leukocyte antigen (HLA), expresses class I and II molecules (alleles) that present antigens to the T-cell receptors as part of the adaptive immune response (1–4). The high level of gene sequence diversity [25,756 alleles and counting; IPD IMGT/HLA database (Release 3.38.0), http://hla.alleles.org/nomenclature/stats.html] within the HLA system may govern the outcome of many transplants (tolerance or rejection) (5, 6), infections, susceptibility to autoimmune diseases (2, 7–9), and allergic reactions to various drugs (10). Moreover, the efficacy of recently developed checkpoint inhibitory therapies in immuno-oncology appear to be directly linked to the so-called “tumor mutation burden” that is the status of neo-antigens presented by the patient's HLA class I alleles (4). During the past 20 years, although HLA allele studies have shifted from serological allele typing to molecular genotyping, most have still focused on the phenotypic description of association between diseases and HLA alleles (11, 12).

With the continuing next generation sequencing (NGS) revolution, a better understanding is slowly emerging about the diversity of the HLA genomic and transcriptomic regions including the qualitative and quantitative effects of regulatory variation on HLA expression, gene diversity, and polymorphisms (alleles) on shaping lineage-specific expression, and HLA expression on disease susceptibility and transplantation outcomes. Regulatory cis and trans polymorphisms that affect transcriptional regulation and susceptibility to complex diseases (13) are considered to be a driving force in phenotypic evolution (14, 15). Previous small-scale, low-resolution, targeted studies revealed the importance of differential allelic expression (DAE) of HLA genes in disease development and progression. Cauli et al. (16) reported a greater expression of HLA-B27 molecules in patients with ankylosing spondylitis than in healthy subjects. The association among allelic differences in HLA expression levels and disease were reported for single HLA alleles/loci such as HLA-B expression and immunoglobulin A (IgA) deficiency (17); HLA-C expression and HIV control (18–20); Crohn disease (21), and acute graft-vs.-host disease (GVHD) (22); HLA-DQ and HLA-DR expression and cystic fibrosis (23); HLA-DP expression and hepatitis B virus infection (24) and acute GVHD (25); and HLA-DRB5 and interstitial lung disease (26). In addition, suppressed or abnormal HLA expression levels were reported in gastric cancer (27), cancer cell lines (28), ovarian carcinomas (29), Merkel cell carcinoma (30), and lung cancer (31). Although polymorphisms located in the 5′ promoter region and 3′ untranslated regions (3′UTR) of HLA genes can affect HLA expression levels (21, 32–36), reliable data on HLA polymorphisms associated with HLA gene expression levels in HLA-associated disease, infection, and transplantation are still lacking.

There are different ways to measure HLA differential allele expression in leukocytes. Previously, a few particular HLA genes and alleles were examined in expression studies using flow cytometry and fluorolabeled monoclonal antibodies to measure the intensity of HLA protein surface expression (20, 21, 37) and by quantitative reverse transcription PCR (qRT-PCR) to estimate HLA transcription levels (38). Microarray methods, such as Affymetrix and Illumina, using oligoprobes are useful for the semiquantification of HLA gene transcripts expressed by a larger array of HLA class I and II genes (39, 40), but like flow cytometry and qRT-PCR, they do not identify the different HLA genotypes and alleles. In addition, all these methods are labor intensive/time consuming and often lead to ambiguous results because of problems with specificity and sensitivity and inadequate controls and reference samples. New RNA quantitative techniques based on RNA-sequencing (RNA-Seq) have emerged recently (41), and genotyping, mapping the expression quantitative trait locus, and analyzing allele-specific expression from public RNA-Seq data are promising new development (42). In addition, a computational pipeline to accurately estimate expression for HLA genes based on RNA-Seq was developed for both locus-level and allele-level estimates (43).

HLA genes also can be genotyped by amplicon sequencing using HLA transcripts as reverse-transcribed complementary DNA (cDNA) (44) and HLA RNA expression levels quantitated by amplicon sequencing using HLA locus-specific primers (45). However, the method using HLA locus-specific primers for measuring RNA levels are mostly semiquantitative because PCR efficiency can differ between the polymorphic HLA alleles (46). In contrast, a recently described capture RNA-Seq method for the quantitation of RNA expression levels of targeted genes was shown to provide enhanced coverage for sensitive gene discovery, robust transcript assembly, and accurate gene quantification (47).

In the present paper, we describe a newly developed capture RNA-Seq method for enriched NGS, genotyping, and for quantitating RNA levels of all 12 classical HLA loci [HLA-A, HLA-B, HLA-C, HLA-DPA1, HLA-DPB1, HLA-DQA1, HLA-DQB1, HLA-DRA, HLA-DRB1, HLA-DRB3, HLA-DRB4, and HLA-DRB5 (HLA-DRB3/DRB4/DRB5)] and alleles using over 200 RNA samples isolated from the peripheral blood mononuclear cells (PBMCs, n = 161) and umbilical cord bloods (UCBs, n = 48) of healthy donors.



MATERIALS AND METHODS


Sample Information

A reference set of PBMC samples from 161 donors were selected from a larger number of high-resolution genotyped samples obtained from 2,344 donors recruited for bone marrow transplantation (BMT) as part of the Japan Marrow Donor Program (JMDP) (48). This sample of genotyped Japanese donors represented more than 99.2% cumulative allele frequency (138 alleles) of the known HLA alleles in Japanese population at the field-2 level of resolution (an allele resolution level of sequences that differs by a non-synonymous substitution) at six HLA loci (20 alleles for HLA-A, 37 HLA-B, 19 HLA-C, 30 HLA-DRB1, 16 HLA-DQB1, and 16 HLA-DPB1) (Table S1). A total of 48 UCB samples previously registered and stored at the Tokai University Cord Blood Bank also were used in this study. The high-resolution HLA genotyping data for these UCB was unknown before this study. The mononuclear cells of the UCB were isolated by Ficoll–Paque density separation (Ficoll–Paque™ Plus, GE Healthcare).



Isolation of RNA Samples and Measurement

Total RNA was isolated from the PBMC and UCB mononuclear cells using TRIzol (Thermo Fisher Scientific). The quantity and quality of the RNA were determined using an RNA 6000 Nano Kit with a Bioanalyzer 2100 (Agilent Technologies).



Design of Sequence Capture Probes

The customized biotinylated nucleotide capture probes were designed and synthesized by Roche's proprietary method for use with the SeqCap RNA Enrichment System (Roche, NimbleGen, KAPA Biosystems). The exact number of 5′-biotinylated probes used per gene locus for this study was not released to us by the manufacturer. However, each of the single-stranded, 5′-biotinylated capture oligonucleotide probes in the synthesized set was 50–100 bases (average 75 bases) in length. Taken together, all of the capture probes in the set represented sequences of 172 alleles (19 HLA-A, 39 HLA-B, 19, HLA-C, 2 HLA-DRA, 31 HLA-DRB1, 3 HLA-DRB3, 3 HLA-DRB4, 3 HLA-DRB5, 16 HLA-DQA1, 15 HLA-DQB1, 4 HLA-DPA1, and 18 HLA-DPB1) that were representative of the Japanese population (Table S2) (49). Of the 172 allelic targets, 160 covered full-length HLA regions and 12 sequences covered partial regions such as specific exons and/or intron regions, respectively. The total nucleotide length covered by the designed probes was 1,321,811 bp, which covered 96.1% (1,270,384 bp) of the targeted regions. The remaining 3.9% of the targeted regions were omitted from the probe design and synthesis because of repeat sequences.



Sequence Capture and Next-Generation Sequencing

The workflow for the Capture RNA-Seq profiling by NGS is shown in Figure S1. The basic steps were (1) RNA fragmentation, (2) preparation of reverse-transcribed RNA libraries, (3) hybridization with biotin-labeled capture probes containing target sequences, (4) capture and enrichment of targeted sequences with streptavidin-coated paramagnetic beads, (5) library amplification, (6) NGS Illumina sequencing, and (7) data analysis for HLA allele assignments and quantitation of allelic sequence expression (Figure S1A).

Total RNA (100 ng) was fragmented by shearing and reverse transcribing into cDNAs by second-strand synthesis using a KAPA Stranded RNA-Seq Library Preparation Kit. The sheared product was purified by Agencourt AMPure XP reagent (Beckman Coulter), and the cDNA libraries were constructed using KAPA library preparation kits (KAPA Biosystems) with SeqCap Adapter Kits A and B (Roche Life Science). The cDNA libraries were sized and quantitated using an Agilent DNA 1000 Kit with the Bioanalyzer 2100 (Agilent Technologies). One hundred nanograms of each indexed library was pooled together according to the manufacturer's recommendation. The pooled library was mixed with a SeqCap HE universal oligonucleotide, SeqCap HE-Oligo Kits A and B (Roche Life Science), and COT-1 human DNA and then vacuum evaporated at 60°C for ~30 min. The custom-designed sequence capture probe set was added and hybridized at 47°C for 18 h using a SeqCap Hybridization solution in a GeneAmp PCR System 9700 (Thermo Fisher Scientific). After hybridization, the non-specific hybridization products were washed out with a Wash Kit, and the captured library was enriched with a SeqCap Pure Capture Bead Kit (Roche/NimbleGen). The enriched beads were subjected directly to post-capture amplification by ligation mediated (LM) PCR using a SeqCap EZ accessory kit v2 (Roche/NimbleGen). The enriched and amplified NGS library was purified by AMPure XP reagent, quantitated using the Agilent DNA 1000 Kit with the Bioanalyzer 2100, and sequenced using MiSeq Reagent Kit v.2 (300 cycles), generating 150 bp pair-end sequence reads with an Illumina MiSeq System according to the manufacturer's protocol (Illumina).



Data Processing and Allele Assignment of HLA Genotypes

After the sequencing runs, basic sequence information such as the read numbers and quality values were calculated with a FASTX_quality_stats program included in a FASTX-Toolkit package (ver. 0.0.13) for short-read data preprocessing (http://hannonlab.cshl.edu/fastx_toolkit/).

The FASTQ sequence files for each sample were used for HLA genotyping and allele assignment up to the field-3 level (an allele resolution where synonymous and/or non-synonymous DNA substitutions in the coding region define alleles). The HLA alleles for the 12 classical HLA loci, HLA-A, HLA-B, HLA-C, HLA-DRA, HLA-DRB1, HLA-DRB/DRB4/DRB5, HLA-DQB1, HLA-DQA1, HLA-DPA1, and HLA-DPB1, were assigned by nucleotide similarity searches in the IPD-IMGT-HLA database (http://hla.alleles.org/) using the BLAT program (50), included in an in-house Sequence Alignment Based Assigning Software (SeaBass) (51). When novel single-nucleotide polymorphisms (SNPs) were detected, they were confirmed by Sanger direct sequencing using newly designed sequencing primers.



Calculation and Normalization of Sequence Read Numbers (RNA Levels)

Mapping of the reads and the HLA allele sequences assigned by the BLAT search as references were performed using GS Reference Mapper Ver. 3.0 software (Roche). To precisely extract in-phase read numbers that are our measure of RNA levels, we limited the mapping regions to highly polymorphic exons: 546 bp of exons 2 and 3 in HLA-A, HLA-B, and HLA-C; 239 bp of exon 2 in HLA-DRA; 270 bp of exon 2 in HLA-DRB1, HLA-DRB3, HLA-DRB4, HLA-DRB5, and HLA-DQB1; 249 bp of exon 2 in HLA-DQA1; 246 bp of exon 2 in HLA-DPA1; and 264 bp of exon 2 in HLA-DPB1. The mapping parameter was set to a 100% matched condition between the reads and the references to avoid mismapping among the HLA loci and contamination of in vitro generated PCR crossover products (51, 52).

In order to compare differences of the RNA levels (cDNA sequence read numbers) among the HLA loci and alleles, we normalized the mapped read numbers as follows. The mapped raw read numbers of each allele at each locus were first standardized by their target sizes. To derive the “normalized read numbers” within a particular set of loci, the total size-standardized read numbers included in the set were estimated, and the total read numbers were standardized to 1 million. Then, the normalized read numbers of each allele at each locus in the set were calculated as relative read numbers in 1 million total reads. An example of deriving the normalized read numbers at the HLA-A, HLA-B, and HLA-C loci is described in Figure S1B.

For comparison of the RNA levels expressed by the same or different HLA genes and alleles, we prepared the following four datasets: (1) normalized read numbers of the 12 HLA loci and alleles (including two HLA-DRB3/DRB4/DRB5 alleles) using 78 PBMC and 18 UCB samples, (2) normalized read numbers of the HLA class I loci and alleles using 161 PBMC and 48 UCB samples, (3) normalized read numbers of the HLA class II loci (excluding HLA-DRB3/DRB4/DRB5) and alleles using 161 PBMC and 48 UCB samples, and (4) normalized read numbers of the HLA class II loci and alleles (including two HLA-DRB3/DRB4/DRB5 alleles) using 78 PBMC and 18 UCB samples (Figure S1C).

Comparative analyses of the read numbers (RNA levels) among the HLA loci and among the HLA alleles were carried out using only heterozygous alleles that were completely phased in each dataset (Figure S1C). We excluded homozygous alleles, partially phased alleles, and hemizygous alleles from this study to avoid mapping biases because it was not possible to divide these reads into unphased exonic regions.



Statistical Analyses

The results of the comparative analyses of capture RNA sequences were drawn as a box-and-whisker diagram using the graphics output of Microsoft Excel 2016. The box-and-whisker diagram displays the median with upper and lower quartiles within the box, with the whiskers extended 1.5 times the interquartile range from the box. Statistical differences of the RNA levels expressed by the HLA loci and alleles were calculated by analysis of variance (ANOVA) in Microsoft Excel 2016. A two-sided p < 0.05 was considered statistically significant. Bias in statistical significance due to multiple calculations was not taken into account. Correlation coefficients, coefficient of determination, and approximate curve between different sets of results were calculated by the Pearson correlation coefficient method using the Microsoft Excel function (Excel for Mac version 16.25).




RESULTS


Assay Design

We devised a capture-based RNA-Seq NGS method to simultaneously analyze DNA alleles and RNA expression levels of HLA genes as described in section Material and Methods. Because target sequences have a high degree of polymorphisms, we designed a capture probe set, which covers 172 most frequent Japanese HLA allele sequences. The NGS data that we obtained were processed by an in-house program, in which only the reads showing perfect matches (100% identity) to reference sequences were included in the analyses. The relative levels of RNA expression of each HLA gene were deduced from read numbers, which were normalized against total read numbers of a set of HLA genes, among which RNA expression levels were compared (see section Material and Methods). Thus, we obtained four data sets: set 1, composed of all 12 HLA loci; set 2, composed of HLA-A, HLA-B, and HLA-C loci; set 3, composed of class II loci excluding HLA-DRB3/DRB4/DRB5 genes; set 4, composed of class II loci including HLA-DRB3/DRB4/DRB5 genes (see section Material and Methods; Figures S1B,C).



Sequence Read Information for PBMC and UCB Samples

Sequence read information was obtained for all the captured and enriched sequence libraries constructed from 161 PBMC and 48 UCB. In PBMCs, the total draft read numbers were 281,256,904 reads with a range of reads from 398,390 to 3,196,406 reads [1,746,937 ± 457,246 standard deviation (SD) on average]. These were high-quality reads with quality values (QV) of >30 with an average QV of 35.7 ± 0.5. The draft read bases were 38.1 Gb in total with a range between 55.8 and 428.1 Mb (237.0 ± 62.6 Mb on average) and with an overall average read length of 135.6 ± 4.4 bases. In contrast, in the UCB, the total draft read numbers were 82,231,970 reads ranging from 813,198 to 7,294,988 (1,713,166 ± 900,625 on average) of high-quality reads with QV > 30 and an average QV of 36.4 ± 0.1. The total draft read bases were 11.2 Gb with a range between 111.2 and 1,007.9 Mb (232.3 ± 124.6 Mb on average) and an overall average read length of 135.5 ± 3.9 bases. Therefore, these high-quality reads had sufficient sequencing volume for further HLA genotyping analysis.



Genotyping to the Field-3 Level for 12 HLA Loci

Nucleotide similarity searches of the sequenced HLA alleles to the field-3 level (based on synonymous and/or non-synonymous substitution in the coding region for each designated allele) using the BLAT program (50) identified a total of 177 alleles for the 161 PBMC, including 21 HLA-A, 39 HLA-B, 19 HLA-C, 4 HLA-DPA1, 16 HLA-DPB1, 18 HLA-DQA1, 16 HLA-DQB1, 2 HLA-DRA, 30 HLA-DRB1, 5 HLA-DRB3, 3 HLA-DRB4, and 3 HLA-DRB5; and 114 alleles for the 48 UCB samples including 12 HLA-A, 22 HLA-B, 14 HLA-C, 3 HLA-DPA1, 10 HLA-DPB1, 11 HLA-DQA1, 13 HLA-DQB1, 2 HLA-DRA, 18 HLA-DRB1, 4 HLA-DRB3, 3 HLA-DRB4, and 2 HLA-DRB5 alleles with no phase ambiguity (Table S3). One novel allele was further detected for HLA-DQA1 [named tentatively DQB1*06:02new (DDBJ Accession Number: LC499658) with a synonymous substitution in the exon 1]. In contrast, the other alleles were previously known HLA alleles that were assigned to the field-2 level at six HLA loci.



Comparison of the RNA Levels for 12 HLA Loci and Alleles in PBMC Samples

Figure 1 shows a box-and-whisker diagram of the normalized read numbers (RNA levels) for 12 HLA loci using dataset 1 that includes 1,252 phased alleles identified for the PBMC samples (Table S4A). The ANOVA statistical difference between the expression levels of the HLA loci was highly significant (P < 1.0 × 10−100). We also found that the 99% confidence intervals for these 12 loci do not overlap (data not shown), confirming that each 12 loci are distinct in terms of RNA expression levels.
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FIGURE 1. RNA expression levels of 12 human leukocyte antigen (HLA) loci in PBMC samples measured by capture RNA-Seq. These box-and-whisker diagrams were drawn using the dataset 1 obtained from the sequence reads of 78 PBMC samples (Figure S1C). Vertical axis indicates normalized read numbers (Log2) calculated as described in section Material and Methods. Horizontal axis indicates the 12 classical class I and class II HLA loci. Horizontal lines in the boxes indicate median level of expression at each locus. Parenthesis below the locus name indicates the number of individual points plotted per each locus.


Among the 12 loci compared here, HLA-B displayed the highest average expression level. The average level of expression of HLA-B was ~2-fold higher than that of HLA-A or HLA-C, and ~4–5 times higher than by the class II loci, HLA-DRA, HLA-DRB1, or others (Table 1). In addition, the average expression levels of HLA-DRB4 and HLA-DRB5 were 1.4–1.5-fold higher than HLA-DRB3 (Figure 1 and Table 1). The lowest reads were for HLA-DQA1 and HLA-DQB1. The ratio of hinges (third quartile reads/first quartile reads) in the box-and-whisker diagram confirmed that locus-specific variations of the read numbers for the HLA-DQ RNA levels (2.8 for HLA-DQA1 and 3.6 for HLA-DQB1) were much higher than 1.3–1.4 for the class I RNA levels and 1.7–2.0 for the HLA-DP and HLA-DR RNA levels (Table 1).


Table 1. Five-number summary of normalized RNA levels at each human leukocyte antigen (HLA) locus in peripheral blood mononuclear cell (PBMC).
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The RNA levels expressed at each allele were analyzed using the read numbers obtained from at least three different samples. Figure 2 shows box-and-whisker diagrams of the RNA levels for the HLA alleles of PBMC samples using datasets 2–4 that include 2,175 (763 class I + 1,260 class II + 152 HLA-DRB3/DRB4/DRB5) heterozygous alleles (Table S4A). The DAE was observed for all HLA class I and II genes, except for HLA-DPA1 and HLA-DRA, with strong statistical significant differences (ANOVA) for RNA levels expressed by the HLA alleles of HLA-B (P = 2.1 × 10−15) to HLA-DQB1 (P = 5.1 × 10−95) (Figures 2A–J). In addition, the ratios between the lowest and highest expressed alleles at each locus showed that HLA-DQA1 and HLA-DQB1 had the largest allelic differences with 3.8 (P = 5.0 × 10−11) and 5.8 (P = 1.4 × 10−15), respectively, and that there were no significant allelic differences for HLA-DPA1 and HLA-DRA (Figures 2D–J and Table 2). Consistently, when degrees of DAE are compared for coefficient of variation (CV; standard deviation divided by mean), the class II HLA-DQA1 and HLA-DQB1 loci displayed highest levels of allelic differences compared to others, including all the class I loci, as shown in Figure S2.
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FIGURE 2. Allelic RNA levels expressed by 12 human leukocyte antigen (HLA) loci in peripheral blood mononuclear cell (PBMC) samples and measured by capture RNA-Seq. The box-and-whisker diagrams were drawn using the datasets 2–4 obtained from the sequence reads of 78 or 161 PBMC samples (Figure S1C). Panels (A–J) show (A) HLA-A, (B) HLA-B, (C) HLA-C, (D) HLA-DPA1, (E) HLA-DPB1, (F) HLA-DQA1, (G) HLA-DQB1, (H) HLA-DRA, (I) HLA-DRB3/DRB4/DRB5, and (J) HLA-DRB1. Vertical axis indicates normalized read numbers (log2) calculated as described in section Material and Methods. Horizontal axis indicates the alleles for each of HLA loci (A–J). Horizontal lines in the box indicate median expression at each allele. Parenthesis following the allele name indicates the number of individual points plotted per each locus.



Table 2. Comparison of the lowest and highest expressed alleles of each locus using normalized reads at median in peripheral blood mononuclear cells (PBMCs).
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Based on the normalized read counts, we next compared variations among samples with the same alleles. As depicted in Figure S2, CV of read counts obtained from the samples with the same alleles at class I are relatively lower than those at class II, as the three class I loci showed the three lowest averaged CV values among all the 12 loci. It appears, therefore, that the class I genes are more evenly expressed among individuals with the same alleles, whereas class II shows more variations in expression levels among individuals with the same alleles. The larger extents of intra-allelic variations observed with the class II genes could be due to different distribution patterns of subcell populations, expressing the class II genes differently, among the samples with the same alleles.



HLA Polymorphisms and RNA Expression Levels in Specific HLA Loci and Haplotypes of PBMC Samples
 
Relationship Between HLA-DR Haplotypes and RNA Levels

Since the correlation between HLA-DRB1-HLA-DRB3/DRB4/DRB5 haplotypes and RNA expression levels was unknown, we examined 31 DRB3/DRB4, 18 DRB3/DRB5, and 23 DRB4/DRB5 heterozygous samples (a total of 144 DRB1-DRB3/DRB4/DRB5 haplotypes) from dataset 4 (Table S4A). In this dataset, there was a total of 28 DRB1-DRB3/DRB4/DRB5 haplotypes with 14 assigned as DRB1-DRB3, 11 as DRB1-DRB4, and 3 as DRB1-DRB5. These haplotypes were identified by estimating HLA-DRB1 and HLA-DRB3/DRB4/DRB5 alleles without observing any discrepancies to previously reported HLA-DR genomic structures (53, 54).

Figure S3A shows the comparative relationships of RNA levels expressed by the HLA-DRB1 and HLA-DRB3/DRB4/DRB5 loci using 17 DRB1-DRB3/DRB4/DRB5 haplotypes that were analyzed using at least three different samples (Table S5). The RNA levels expressed by HLA-DRB1 were widely distributed for all haplotypes, whereas the expression levels of HLA-DRB4 and HLA-DRB5 tended to be higher than for HLA-DRB3 (Figure S3A). In addition, there was no significant correlation between the RNA expression levels of HLA-DRB1 and HLA-DRB3/DRB4/DRB5 (R2 = 0.0003), indicating that they are regulated independently of each other in PBMC samples.

For RNA levels expressed by the DRB1-DRB3/DRB4/DRB5 haplotypes (Table S5), there was a significant difference (P = 0.0119) between the median read numbers of DRB1*14:06:01/DRB3*02:02:01 (median, 36,822) and DRB1*14:54:01/DRB3*02:02:01 (median, 18,330). There was a significant difference (P = 0.0182) between DRB1*09:01:02 haplotypically linked to either DRB4*01:03:01 or DRB4*01:03:02 (Table S5), but no significant difference (P = 0.9089) between the haplotypes DRB1*09:01:02/ DRB4*01:03:01 and HLA-DRB1*04 or HLA-DRB1*07 linked to DRB4*01:03:01. These data show that the variance of RNA expression levels of haplotypes detected at the allelic field-2 level such as DRB1*09:01/DRB4*01:03 can be differentiated significantly at the allele field-3 level such as DRB1*09:01:02/ DRB4*01:03:01 or DRB1*09:01:02/ DRB4*01:03:01.



Relationships Between HLA-DQ Haplotypes and RNA Expression Levels

Since significant differences were observed for RNA levels expressed by the HLA-DQA1 and HLA-DQB1 alleles (Figure 2 and Table 2), we investigated the correlation between HLA-DQ haplotypes (DQA1-DQB1) and RNA expression levels. The distribution in the level of expression based on read numbers for the HLA-DQA1 alleles ranged between low expression for DQA1*01/05 alleles, intermediate expression for DQA1*02/04/06 alleles, and high expression for DQA1*03 alleles. The DAE for HLA-DQB1 ranged from low expression for DQB1*02/03/04 to high expression for DQB1*05/06. There were significant differences (P < 0.001) between most allelic groups in the low, intermediate, or high levels of expression (Figure S3B). These data were consistent with a previous report on the differential expression of HLA-DQ alleles in PBMC where the alleles were associated with susceptibility to and protection from type 1 diabetes (55). Interestingly, although the DQA1-DQB1 haplotypes were composed of the highest expression group of HLA-DQA1 alleles and the lowest expression group of HLA-DQB1 alleles, these haplotypes occur at the highest frequency (40.5%) in the Japanese population (Figure S3B). In contrast, DQA1-DQB1 haplotypes that are composed of highest expression groups of HLA-DQA1 and HLA-DQB1 alleles were not observed in the Japanese population. This finding suggests a trend for selection to low and at best intermediate expression of the DQ heterodimers. It is indeed intriguing that the highest expression groups were not observed in worldwide populations (17th IHIW: NGS HLA genotyping data, http://17ihiw.org/17th-ihiw-ngs-hla-data/) (Figure S3B).



RNA Expression Levels of HLA-DPB1 Alleles and Genotypes of rs9277534

The SNP marker rs9277534 is located within the 3′UTR of HLA-DPB1, and the RNA levels expressed by the AA genotype were reportedly significantly (P < 0.001) lower than those expressed by the GG genotype (Figure S3C) (25). In our analysis of the same genotypes by the capture RNA-Seq method, the read numbers for the AA genotype using 12 samples and the GG genotype using 24 samples that were selected from dataset 3 of PBMC samples (Table S4A) produced a box-and-whisker diagram (Figure S3C) that was similar to the results of the previous report (25, 56) with a significant difference (P = 0.0019) of expression between the AA and GG genotypes. However, this result was not consistent with individual alleles shown in Figure 2E because DPB1*04:01:01 (low) and DPB1*05:01:01 (high) are thought to be outliers, while DPB1*04:02:01, DPB1*02:01:02 and DPB1*02:02 that are supposed to be low expression levels have similar RNA levels as those of DPB1*09:01:01 and DPB1*06:01:01 that are supposed to be high expression levels (57). In the case of excluding the outlier alleles, the significant difference was not obtained between the AA and GG genotypes (Figure S3C). These data suggested that not only this SNP was associated with HLA-DP expression levels but also the other (one or more SNPs) can be involved in the HLA-DP expression levels.



RNA Expression Levels of Null or Low Expressed HLA Alleles

Of over 25,000 HLA alleles released from the IPD-IMGT/HLA database (http://hla.alleles.org/), ~1,000 alleles are characterized as null and low expressed alleles. We tested if the RNA-Seq method is able to discriminate those null alleles by analyzing read data corresponding to the HLA-A*02:15N and A*02:53N alleles, which have been categorized as null. Examination of the RNA levels expressed by the known HLA-A null alleles A*02:15N and A*02:53N (Figure S3D) revealed that they were at 34.3% (41,242 reads) and 18.2% (21,902 reads), respectively, of the average median of HLA-A allelic expression (120,366 reads in Table 2). This result suggests that the capture RNA-Seq can directly identify null and low expression allele in a quantitative manner.




Comparison of the HLA RNA Levels in PBMC and UCB

A box-and-whisker diagram of the normalized read numbers (RNA levels) expressed by 12 HLA loci (Figure S4A) in UCB was constructed using the dataset 1 that includes 280 phased alleles (Table S4B). The ANOVA statistical difference between the expression levels of the 12 HLA loci of UCB was highly significant (ANOVA, P < 1.0 × 10−95) similarly to those of PBMC (Figure 1 and Figure S4A). The DAE was observed for all HLA class I and II genes, except for HLA-DRA and HLA-DRB5. Collectively weak statistical significances were also noted for RNA levels expressed by the HLA alleles of HLA-DPA1 (P = 1.2 × 10−2) to HLA-DQB1 (P = 1.6 × 10−31) (Table S6). The observation of higher p values in UCB than in PBMC is thought to depend on the number of samples. To find differences in the RNA expression levels between the HLA alleles of PBMC and UCB, we compared 30 class I and 44 class II alleles using the normalized reads of 590 alleles (206 class I and 384 class II alleles) in UCB (Table S4B) and the corresponding 1,724 alleles (583 class I and 1,141 class II alleles) in PBMC (Table S7). Figure 3 shows a high correlation for the RNA levels expressed by HLA alleles of PBMC and UCB. The RNA levels expressed by the PBMC and UCB of HLA class I and II loci were correlated strongly with a coefficient of determination of R2 = 0.9319 and 0.9486, respectively (Figures 3A,B). However, there were significant differences between PBMC and UCB for HLA RNA levels expressed by 20 of the 74 alleles (Table S7). Most significant differences (P < 0.05) occurred for HLA-A (2 of 8 alleles), HLA-B (4 of 13 alleles), HLA-C (5 of 9 alleles), and HLA-DPB1 (4 of 5 alleles) with no differences for 9 alleles of HLA-DQA1 and only a few differences for the alleles of the other HLA loci. Comparatively large differences (P < 0.001) of RNA levels between the PBMC and UCB were observed for seven HLA alleles, A*11:01:01, C*07:02:01, DPA1*01:03:01, DPB1*05:01:01, DQB1*04:02:01, DRB1*04:05:01, and DRB1*01:01:01 (Figure S4B and Table S7). The results indicated that HLA expression patterns in PMBC and UCB are similar but not entirely the same with some differences. The differences are more pronounced in particular alleles, suggesting that those alleles are regulated by separated factors (genes) between PMBC and UCB.
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FIGURE 3. Comparison between the RNA expression levels for peripheral blood mononuclear cell (PBMC) and umbilical cord blood (UCB) samples. (A,B) Correlations of the RNA expression levels in the class I and class II loci, respectively. Normalized median reads (× 104) in PBMC and UCB (Table S7) were plotted in the horizontal and vertical axis, respectively.




Validation of the Capture RNA-Seq Method

In an evaluation of our capture RNA-Seq method, Figure S5 shows the high correlation (R2 = 0.9135) that we obtained when we compared our quantitative HLA gene expression results to those previously obtained by Fagerberg et al. (58) using a RNA-Seq method to quantitate HLA gene expression levels in white blood cells (WBC) for a Human Body Map project (NCBI BioProject Accession: PRJEB2445). This comparison between different expression methods confirmed the reliability and accuracy of quantitating HLA gene expression using our capture RNA-Seq method.

We also tested to assess whether the allelic read–number differences might be generated by methodological artifacts, such as differences in probe capturing efficiencies among different alleles, by estimating allelic read-number ratios of the original quantitation targets for individual samples as well as the allelic read-number ratios of subregions of the original targets. The results, displayed in Figure S6 and showing comparisons of the allelic read number ratios of the original targets and those of their subregions for individual samples, indicated a good correlation between ratios for the original targets and those for their subregions. We, therefore, concluded that the allelic differences in the read numbers were not generated by artifacts and most likely reflect allelic differences in RNA levels. We, however, noted that small allelic differences, such as those observed with the HLA-B genes, could be derived in part from artifacts such as allelic differences in capturing efficiencies or from experimental errors.




DISCUSSION

In this study, we developed a protocol for genotyping 12 classical HLA genes and quantitating their gene and/or allelic expression using a single-capture RNA-Seq method and demonstrated the usefulness of the method in a comparative analysis of the RNA expression levels among the 12 HLA loci and 2,850 alleles using 161 PBMC and 48 UCB samples. For the RNA expression analysis, we chose to use previously HLA genotyped PBMC samples that had been collected as part of the Japan Marrow Donor Program (48) from medically well-tested BMT donors prior to transplantation. Therefore, these HLA-genotyped PBMC samples were from well-characterized healthy donors who were considered to be free from infection, cancer, inflammatory diseases, and other ailments that could have changed the normal baseline levels of HLA gene expression. In order to test our RNA sequencing method before applying it to disease and transplantation research, it was considered important to first understand comprehensively the normal pattern of RNA levels expressed by each allele using healthy individuals within the same ethnic group. In this way, the differences in RNA expression levels (sequence read numbers) could be compared more reliably among the HLA alleles at the different HLA loci as described previously (43).

An important aspect of our RNA-Seq method was the design and application of 172 capture RNA probe sequences of 172 most frequent Japanese HLA allele sequences that would be used to capture and enrich the targeted HLA alleles in the blood sample. If we had used only single representative allelic probes (reference probes) for each HLA gene, such as those represented by the latest version of human genome reference (e.g., GRCh38.p12 at NCBI), the target DNA fragments might not be enriched or might have been missed due to low affinity between the reference-derived RNA probe and the target HLA allele-derived DNA fragment. As a result of poor hybridization between probe and a targeted allele, the RNA expression level of a particular allele might be recorded incorrectly to be low when in fact its allelic expression was intermediate or high. Therefore, in order to minimize the false calls of a low expression, we designed the sequences of the RNA capture probes based on our previously determined HLA allele sequences in the Japanese population (49). In addition, since 93% of the 172 allele sequences cover the full length of HLA genes (5′ promoter region to 3′UTR), the 172 RNA capture probes are useful for identifying the gene sequences of disease-specific splicing variants and gene expression-related variants and for detecting antisense RNAs such as microRNAs (miRNAs) that suppress gene expression (17).

Although specific RNA capture probes are an important first step for accurate and reliable quantitation of allele expression by the capture RNA-Seq method, the NGS and analytical bioinformatic methods for obtaining correct read numbers for RNA (cDNA) sequences expressed by particular alleles are equally important steps in the overall accuracy and reliability of the protocol. In general, it is difficult to obtain the correct read numbers for each allele using the publicly available RNA-Seq analysis software because read mapping is not performed easily under 100% matching conditions, and in such cases of reduced stringency, there is a possibility that reads from other highly similar HLA genes or alleles may be mapped unexpectedly. Therefore, we focused only on coding regions (exons 2 and 3 of class I loci and exons 2 of class II loci) that can be divided easily into each polymorphic phase and the reads mapped to sequence references at 100% matching condition. Even when using our stringent mapping conditions, 72 different HLA genotypes were excluded from the subsequent analysis due to the partial mapping of the reads. In addition, to better standardize our methods, we excluded homozygous genotypes from our analysis of expressed RNA levels, although the HLA expression levels in homozygotes are approximately double those observed in heterozygotes (20). Therefore, correcting the sequence read numbers using stringent mapping conditions in our study increased the accuracy for quantitating the RNA levels expressed for each allele.

The quantitative results of RNA sequence profiles expressed by 12 HLA loci of PBMC and UCB (Figure 1 and Figure S4) in our study are consistent with the findings of others (58, 59) that the RNA levels expressed by the class I locus usually are higher than by the class II locus. While the RNA expression levels at the class I loci were in the order of HLA-B > HLA-C > HLA-A, the RNA expression levels at the class II locus showed lower locus-specific expression levels with the following relative order of HLA-DRA > HLA-DRB1 > HLA-DPB1 > HLA-DPA1 > HLA-DQB1 > HLA-DQA1 > HLA = DRB4 > HLA = DRB5 > HLA-DRB3 (Figure 1 and Table 1). The difference that we found between the different HLA loci, except for HLA-DRB3/DRB4/DRB5, correlated well (R2 = 0.9135) with the Illumina bodyMap2 transcriptome analysis (http://www.ensembl.info/2011/05/24/human-bodymap-2-0-data-from-illumina/) using white blood cells (NCBI BioProject Accession: PRJEB2445) (Figure S5). In addition, the RNA expression levels of the class I loci in our study were very similar to those of locus-specific real-time PCR using blood leukocytes (59). However, in the previously reported RNA-Seq, the RNA expression level at the class I loci were HLA-A ≈ HLA-B > HLA-C, and the RNA expression level at the class II loci were higher for the alpha chain loci than for the beta chain loci such as HLA-DRA > HLA-DRB1 > HLA-DQA1 > HLA-DPA1 > HLA-DQB1 > HLA-DPB1 (43). In the RNA-Seq analysis of lymphoblastoid cell lines (LCL) (60), the RNA expression levels at the class I loci showed similar shapes with those of LCL cell lines, JY, and Pala (37). However, we found that the RNA levels expressed by some shared alleles of PBMC and UCB were significantly different (Figure S4B and Table S7). Since UCB includes stem cells and progenitor cells such as hematopoietic stem cells, mesenchymal stem cells, and vascular endothelial progenitor cells (61), the differences between PBMC and UCB for the RNA levels expressed at the same alleles probably reflect the different cell types. Our results for the RNA levels expressed by HLA-C, HLA-DQA1, HLA-DQB1, and HLA-DPA1 are consistent with the results of Aguiar et al. (43). However, we also observed some inconsistencies; for example, the levels of RNA expressed by the HLA-A*24 alleles (A*24:02 and A*24:20) in our experiment are different from those previously obtained by quantitative PCR (qPCR) (34). This variability may reflect differences in methodology, cell types (PBMC vs. B lymphocytes), and population ethnicity. It would be important, therefore, to expand our analyses to subpopulations of cells to further understand the basis for allelic RNA-level differences.

We also noted from global comparison of the data that interallelic differences in the RNA levels are less pronounced at the HLA-A, HLA-B, and HLA-C class I loci compared to class II loci such as HLA-DQA1 and HLA-DQB1. Similarly, variations among individuals with identical alleles appear to be smaller at the class I genes compared to the class II genes. Therefore, in contrast to some of the class II genes with high degrees of variations in the RNA levels, expression of the class I genes might have evolved so that their expression levels are maintained to be relatively constant among different alleles and different individuals.

Polymorphisms located in the 5′ promoter region and 3′UTR of HLA genes are known to be associated with variation in HLA expression levels (21, 32–36). Regulatory cis and trans polymorphisms that affect transcriptional regulation also are involved in susceptibility to complex, multifactorial diseases (13). In this regard, our RNA sequencing method could help to evaluate the role of polymorphisms in the cis and trans regions of the HLA genes and allele-specific regulation of HLA gene expression because our capture probes were designed so that they covered full-length HLA regions including introns and 5′ and 3′UTR regions. These polymorphic HLA UTR sequences are of interest because some of them are targets for microRNA that regulate the protein and cell surface expression of the HLA genes (17, 19, 21). The capture RNA-Seq method may provide further and more comprehensive data, which could lead to a better understanding of the molecular mechanism or polymorphisms that regulate HLA RNA expression levels. This could be developed in ways to better manage HLA-associated diseases or transplantation outcomes. For example, high expression alleles of HLA-DPB1 were reported to be a risk effect for acute GVHD (25) (see also above), and therefore, reducing their expression levels prior to transplantation might help to reduce the risk of developing acute GVHD.

Of the 2,175 alleles at 12 HLA loci of 161 PBMC samples, we found on average that the allelic expression differences ranged from 1.3-fold for HLA-B to 5.8-fold for HLA-DQB1 (Figure 2 and Table 2). Especially, large differences were observed in HLA-DQA1 and HLA-DQB1 loci (Figure S3B). Restrictions in DQA1/DQB1 heterodimer pairing in which DQA1*01 proteins (low expression) only pair with DQB1*05 or DQB1*06 proteins (high expression) and DQA1*03 proteins (high expression) could pair with DQB1*02, DQB1*03 and DQB1*04 proteins (low expression) were observed in the 17th International Histocompatibility and Immunogenetics Workshop and Workshop Conference (IHIW) NGS HLA genotyping data (http://17ihiw.org/17th-ihiw-ngs-hla-data/) (62). Therefore, it appears that the DQA1-DQB1 linkage disequilibrium patterns could result from structural interactions of heterodimers associated with low/intermediate expression levels. It has been reported that specific allelic combinations of HLA-DQA1, HLA-DQB1, and HLA-DRB1 genes influence autoimmune disease predisposition, and, furthermore, their expression levels may also correlate with causes of the disease.

In several previous studies of HLA gene expression, the HLA genes were genotyped only to the field-1 level (allele lineage level) (21, 34, 43). However, expression studies of HLA genes genotyped only to the level of an allele lineage can miss the diversity that is more evident at the field-3 level. We compared the RNA expression levels among the classified alleles at least up to the field-3 level and classified the RNA expression levels of different alleles from the same HLA locus into distinct high and low groups. For example, we classified the RNA expression levels of 15 HLA-A alleles for high and low groups (P = 1.7 × 10−19); A*26:01:01 and A*26:02:01 were classified into a high expression group and A*26:03:01 into a low expression group (Figure S3E). In HLA-DPB1, a strong significant difference (P = 7.8 × 10−8) was observed in the expression levels of DPB1*04:01 and DPB1*04:02. Allelic differences at the field-3 level were also observed for other HLA loci such as DQA1*01:03:01 vs. DQA1*01 group alleles, DQB1*06:01:01 vs. DQB1*06 group alleles, and DRB4*01:03:02 vs. DRB4*01:03:01 (Figure S3B and Table S5). Thus, a new nomenclature for HLA alleles that is based on DAE results might be useful, especially in the investigation of transplantation outcome, infections, autoimmunity, cancer, and drug adverse effects. In addition, DRB3*02:02:01 broadly linked to HLA-DRB1 alleles and all HLA-DRB1 types (DR3, DR11, DR12, DR13, and DR14) with an ~2-fold difference was observed in the expression levels between the DRB1*14:54:01 linked DRB3*02:02:01 and DRB1*14:06:01 linked DRB3*02:02:01 (Table S5). The current NGS methods do not fully cover all the promoter/enhancer and intronic regions, and variations in these segments could determine differences of RNA expression levels that may define the differences between the low and high expressed alleles. Therefore, the newer and most advanced NGS methods should focus on sequencing the segments that determine the RNA expression levels because these possible variations could be important for better understanding the results of associations between HLA alleles, expression, and disease.

Various quantitative methods have been used previously to study specific HLA differential allelic expression including a luciferase reporter assay (19), qPCR using locus-specific primers (21, 38), and flow cytometry using antibodies to measure cellular HLA protein expression (20, 24), but none of these methods permit interallelic comparisons. On the other hand, NGS RNA-Seq (63) and our capture RNA-Seq method enable the RNA expression levels to be compared among the different HLA alleles and enable the detection of null and low expressed HLA alleles (Figure S3D). In addition, capture RNA-Seq is a cost-saving method that allowed us to analyze 24 samples in one MiSeq run and to use the same NGS results for genotyping and for quantitating the polymorphic RNA levels. DNA polymorphism analysis of full-length HLA genes (64, 65) and HLA gene expression (58) are usually treated as separate studies. Our singular approach for genotyping RNA as cDNA and also quantitatively measuring allelic expression as sequence read numbers could be a useful new approach for evaluating molecular mechanisms that are involved in abnormal HLA gene expression in cancer cells (31) and in the pathogenesis of autoimmune diseases.

Sequencing-based whole-transcriptome analysis (i.e., RNA-Seq) is a powerful tool to measure gene expression, detect novel transcripts, characterize transcript isoforms, and identify sequence polymorphisms. Here, we described a target enrichment method where a total RNA sample was converted to a sequencing-ready cDNA library and hybridized to a large set of HLA polymorphic RNA-specific biotinylated oligonucleotide capture probes prior to NGS. The resulting sequence data were highly enriched with low expressed alleles that dramatically increased the efficiency of next-generation sequencing and the analysis of allelic expressed RNAs.



CONCLUSION

This study is the first report of allele expression level differences for 12 classical HLA loci using a novel capture RNA-Seq method. The quantitative DAE data potentially provide information for predicting risks of graft rejections due to abnormally expressed HLA molecules in HCT and for discovering novel pathophysiological mechanisms in HLA-related diseases.
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Regulation of NK cell activity is mediated through killer-cell immunoglobulin-like receptors (KIR) ability to recognize human leukocyte antigen (HLA) class I molecules as ligands. Interaction of KIR and HLA is implicated in viral infections, autoimmunity, and reproduction and there is growing evidence of the coevolution of these two independently segregating gene families. By leveraging KIR and HLA-C data from 1000 Genomes consortium we observed that the KIR2DL1 variant rs2304224*T is associated with lower expression of HLA-C in individuals carrying the ligand HLA-C2 (p = 0.0059). Using flow cytometry, we demonstrated that this variant is also associated with higher expression of KIR2DL1 on the NK cell surface (p = 0.0002). Next, we applied next generation sequencing to analyze KIR2DL1 sequence variation in 109 Euro and 75 Japanese descendants. Analyzing the extended haplotype homozygosity, we show signals of positive selection for rs4806553*G and rs687000*G, which are in linkage disequilibrium with rs2304224*T. Our results suggest that lower expression of HLA-C2 ligands might be compensated for higher expression of the receptor KIR2DL1 and bring new insights into the coevolution of KIR and HLA.

Keywords: NK cells, KIR, natural selection, linkage disequilibrium, coevolution, expression, population genetics


INTRODUCTION

The killer cell immunoglobulin-like receptor (KIR) genes on chromosome 19 encode receptors that interact with a subset of human leukocyte antigen (HLA) class I molecules, encoded by genes on chromosome 6, to regulate NK cell cytotoxicity against infected and neoplastic cells (1–3). In fact, combinations of variants of KIR and HLA have been repeatedly associated with autoimmune disease (4–6), cancer (7, 8), viral infections (9, 10), and are also implicated in reproduction (11–14). As a result, the interaction of KIR and HLA is relevant to fitness and survival and candidate for evolutionary studies (15).

KIR recognize subsets of HLA-A (A3, A11, and Bw4), HLA-B (Bw4 and Bw6), and HLA-C (C1 and C2) molecules (16). HLA-C appears to have had a great impact on KIR evolution, driving the expansion of lineage III KIR, which are the receptor lineage that recognize HLA-C (17, 18). The dimorphism in position 80 of HLA-C defines HLA-C1 (80Asn) and HLA-C2 (80Lys) and confers differential specificity to KIR. Among all ligands, the interaction between KIR2DL1 and HLA-C2 is responsible for the strongest regulatory signal and HLA-C seems to act as the main educator of NK cells (19, 20).

Worldwide studies demonstrate coordinated frequencies of KIR and HLA in populations. In a comprehensive study consisting of 30 populations, Single et al. (21) found that increasing frequencies of activating KIR are correlated with decreased frequencies of their respective HLA ligands. On the other hand, Hollenbach et al. (22) showed positive correlation between the presence of KIR2DL3 and the presence of HLA-C1 in 105 worldwide populations. A strong and negative correlation of KIR gene-content haplotype A and HLA-C2, a pair which is associated with increased risk of pre-eclampsia, was found in eight populations from European, African, and Asian ancestries (11). Moreover, there is extensive evidence of balancing selection maintaining diversity in KIR genes (23–25). KIR and HLA segregate independently and there are no reports of gametic association between these two gene families. Here, we show that a single nucleotide polymorphism (SNP) in KIR2DL1 is associated with expression levels of the KIR2DL1 receptor on the cell surface and also with HLA-C expression.



RESULTS


KIR2DL1 Variant rs2304224*T Is Associated With Lower Expression Levels of HLA-C

To search for possible signals of coevolution between KIR and HLA, we evaluated if variants in inhibitory KIR that bind to HLA-C could be associated with HLA-C expression levels in global populations. We leveraged the public sequencing information available for all populations in the 1000 Genomes Project (1KGP) (26) and retrieved the genotypic data available for SNPs located within KIR2DL1 and KIR2DL23 (rs2304224, rs11673144, rs12982263, rs34721508, rs35719984, and rs35861855) in 955 individuals of various ancestries. We also obtained HLA genotyping data available for those individuals (27).

Subsequently, we used previously published data of HLA-C expression levels (28) and imputed the expression for each HLA-C genotype in the 1KGP cohort. The variant rs2304224*T was associated with lower HLA-C expression levels in individuals HLA-C1/C2 (p = 0.0420) and HLA-C2/C2 (p = 0.0059), but not in HLA-C1/C1 individuals (p = 0.0740; Figure 1A and Supplementary Figure 1). This variant is in position 13 of exon 1 and causes a phenylalanine to valine change in the KIR2DL1 signal peptide. We replicated these results by imputing the HLA expression in an independent panel of 308 Brazilians Euro-descendants for which HLA genotyping data was available, and we sequenced the first exon of KIR2DL1 to genotype rs2304224 (p = 0.0107; Figure 1B).
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FIGURE 1. HLA-C and KIR2DL1 expression are associated with genetic variants. (A,B) rs2304224 in KIR2DL1 marks in silico HLA-C surface expression (28) in two different cohorts. The presence of allele rs2304224*T marks lower HLA-C expression in (A) 130 C2/C2 homozygotes out of 955 individuals from 1000 genomes consortium and (B) 25 C2/C2 homozygotes out of 308 Euro-Brazilians from Curitiba (present study). (C) Higher KIR2DL1 surface expression and (D) increased presence on NK cells are also associated with the variant rs2304224*T (p = 0.0002 and p = 0.0027, respectively). (E) HLA-C genotype is associated to KIR2DL1 surface expression (p = 0.0074). There is no difference in expression, however, between homozygotes C1/C1 and heterozygotes C1/C2 (p = 0.44). Homozygosity for C2/C2, on the other hand, is associated with lower KIR2DL1 surface expression than in C1/C1 (p = 0.0031) and C1/C2 (p = 0.0016). Each dot in the graphs represents one individual. Red dots indicate hemizygosity for KIR2DL1. Median values are shown in horizontal lines and statistical significance is indicated in the top right corners of each plot.


To demonstrate that our approach to impute the HLA-C expression is predictive of the cell surface expression in vivo, we measured the HLA-C surface levels of fresh CD3+ cells in 30 individuals using flow cytometry and compared to the imputed values. We found a correlation of r = 0.62, p < 0.0001 (Supplementary Figure 2).



rs2304224*T Is also Associated With Higher Surface Expression Levels of KIR2DL1

We sought to investigate if the variant rs2304224*T in KIR2DL1 was associated with KIR2DL1 surface expression. We used flow cytometry to quantify both the abundance of KIR2DL1 on the surface of NK cells (median fluorescence intensity, MFI) as well as the percentage of NK cells expressing KIR2DL1 on their surface (KIR2DL1+ NK cell), and also interrogated if copy number variation of KIR2DL1 affects surface expression. Although borderline, we did not find significant differences of expression levels in individuals carrying one copy (hemizygous) or two copies (homo- or heterozygous) of KIR2DL1+ (p = 0.0594; Supplementary Figure 3A). However, the number of KIR2DL1+ NK cells was 2.16-fold higher in individuals carrying two copies (p = 0.0001; Supplementary Figure 3B). For all KIR2DL1 expression analyses, we used copy number of KIR2DL1 as covariant in the regression model.

We observed that the allele rs2304224*T, associated with decreased HLA-C expression, was also associated with 1.54-fold increase of the KIR2DL1 surface expression (p = 0.0002) and a 1.41-fold increase of KIR2DL1+ NK cells (p = 0.03; Figures 1C,D). The median expression of each KIR allotype is shown in Supplementary Figure 4. We also observed that KIR2DL1 expression was decreased in individuals homozygous for the presence of the C2 ligand (C2/C2, p = 0.007; Figure 1E).



Signals of Positive Selection for KIR2DL1 Variants in Linkage Disequilibrium With rs2304224

We next analyzed the entire KIR2DL1 gene in a subset of 109 Euro-descendants and 75 Japanese descendants sequenced using our custom next generation sequencing method (29). In Euro descendants, we observed low correlation but strong linkage disequilibrium (LD) between rs2304224 and three other variants (Supplementary Figures 5A,B). The first variant is at position −406 upstream of the KIR2DL1 gene (rs4806553, D′ = 0.99, r2 = 0.18, p < 10−8). The other variants are located within the coding region, in exon 4 (rs687000, D′ = 0.99, r2 = 0.52, p < 10−12) and exon 7 (rs34721508, D′ = 0.99, r2 = 0.24, p < 10−3). Weaker LD was observed for the same variants in Japanese descendants (Supplementary Figures 5C,D). Frequencies for all SNPs in both populations are given in Supplementary Table 1. Moreover, the frequency of HLA-C2 in our Japanese-descendant cohort was 10.3% while in Euro-descendants it was 40.9%.

We searched for signals of population specific selection, for both Euro and Japanese descendants, by estimating the extended haplotype homozygosity (EHH) using rs2304224 and also variants in significant LD with it as focal SNPs. The bifurcation patterns are consistent with positive selection increasing frequencies of the haplotype more rapidly than they could be broken by genetic recombination. Signals of positive selection were observed for the derived allele rs4806553*G in Japanese but not in Euro-descendants (Figures 2A,C). Strong signals of positive selection were also observed for the derived allele rs687000*G in both Euro and Japanese descendants (Figures 2B,D).
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FIGURE 2. Extended haplotype homozygosity (EHH) in KIR2DL1. The extended homozygosity analysis is based on the premise that advantageous alleles increase in frequency at a higher pace than the local recombination rate breaks down the haplotypes in which these alleles are located. Therefore, alleles marking regions with elevated extended homozygosity are possibly under recent positive selection. Here we identify extended haplotypes surrounding KIR2DL1 variants rs4806553 and rs687000. The possible haplotypes of rs4806553 and rs687000 in relation to rs2304224 are represented at the top of the image. The continuous line represents the most common configuration between two variants, and the dashed line represent less frequent configurations. On the left of each haplotype, arrows indicate higher or lower expression of KIR2DL1 and HLA-C, as associated with rs2304224 alleles G or T. A representation of the genomic organization of KIR2DL1 with the indicated location of the three variants is represented above. (A) EHH graph of decay in homozygosity (left) and furcation plot (right) for rs4806553 in Euro-Brazilians. The graph shows little to no difference between ancestral rs4806553*C (blue) and derived rs4806553*G (red) alleles in Euro-Brazilians. (C) EHH graph of decay in homozygosity (left) and furcation plot (right) for rs4806553 in Japanese. In Japanese, elevated homozygosity is associated with derived allele rs4806553*G (red). (B) EHH graph of decay in homozygosity (left) and furcation plot (right) for rs687000 in Brazilians with European ancestry and (D) Brazilians with Japanese ancestry. Elevated homozygosity associated with derived allele rs687000*G (red) is consistent with the selective sweep model, in which recent positive selection sweeps the diversity on nearby loci. Vertical dotted lines indicate the position of the core SNP. The thickness of each branch in the furcation plot is determined by haplotype frequency.





DISCUSSION

Previous results show that cis polymorphisms associated with HLA-C expression do not associate with NK cell activity (30), despite the compelling evidence that KIR-HLA are coevolving as an integrated system (11, 16, 21, 22). Here, we show evidence of coevolution of KIR and HLA by identifying a variant in KIR2DL1 that was associated with surface expression of the ligand HLA-C2 in worldwide populations. The allele rs2304224*T was associated with lower expression of imputed HLA-C surface expression in 995 individuals from 1KGP and also in an independent cohort of 308 Brazilian Euro-descendants. The association was only observed in individuals carrying at least one copy of HLA-C2, which suggests an orchestrated and refined evolution between these two systems. Although the antibody used in this study (DT9) cross reacts with HLA-E, it has been demonstrated that its binding represents the surface expression of HLA-C (28, 31) and also is correlated with mRNA expression levels of HLA-C measured by quantitative PCR (32). Therefore, our direct measurement of HLA-C expression in 30 individuals demonstrates that imputing HLA expression based on previously published data is predictive of the expression observed on the surface of fresh blood cells.

It is also interesting that the same allele rs2304224*T is associated with higher expression of the receptor KIR2DL1 in NK cells and also present in the high expressing KIR2DL1*002. The SNP rs2304224 in exon 1 causes a non-synonymous substitution of valine (allele G) to phenylalanine (allele T) in the signal peptide. The hydrophobicity of the signal peptide can influence protein retention in the cytosol (33). According to the Wimley-White interfacial hydrophobicity scale (34), valine has a free energy of transfer of 0.07 ΔG from water to bilayer, and the free energy of phenylalanine is −1.13 ΔG. The lower and negative value of phenylalanine indicates this transference is more favorable, and therefore, rs2304224*T may increase protein availability in the membrane. This could explain the increased KIR2DL1 expression associated with rs2304224*T.

The patterns that we observed for the expression of KIR2DL1 allotypes (Supplementary Figure 4) are consistent with previous studies (20, 35–37). Our results showing that copy number of KIR2DL1 affects the quantity of KIR2DL1+ NK cells corroborate those by Béziat et al. (37). On the other hand, the lack of significant association that we observed between KIR2DL1 copy number and the abundance of expression on the cell surface reinforces the idea that copy number does not affect levels of KIR2DL1 as strongly as it affects the proportion of cells expressing the receptor (37). The presence of HLA-C2 was associated with lower expression of surface KIR2DL1, according to our results and of others (35, 38, 39). However, differently from the observations from Le Luduec et al. (38), who observed that the expression of KIR2DL1 is associated to the presence of C2 in a dose dependent manner, we found association only in individuals carrying two copies of C2.

We found three SNPs in LD with rs2304224 (D′ = 0.99, 0.18≤ r2 ≤0.51). The low correlation coefficient is explained by difference in the allele frequencies among them. The frequency of the variant rs2304224*T is 0.26 in Euro-Brazilians, while the frequency of rs4806553*C is 0.67; rs687000*A is 0.57; and rs34721508*C is 0.86. From the three variants in LD with rs2304224, only rs34721508, in exon 7, has been previously associated with differential expression levels of KIR2DL1 in transfected cell lines (36). That study showed that cells expressing allotypes with 245Cys have reduced protein stability and are more susceptible to ligand mediated expression down-regulation in comparison to those with 245Arg. Interestingly, this variant was also present in the 1KGP dataset, and we did not observe association of rs34721508 genotypes with HLA-C imputed expression levels (p = 0.28). We also demonstrated that there is an additive effect of rs2304224*T and rs34721508*C on KIR2DL1 expression, which indicates that each has independent effect on the expression of KIR2DL1 (Supplementary Figure 6), despite the fact that both these variants are present in the high expressing KIR2DL1*002 (Supplementary Table 1). This observation argues in favor of our approach to expand the analysis of individual SNPs rather than solely analyzing the common combinations of SNPs present in the most frequent KIR2DL1 alleles.

We applied extended haplotype homozygosity (EHH) analysis to all SNPs in LD with rs2304224, using the next generation sequencing data that we generated for a subset of Euro and Japanese descendants. Homozygosity surrounding the derived allele rs4806553*G was prominent in the Japanese population, suggesting this allele has been under recent positive selection. Japanese populations are especially interesting because they exhibit the lowest frequency of the HLA-C2 allotype (only 8%) (40) and, accordingly, we report low frequency of C2 also in the Brazilians of Japanese ancestry (10.3%). The low frequency of HLA-C2 could be driving the evolution of KIR2DL1 in the Japanese population.

The SNP rs4806553 is located 406 kbp upstream of the KIR2DL1 gene, in the sequence corresponding to its intermediate promoter (Pro-I), suggested to control protein expression in mature NK cells (41). Moreover, it has been shown that the Pro-I sequence containing allele rs4806553*C binds to the transcription factor activator protein-1 (AP1), while rs4806553*G abrogates this binding (42). This could potentially explain the higher expression of KIR2DL1*002, which contains allele rs4806553*C, in comparison to other KIR2DL1 alleles carrying the variant rs4806553*G, such as KIR2DL1*004 and KIR2DL1*006 (Supplementary Figure 4 and Supplementary Table 1). Our data suggests that the attenuation of NK inhibition mediated by KIR2DL1 represents an evolutionary advantage and is being favored by positive selection in the Japanese population.

Strong signals of positive selection were observed toward the derived allele rs687000*G in both our cohorts. This variant is a synonymous change in exon 4, without apparent impact on regulation of KIR2DL1 expression. One hypothesis is that rs687000*G rose in frequency due to hitchhiking with a nearby variation that was positively selected and eventually fixed. We did not observe signals of positive selection for rs2304224 and rs34721508, which strongly associate with KIR2DL1 expression levels. One possibility is that selection could be favoring specific KIR2DL1 alleles that carry these variants. In fact, the combination of rs2304224*G (neutral), rs687000*G (positively selected), and rs34721508*C (neutral) defines KIR2DL1*003, the most frequent allele across all populations worldwide (43).

Coevolution of KIR and HLA is mostly driven by HLA-C (20, 44), which encodes a strong educator for KIR+ NK cells (45, 46). A fine tuning mechanism of NK cell regulation through the cell-specific promoter NK-Pro (47) was recently proposed, in which expression levels of HLA-C during NK cell education combines with expression levels and interaction strength of KIR and HLA in mature NK cells to modulate their selectivity and cytotoxicity (48). KIR2DL1 is the receptor with the highest affinity and avidity to HLA-C, and mediates the strongest NK response (19, 20, 49). Therefore, it is plausible that variation in KIR2DL1 could be under selection and also that KIR2DL1 and HLA-C are coevolving. Here, we show a KIR2DL1 variant that is associated with lower expression of KIR2DL1 and inversely associated with higher HLA-C expression in HLA-C2/C2 individuals. This could be an indication that higher levels of the ligand are being compensated by lower expression of the receptor. We also observed evidence of positive selection on KIR2DL1. Our data show that much remains to be understood regarding the mechanisms of the KIR-HLA recognition and evolution. They also bring insights into the evolution of these two systems and suggest that more questions will emerge as we explore more deeply KIR-HLA diversity at high resolution.



MATERIALS AND METHODS


Samples

We analyzed a cohort of 308 individuals of predominantly European ancestry and 75 individuals of Japanese ancestry from Curitiba, Brazil. About 80% of the population from Curitiba self-reported as Euro-descendant (50), which is in accordance with previous genetic studies (51). For the Japanese descendants, we only included individuals who had two parents or four grandparents born in Japan, with no history of admixture with non-Japanese ancestries. In order to measure KIR2DL1 expression levels, we analyzed fresh blood cells from a subset of 48 Euro-descendants. A subset of 30 of these individuals were included in the HLA-C expression assay. Detailed information about the study design is given in Supplementary Figure 7. All individuals were living in Curitiba, Brazil, at the time of blood collection. Median age in the group was 26 years (ranging from 20 to 64) and the male/female ratio was 0.37.

For expression assays, we collected 8 mL of peripheral blood samples and isolated PBMC (peripheral blood mononuclear cells) using LeucosepTM tubes (Greiner Bio-One, Austria), which have a selective membrane for density-based lymphocyte separation, and Ficoll Hypaque (Sigma Aldrich, MO). Isolated PBMC were counted in a Neubauer chamber under an optical microscope. A total of 0.5 × 106 cells were incubated with specific antibodies for KIR2DL1 and HLA-C and analyzed by flow cytometry. Detailed description and gate strategy are shown in Supplementary Figure 8.



KIR2DL1 and HLA-C Genotyping

We initially sequenced exons 1, 4, 5, 7, and 9 to distinguish the main KIR2DL1 allele groups using the Sanger method (52) in the 48 Euro-descendants included in the expression assay (Supplementary Figure 9). The sequences obtained were aligned with reference sequences from IPD-KIR database (43), using the software Mutation Surveyor® (SoftGenetics, PA) and identified manually. Additionally, we sequenced only the exon 1 (containing the variant rs2304224) in extra 260 Euro-descendant individuals to increase statistical power for the analysis of rs2304224.

We applied quantitative PCR to determine copy number of KIR2DL1 compared to KIR3DL3, which is present in virtually all haplotypes. KIR2DL1 was amplified in triplicate using one set of primers and the reference gene KIR3DL3 was amplified using other three sets of primers, each in triplicate, in a total of 12 (4 × 3) reactions per sample. The sequence of all primers used for amplification, sequencing and copy number assay, including those designed in this study as well as those described previously (53–57) are given in Supplementary Table 2.

We also sequenced the entire KIR2DL1 gene in 109 Euro-descendants and 75 Japanese descendants from Curitiba, Brazil. These samples were sequenced using the previously published method for next generation sequencing of KIR and HLA genes (29) using Illumina platform.



Data Analysis

Normality of variables was tested using Kolmogorov-Smirnov test, in R package nortest (58). Difference in HLA-C expression between KIR2DL1 SNP genotypes was tested via the Kruskal-Wallis test, using stats R (59). Post-hoc analysis of Dunn was applied to Kruskal-Wallis results in order to identify pair-wise significant differences between genotypes, in R package dunn.test (60). Median HLA-C expression by allele, as defined by Apps et al. (28), was imputed for each allele in an individual, and then summed. The imputation was performed in all 308 Brazilians of European ancestry sequenced for rs2304224 and 1KGP individuals. Correlation analysis between expected HLA-C expression in CD3+ cells and in vivo HLA-C expression in CD3+ cells was calculated with R package Hmisc (61). Difference in KIR2DL1 expression according to copy number was tested using Mann-Whitney, in stats R (59). Association of KIR2DL1 expression with allotype and rs2304224 was tested through logistic regression using copy number as a covariate, also in stats R. Linkage disequilibrium was estimated using LD function from R package genetics (62) and plotted with a modified version of R package LDheatmap (63). Median expression graphs were plotted using base and beeswarm R packages (59, 64).

KIR2DL1 SNPs obtained from genomic sequence data were phased using fastPHASE, with modified parameters (-T10 -H200). The phased data was used for estimation of extended haplotype homozygosity (EHH) (65) using R package rehh (66). Ancestral and derived alleles were defined according to the Database of Single Nucleotide Polymorphisms (dbSNP) (67).
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The activity and function of natural killer (NK) cells are modulated through the interactions of multiple receptor families, of which some recognize MHC class I molecules. The high level of MHC class I polymorphism requires their ligands either to interact with conserved epitopes, as is utilized by the NKG2A receptor family, or to co-evolve with the MHC class I allelic variation, which task is taken up by the killer cell immunoglobulin-like receptor (KIR) family. Multiple molecular mechanisms are responsible for the diversification of the KIR gene system, and include abundant chromosomal recombination, high mutation rates, alternative splicing, and variegated expression. The combination of these genetic mechanisms generates a compound array of diversity as is reflected by the contraction and expansion of KIR haplotypes, frequent birth of fusion genes, allelic polymorphism, structurally distinct isoforms, and variegated expression, which is in contrast to the mainly allelic nature of MHC class I polymorphism in humans. A comparison of the thoroughly studied human and macaque KIR gene repertoires demonstrates a similar evolutionarily conserved toolbox, through which selective forces drove and maintained the diversified nature of the KIR gene cluster. This hypothesis is further supported by the comparative genetics of KIR haplotypes and genes in other primate species. The complex nature of the KIR gene system has an impact upon the education, activity, and function of NK cells in coherence with an individual’s MHC class I repertoire and pathogenic encounters. Although selection operates on an individual, the continuous diversification of the KIR gene system in primates might protect populations against evolving pathogens.
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INTRODUCTION

The innate and adaptive arms of the immune system are interconnected, and feature several effector functions that provide efficient and specific protection against infection and tumor formation. Major components of the adaptive arm comprise T and B lymphocytes characterized by rearranging antigen receptors, which exert cytotoxic and humoral immunity, respectively. The cytotoxicity mediated by T lymphocytes highly depends on the presentation of intracellular antigen segments derived from pathogens by MHC class I molecules and subsequent clonal expansion of cells with specific receptors. A third type of lymphocytes bridge the innate and adaptive immune response, and comprises natural killer (NK) cells, which participate, for instance, in the recognition and elimination of aberrant cells that down-regulate their MHC class I expression to evade detection by T lymphocytes (1). Without prior priming or clonal expansion, inhibitory and activating receptors on the NK cell surface interact with MHC class I molecules on nucleated cells to modulate NK cell effector functions, which include the killing of target cells by the release of cytolytic proteins and the regulation of other immune cells by the secretion of cytokines (2). The genes encoding the MHC class I molecules are considered the most polymorphic genes known in vertebrates, a phenomenon that resulted from selective pressure to adapt to the rapid diversification of pathogens. This extended repertoire of MHC class I genes and alleles requires the NK cell receptors to co-evolve to maintain a functional relation with their ligands. The recognition of MHC class I molecules by NK cells involves two receptor families: the conserved CD94:NKG2A receptors and the highly polymorphic and diverse killer cell immunoglobulin-like receptors (KIR). Both receptor families consist of inhibitory and activating members. Their engagement with MHC class I molecules calibrates the responsiveness of NK cells through a continuous educational process, which largely controls subsequent NK cell activity (3, 4). The KIR receptors are encoded within the Leukocyte Receptor Complex (LRC) on chromosome 19q13.4, and share this genomic region with other structurally similar immune-regulators, such as the leukocyte Ig-like receptors (LILRs) and the leukocyte-associated Ig-like receptors (LAIRs; Figure 1) (5). Based on different Alu elements that can be regarded as a molecular clock, the initial expansion of the primate KIR gene cluster is estimated to date back to approximately 31 to 44 million years ago. This process continued, and is currently reflected by extensive gene duplications and point mutations (6). Different diversifying mechanisms in combination with evolutionary selective factors propel the complex KIR gene content at the individual level but also at the population and species-specific level, which all together contribute to the heterogeneity of NK cell subsets and their activity. The KIR gene diversification is not limited to humans. Comparative analyses that include other primate species might help in gaining a thorough understanding of the evolutionary processes that resulted in the diversification of this gene system. In the following sections, we will discuss the different genetic mechanisms that drove the evolution of the highly plastic KIR gene system in hominoids (humans and great apes) and Old World monkeys, and how this might influence their NK cell response.
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FIGURE 1. KIR haplotype organizations in different primate species. A schematic overview of the Leukocyte Receptor Complex (LRC) on chromosome 19q13.4 and KIR haplotype organizations in different primate species. A fixed copy of the KIR3DX gene is located within the primate LILR gene cluster, whereas the expanded KIR gene cluster is flanked by the LILR and FcaR genes. The expansion involved four different KIR gene lineages – I, II, III, and V – the members of which are indicated as yellow, blue, red/gray, and pink boxes, respectively. The gray lineage III boxes represent pseudogenes. In most hominoids, KIR haplotype organizations follow a standard framework, in which the centromeric and telomeric regions are bordered by genes from lineages V and III, and lineages I and II, respectively. A relatively large non-coding segment separates the centromeric and telomeric haplotype sections.




CO-EVOLUTION OF MHC AND KIR GENES

The complex KIR gene system requires a comprehensive nomenclature guideline for the different genes and allotypes in order to distinguish the corresponding receptors by their structure and signaling potential (7–9). Receptors may contain one to three Ig-like domains, which are encoded by exon 3 (D0 domain), exon 4 (D1 domain), and exon 5 (D2 domain), and are referred to as KIR1D, KIR2D, and KIR3D in the official nomenclature. Further classification defines the inhibitory or activating signaling function of the KIR receptors, which is characterized by either a long or short cytoplasmic tail, respectively, and specified with an “L” or an “S” following the domain number denotation. The long cytoplasmic tail contains one or two immune tyrosine-based inhibitory motifs (ITIMs), whereas the signal transduction of activating KIR depends on the interaction with an adaptor molecule that includes an immune tyrosine-based activating motif (ITAM) such as DAP12. Pseudogenes are indicated with a “P” (e.g., KIR3DP). In addition, a four-character species designation is included in front of the KIR acronym (e.g., Mamu-KIR3DL20 in rhesus macaques; Macaca mulatta).

The mammalian KIR genes originate from two progenitor gene lineages: KIR3DX and KIR3DL. The KIR3DX lineage is represented by a single gene copy located in the center of the LILR gene cluster (Figure 1). The gene is fixed in most primate species, and its function is currently unknown (10). This lineage is, however, expanded in cattle, and encodes multiple inhibitory and a single activating functional KIR3DX receptor, which interact with an expanded repertoire of classical MHC molecules (11, 12). In contrast, the KIR3DL lineage expanded in primates and was diversified by duplications, deletions, and recombinations, which resulted in an elaborated KIR gene family. Based on their structure, ligand specificity, and/or phylogenetic analysis, the primate KIR receptors are divided into four lineages. Lineage I genes encode receptors with a D0-D2 domain configuration; lineage II (D0-D1-D2) is defined by the specificity for subtypes of HLA-A and -B in humans; lineage III includes receptors with D1-D2 and D0-D1-D2 domain configurations; and lineage V (D0-D1-D2) is represented by human KIR3DL3 and its orthologs. In the primate species studied, at least one KIR gene was discovered for each lineage, which indicates that gene duplication and diversification predates primate speciation. The subsequent lineage expansions are, however, species specific (Table 1).


TABLE 1. The number of KIR genes defined per primate species indicated per lineage.
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Lineage I and V KIR genes have a conserved nature in all primate species examined, and comprise, respectively, KIR2DL4 and KIR2DL5, and KIR3DL3, or a similar structure, such as Mamu-KIR3DL20 in rhesus macaques. More extensive and species-specific expansions are reported for KIR genes that cluster into lineages II and III (Table 1), and the data suggest that this coincides with the evolution of their MHC class I ligands. Therefore, diversification of the lineage II and III KIR genes might be indirectly propelled by the adaption of the MHC class I molecules to pathogenic encounters. For hominoids, this section of co-evolution of KIR and MHC has been comprehensively reviewed by Wroblewski and colleagues (13). In short, the MHC gene content in great apes displays to a limited extent a variable number of MHC-A, -B, and -C genes per haplotype (Table 2). MHC-C, which originated from a duplication of an MHC-B gene, is fixed in all hominoids except for orangutans, where it is present on about half of the haplotypes (14). In addition, the epitopes recognized by the relevant KIR are differentially distributed across the different MHC class I genes (Table 2). The C1 and C2 epitopes, for example, are absent in bonobos and orangutans, respectively, whereas the A3/A11 epitope is only defined on HLA-A molecules. The hominoid MHC class I evolution is accompanied by the reduction and refinement of KIR specific for MHC-A and -B, which is reflected in their limited number of lineage II KIR receptors, whereas the emergence and fixation of MHC-C in humans, chimpanzees, and gorillas drove the expansion and specialization of lineage III KIR (Table 1) (13).


TABLE 2. The expansion of MHC class I genes in different primate species.
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Old World monkeys, including macaques, lack an MHC-C ortholog, but instead display extensive copy number variation regarding polymorphic MHC-A and -B genes, as opposed to the fixed number of MHC class I genes in hominoids (Table 2) (15–18). The expression level of the different MHC-A and -B molecules, however, varies considerably in macaques. It is generally accepted that per haplotype at least a single MHC-A and 1 to 3 MHC-B genes are characterized by high transcription, and are referred to as “majors,” whereas the other MHC class I genes have lower transcription levels (“minors”), or may be pseudogenes. The differential transcription suggests a more classical function for the major MHC molecules, such as antigen presentation, whereas the minors might exert more specialized functions (19, 20). Only a few interactions of macaque MHC and KIR are documented, and, so far, all interactions involved lineage II KIR that recognize Bw4 and Bw6 epitopes on MHC-A and -B allotypes (Table 2) (21–25). This putative lineage II specificity for the copious macaque MHC class I repertoire coincides with an extensive ligand expansion, and, thus far, 54 and 56 different lineage II KIR genes have been documented for rhesus and cynomolgus macaques, respectively (Table 1) (7). Like the majors and minors for the MHC system, the KIR genes, may display differential expression levels, which are modulated by sequence polymorphisms and by an individual’s MHC class I repertoire (26–28). Lineage III KIR genes, which encode ligands for MHC-C in hominoids and were subject to expansion, are represented in macaques by a single gene and encodes a receptor with only the D1 extracellular domain (KIR1D). Its presence on 22% and 82% of the rhesus and cynomolgus macaque KIR haplotypes, respectively, suggests a balancing selection for this structurally modified receptor, which might execute a function other than conventional MHC recognition (29).

The maximal expression of six distinct MHC class I genes in most hominoids and the specialization of MHC-C as ligand for lineage III KIR is in line with their modest KIR gene expansion (Tables 1, 2). Macaques may harbor over 20 distinct MHC class I genes in one individual, of which only a few are dominantly expressed and considered to be majors. The expanded MHC repertoire in macaques probably propelled the extensive expansion and differential expression of their lineage II KIR. The balanced expansion of the MHC and KIR gene systems in primates indicates co-evolution in order to maintain a functional relation.



TRANSPOSABLE ELEMENTS FACILITATE CHROMOSOMAL RECOMBINATION

One of the mechanisms responsible for the extensive KIR gene diversification in macaques, and to a lesser extent in hominoids, involves chromosomal rearrangements that are accompanied by deletions and recombination, which may result in the generation of fusion genes (Figure 2A). This type of gene formation may shuffle the binding and signaling domains of different KIR receptors, thereby functionally altering the response potential of KIR family members. The dense head-to-tail arrangement of the KIR genes is likely to facilitate at least in part the chromosomal instability of this gene cluster. A KIR haplotype spans approximately 150 to 350 kb, depending on the number of genes present. Most KIR genes are separated by only 2.5 kb, as opposed to the wider haplotype configurations of more stable and less expanded gene families, such as the LILR gene cluster (6, 30–33). In addition, the presence of transposable elements, including Alu and LINE elements, in the intergenic and intragenic KIR sequences is another factor that further promotes genetic instability (6, 34–36). These repetitive elements are present in all primate KIR genes, although with species-specific variation, and drive recombination and genetic deletions (35, 37–39). For the few completely sequenced fusion KIR genes in humans, the chromosomal breakpoints indeed map in the intragenic transposable elements. This supports the idea that the abundant presence of transposons in the KIR cluster facilitates chromosome fragility, which is reflected by genetic expansion and contraction, and the formation of fusion genes (34, 40, 41). A considerable number of human fusion KIR genes were generated by reshuffling that involved segments of pseudogenes (34). The conservation of two pseudogenes in the human KIR repertoire, KIR2DP1 and KIR3DP1, might be explained by their role in promoting recombination events. The human KIR haplotypes that include an apparent fusion gene are represented by relatively low frequencies (42–45). Positive selection of fusion entities might, however, increase their frequencies in certain populations (45). Ancient recombination events and subsequent selection might have contributed substantially to the current human KIR repertoire, but the modest expansion of the human KIR genes nowadays indicates limited recent recombination events. In contrast, an excessive number of recombination events are recorded in rhesus and cynomolgus macaques, with the presence of at least one fusion KIR gene on 42% and 49% of their haplotypes, respectively (29, 43). The abundant presence of fusion genes indicates that in these species the reshuffling of KIR gene segments is an ongoing process that expands the macaque KIR repertoire. Although information on the non-coding regions in the macaque KIR cluster is limited at present, the chromosome instability and consequential recombinations in concert with selection are likely to have driven the extensive expansion of lineage II KIR genes. This fast mode of evolution is further reflected in the relatively low number of orthologs that are shared between the closely related rhesus and cynomolgus macaques and their populations (29).
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FIGURE 2. The genetic mechanisms propelling diversification. The primate KIR cluster diverged as a result of multiple molecular processes, which together modulate the KIR gene content and expression status. (A) The expansion and contraction of KIR haplotypes is mediated by chromosomal recombinations, which can introduce or remove one or multiple KIR genes. Occasionally, a recombination event is accompanied by the generation of a fusion gene, which functionally and structurally expands the gene repertoire. (B) The KIR genes are further diversified by point mutations in coding and non-coding regions, which generate alleles that encode receptors with different structures, localization, function, and expression. (C) Alternative splicing is another mechanism that has a similar impact on the function and structure of receptors. The blue and green boxes indicate exons and introns. The isoforms are generated by different splice events, which involve alternative splice sites and exon skipping. (D) The differential expression of subsets of KIR receptors on different NK cell clones forms another level of variation that is mediated and maintained by sequence variability in the complex promoter regions and epigenetic modifications. A conjunction of the proximal, intermediate, and distal promoters is required to induce KIR expression.


In all hominoids and Old World monkeys, the 5’ section of the KIR gene cluster is occupied by KIR3DL3 or similar structures, which are considered framework genes and might carry out essential functions. The structure and evolutionary pathway of these lineage V KIR genes is a complex outcome of multiple recombination events (46). Additional chromosomal rearrangements in rhesus macaques involved the exchange of the cytoplasmic tail of KIR3DL20 with the tails of KIR2DL04 (lineage I) and KIR1D (lineage III). These recombination events are not conserved in macaque populations, which implies the relatively recent formation of novel gene entities propelled by ancient recombination hotspots (29).

Chromosomal recombination events generate genetic variability in the KIR gene cluster by the formation of fusion genes. Subsequent selection of these novel genes might supply an adaptive and protective strategy in the arms race with rapidly evolving pathogens.



KIR HAPLOTYPE DIVERSITY IN PRIMATE SPECIES

Chromosomal rearrangements not only generate novel KIR gene entities by recombination but also diversify the haplotype gene content by insertions and deletions of genes (Figure 2A). In general, hominoid KIR haplotypes consist of two genomic regions that are bordered by four framework genes (Figure 1). The proximal half of the haplotype is termed the centromeric region and is defined by KIR3DL3 to KIR3DP1/KIRDP, whereas the distal part, or telomeric region, ranges from KIR2DL4 to KIR3DL2/KIR3DL1. Within these sections, KIR genes of different lineages expanded and contracted during hominoid speciation. In humans, the expansion involved lineage III KIR genes in their centromeric and telomeric regions, whereas expansion in chimpanzees, gorillas, and orangutans expansion took place in the same lineage in the centromeric region only (Figure 1). The human haplotype content ranges from 7 to 12 KIR genes, whereas the number in chimpanzee and orangutan haplotypes stretches from 5 to 11 and 5 to 10 functional KIR genes, respectively. In contrast to other hominoids, bonobos are characterized by a contraction of their KIR region, with only 3–7 KIR genes expressed on a haplotype. The shortest bonobo KIR haplotype consists of only the framework genes (47). The contracted bonobo KIR cluster coincides with a reduced nucleotide variation in their MHC class I repertoire, which might be caused by a bottleneck or pathogen-driven selective sweep after divergence from the chimpanzee’s lineage (48–51). In contrast, a highly variable KIR haplotype content is encountered in the macaque, with 4 to 17 functional KIR genes that mainly map to the telomeric region (Figure 1). The haplotype framework in macaques is less fixed than in hominoids, with only KIR3DL20 expressed on all haplotypes, whereas KIR2DL04 is present on 70% of the rhesus macaque haplotypes. A gene orthologous to hominoid KIR3DL2/KIR3DL1 that usually marks the telomeric region is absent.

The diversified KIR haplotypes in hominoids and Old World monkeys stem from a primordial configuration, for which a model has been proposed by Guethlein and colleagues (35). This model describes abundant duplications and recombination events that eventually formed a conserved haplotype framework in hominoids. The previously mentioned transposable elements are likely propagating these chromosomal rearrangements that continue to mediate the diversification of haplotype configurations. One major hotspot for recombination is mapping in between the centromeric and telomeric regions, which facilitates the reorganization of the different haplotype regions. In addition, KIR haplotypes also display the insertion and deletion of one or multiple KIR genes propelled by unequal crossing-over, which is occasionally accompanied by the formation of a fusion gene (29, 40, 42–44). In humans, these contractions and expansions, which are mediated by double-stranded breaks at intragenic and intergenic repetitive elements, resulted in haplotypes that expressed 3 to 15 KIR genes (40). The short haplotypes do not express all framework genes. For instance, the deletion of KIR2DL4 is commonly observed on genotypes defined across different populations (52, 53). Approximately 7% of the human KIR haplotypes are showing indications for contraction and expansion (42). Although the number of completely defined KIR haplotypes in other hominoids is low, several rare KIR configurations in chimpanzees and orangutans illustrate genetic footprints for insertion and deletion events, which is also occasionally accompanied by the formation of a fusion gene (54, 55). In macaques, only two completely sequenced haplotypes are available at present, whereas an abundant number of haplotypes are deduced at the transcription level by segregation studies (26, 29, 31, 43, 56, 57). The presence of multiple highly similar allotypes, encoded by highly similar KIR genes, on a single haplotype indicates an expansion by the insertion of one or more genes. Such events were recorded for 47% and 26% of the rhesus and cynomolgus macaque haplotypes, respectively (29). In contrast, a minimal KIR gene content and the presence of a fusion gene often are indicative of a haplotype contraction. An example of a prominent haplotype reduction in rhesus macaques involved the deletion of the complete centromeric region by an intragenic recombination of KIR3DL20 and KIR2DL04 (29). The variable haplotype content and the relatively high number of fusion genes indicate extensive recombination as a mechanism to diversify the macaque KIR gene system in a still ongoing process. This phenomenon is observed to a lesser extent for the KIR haplotypes in hominoids, where the process seems to have relaxed.



THE KIR GENE ALLELIC REPERTOIRE IS EXPANDED BY POINT MUTATIONS

Another level of variation is displayed by allelic polymorphisms, which is explained to a large extent by the occurrence of single nucleotide polymorphisms (SNP; Figure 2B). These nucleotide variations have a wide-ranging impact, and may modulate the expression level at the cell surface, ligand specificity, interaction strength, and localization of the KIR receptor. Single nucleotide variations in the extracellular D0 and D1 domains of human KIR2DL2∗004 and KIR3DL1∗004, for example, retain the receptors within the cell, which might be caused by misfolding (58, 59). Polymorphisms in KIR2DL3 alleles affect the avidity of the receptor to bind their HLA-C ligands. The low-avidity KIR2DL3∗001 and the high-avidity KIR2DL3∗005 only differ at three nucleotides in their D1 domain, which alters the orientation of their extracellular domains and thereby their binding strength (60). Although most KIR disease association studies determine the gene content by the presence and absence of KIR gene sections, and thereby lack allele-level resolution, several studies demonstrated that the functional differences of KIR alleles might also impact health and disease. For example, two KIR2DL1 alleles in the African KhoeSan population evolved by single nucleotide mutations and are associated with a reduced risk for pregnancy disorders (61). Other associations demonstrated that the highly expressed KIR3DL1 alleles are more protective against disease progression in HIV-infected individuals than lower expressed allotypes, except for the intracellularly retained KIR3DL1∗004, which is low in expression but highly protective (62–64).

A total of 1110 human KIR alleles are cataloged in the Immuno Polymorphism Database (IPD-KIR, release 2.9.0), whereas the number of reported alleles for different non-human primate species ranges from 521 KIR alleles in rhesus macaques to 5 KIR alleles in Bornean orangutans (IPD-NHKIR, release 1.2.0.0). These allele numbers may give a distorted view of the actual levels of polymorphism within a species due to the differential number of individuals studied. The high level of allelic polymorphism appears to be at least comparable in humans and macaques. The thoroughly documented allelic polymorphism in humans and macaques reveals a varying number of alleles per KIR gene, with most nucleotide variation exhibited by the framework genes (7, 29, 44). In addition, a high number of alleles were reported for certain KIR genes located on the telomeric haplotype region in humans (KIR3DL1, KIR2DS4) and the highly frequent inhibitory KIR genes in macaques (KIR3DL01, KIR3DL07). An expansion of the allele numbers for the frequently expressed KIR genes might indicate a continuous role in co-evolution with particular pathogens. The less common KIR genes, which include mostly activating KIR, vary in gene content rather than allelic polymorphism and therefore seem to execute more specialized functions and/or might be involved in the recognition of conserved ligands and peptides (7, 29, 44).

For humans, KIR alleles are also distinguished by SNPs in their introns (IPD-KIR, release 2.9.0) (65), which might impact, for instance, the expression level and post-transcriptional splicing. A total of 353 human KIR alleles can only be distinguished from the reference gene based on intronic variations (IPD-KIR, release 2.9.0), and this number is likely to be underestimated (65). Sequence data on the non-coding KIR gene regions are lacking for non-human primate species, but a similar extent of intronic variations might be feasible and may impact their receptor functionality. However, there are no disease or health associations reported for intronic polymorphisms within the KIR genes, but abundant pathological conditions are described for intronic variations in many other genes mapping elsewhere in the genome (66). For example, a SNP in the human CYP2D6 gene is linked to a decreased expression of the functional transcript and correlates with a lower metabolic activity (67). For HLA-DP, a single nucleotide variation in the 3′ UTR modulates the expression level of different allotypes, which impacts the susceptibility to chronic hepatitis B virus infection (68).

Allele variation is mainly generated by synonymous and non-synonymous point mutations, and only the latter ones will impact the composition of the gene products. In sharp contrast to MHC class I polymorphisms, the allelic nucleotide variations of the KIR genes are evenly distributed over the coding regions. The high concentration of CpG islands located in the KIR gene cluster might contribute to an elevated mutation rate, as these islands are in general more prone to promote nucleotide transitions (69–71). In addition, chromosomal rearrangements are known as mutagenic events (69, 72–74). In particular, the regions that surround genomic insertions and deletions display an increased mutation rate, which might be induced by error-prone DNA replication (69, 75–77). The abundant recombination that is accompanied by insertions and deletions in the primate KIR cluster is likely to contribute to the extensive allelic KIR variation. Within two and three generations of human and macaque families studied, the birth of novel KIR alleles is described, which might further substantiate the rapid mutation rate in this gene cluster (29, 78). To our knowledge, such an event has not been recorded for the highly polymorphic MHC class I genes.

The variation involving KIR genes at the allele level impacts the interactions with their highly polymorphic MHC class I ligands, and demonstrate that point mutations contribute to a diversified KIR gene system. The general lack of allele level characterization in the clinic might limit the number of associations reported for KIR allele heterogeneity and their functional and disease-related effects. Even intronic variations might impact the KIR receptor expression and function. These few associations highlight the need to further characterize the KIR gene content of humans and other primate species at an allele level resolution.



ALTERNATIVE SPLICING AS A MECHANISM FOR STRUCTURAL DIVERSIFICATION

The complexity of the primate KIR gene cluster is further extended by alternative splicing (Figure 2C) (79–83). This post-transcriptional mechanism can generate multiple messenger RNA (mRNA) transcripts from a single gene, which are translated into different receptor isoforms. Constitutive splicing excludes the intronic sequences from the precursor mRNA (pre-mRNA) and ligates the coding exons. Alternative splicing deviates from this pattern by the use of alternative splice sites, the skipping of exons, and the retention of introns (Figure 2C) (84). The alternative splice events for human and macaque KIR transcripts are well documented, and demonstrated that both in- and out-of-frame transcripts are generated (79–83). The out-of-frame transcripts often have an early stop codon, and this results in early truncation of the transcript. Even though these out-of-frame transcripts appear as a redundant side effect of alternative splicing, it might reflect a regulatory pathway to rapidly down-regulate receptor expression. The functional impact of the in-frame generated KIR isoforms may be diverse. The skipping of exons generates transcripts that encode modified KIR isoforms, which lack one or two extracellular domains, the stem region, or the transmembrane region. These KIR isoforms probably exhibit differential binding properties or are secreted as soluble receptors (Figure 2C) (85). In-frame splice events that involve alternative splice sites might insert a partial intronic sequence into the transcript or delete a part of a coding exon. Although the functional and structural consequences of these KIR isoforms are harder to predict, they are likely to modify the receptor expression level, cellular localization, and ligand interactions.

Several splice events were frequently recorded or were defined for multiple KIR genes, and implicate the existence of conserved splice events that generate structurally and functionally distinct isoforms. For example, exon 4 (coding for the D1 domain) is frequently skipped from KIR3DL20 transcripts in macaques, thereby generating transcripts that encode both the complete receptor and receptors with a D0-D2 domain configuration (43, 57). This macaque isoform is termed KIR2DL05, as it displays an 89.5% sequence similarity with human KIR2DL5. Moreover, it demonstrates that alternative splicing expands the macaque KIR repertoire by generating a second two-domain structure (KIR2DL) additional to KIR2DL04. The most frequent KIR splice event in humans involved the skipping of exon 6, which encodes the stem region. Other frequent events included the skipping of exon 5 (D2 domain) and partial deletions in exons 4 and 5. These events result in isoforms that are likely to display altered binding properties, but their exact activity and localization remains elusive. Another common splice event in humans might function as a regulatory switch for expression of the 9A and 10A KIR2DL4 alleles by restoring or disrupting the open reading frame (ORF) (79). Less frequent alternative splicing events were often found to be gene specific, and were mainly out-of-frame events that encoded for truncated receptors. Except for most exon skipping events, only a single splice event was shared between humans and macaques. This event involved a partial deletion of exon 3 (D0 domain) mediated by an alternative 5’ splice site (79). Data on the alternative splicing in other hominoids are lacking, but a similar extent of alternative splicing is likely to diversify their KIR receptors and repertoire.

The splicing of pre-mRNA not only facilitates diversification of the KIR repertoire, but might also compensate for genomic alterations that result in out-of-frame transcripts. The expression of human and macaque lineage III KIR genes, for example, requires the constitutive skipping of exon 3 to maintain an ORF. This exon contains a deletion of 5 bp at the genomic DNA level, which would shift the reading frame that introduces an early stop codon (79, 86). The constitutive skipping of exon 3 suggests that the expanded repertoire of human KIR2D receptors evolved from a KIR3D gene. The absence of a conserved 33 bp sequence in intron 2 of all human and macaque lineage III KIR genes might relate to the constitutive exon skipping by, for example, disrupting the spliceosome recognition site (79).

The extensive levels of alternative splicing observed in humans and macaques defines another layer of complexity for the KIR gene cluster. This diversifying mechanism generates structurally and functionally distinct receptor isoforms, and might be involved in the regulation of receptor expression levels. Although not all isoforms might be functional, the frequency and consistency of several alternative splicing events suggest that alternative splicing is a rapid mechanism to diversify the KIR content in hominoids and Old World monkeys.



DIFFERENTIAL NK CELL POPULATIONS DUE TO VARIEGATED KIR GENE EXPRESSION

KIR gene plasticity is further reflected by the stochastic expression of a subset of KIR genes from the total gene repertoire in individual NK cells (Figure 2D). This selective transcriptional activation generates specialized NK cell populations, which express different numbers and combinations of KIR genes (87, 88). The stochastic KIR expression is activated during NK cell maturation, and the transcriptional pattern is maintained by the methylation of silenced KIR genes (28, 89). The different KIR receptor combinations are generated largely at random, but might be shaped by the individual KIR gene frequencies and the MHC class I repertoire. Therefore, KIR genes that are present on both chromosomes in heterozygous individuals, or genes that are present as two or more allotypes on a single haplotype (e.g., by duplication or gene insertion), could be expressed in a mono- and multi-allelic manner. This may generate NK cell subsets that transcribe two or more allelic copies of a certain KIR gene (28). Divergent expression patterns are documented for human KIR2DL4, which is expressed in all NK cells, and for KIR3DL3, which is expressed at low levels (90, 91).

The molecular regulation of KIR gene expression is well studied in humans, and involves multiple promoter regions in the intergenic sequences that control gene demethylation and transcription (27, 90–96). The proximal promoter is located directly in front of the first exon of a KIR gene and functions as a probabilistic switch (Figure 2D). Bi-directional transcription of this promoter generates forward and reverse transcripts that correlate with the activation and suppression of KIR gene transcription, respectively. Forward transcripts of a distal promoter are associated with activation of the proximal promoter region and appear to be required for eventual KIR gene expression. A third promoter upstream of the proximal promoter, also denoted as the intermediate promoter, modulates the bidirectional transcription of the proximal promoter directly or indirectly by mediating correct splicing of the forward proximal promoter transcripts (27, 94). In all human KIR genes, the promoter regions are highly conserved, with 91–99.6% sequence similarity. Exceptions are found for the promoters of KIR2DL4 and KIR3DL3, which substantiates their diverged expression profile (94). Three types of promoter regions are defined for human KIR2DL5, which display considerable differences in their nucleotide sequence and transcription factor binding sites. Types I and III control variegated expression, whereas transcripts of KIR2DL5 alleles that exhibit the type II promoter are undetectable (97, 98). These type II promoters are probably inactivated by a SNP in their Runt-related transcription factor (RUNX) transcription binding site, which is an important motif in the regulation of gene expression, and is generally conserved in all KIR genes (98). An identical SNP is identified in the proximal promoter of the pseudogene KIR3DP1, and might indicate that the inactive type II promoter is swapped to particular KIR2DL5 alleles by chromosomal recombination (98–100). Within the KIR promoter regions, multiple other transcription factor binding sites are identified, which can vary per KIR gene and thereby contribute to differential gene expression. Allelic variations of the different transcription factor binding sites modulate the expression levels of KIR alleles (27, 92). For example, a KIR2DL1 allele displayed low expression, which was associated with three SNPs in the distal promoter that generated a binding site for the Zinc finger E-box-binding homeobox 1 (ZEB1) protein (27). This transcription factor is associated with the down-regulation of IL2 expression, and might have a similar impact on the expression of this specific KIR2DL1 allele. Just like the variation in the KIR gene introns, the nucleotide polymorphisms in the promoter regions are grossly undervalued, despite the direct impact on the expression of KIR alleles.

The variegated expression pattern of the KIR genes defines NK cell subsets, of which several are tissue resident. These NK cell populations might execute specialized functions in particular tissues that could be mediated by specific sets of KIR receptors. For example, the KIR expression profile of NK cells that were derived from the lung, liver, and uterus deviates from the expression pattern observed in peripheral blood NK cells (101–103). Expression of KIR was also established for subsets of T cells, in particular terminally differentiated CD8 + T cells, of which 30% exhibited KIR expression (104–106). The majority of these T cells dominantly express a single inhibitory or activating KIR gene, which is generally distinct from the KIR gene expression pattern on NK cells within the same individual (104). The expression pattern of NK cells and CD8 + T cells can be erased by in vitro treatment with a methylation inhibitor (5-azacytidine), and thereby induce the expression of formerly silenced KIR genes (28, 96, 107). This demonstrates that the stochastic KIR gene expression is maintained by methylation in both types of lymphocytes.

The variability in the promoter regions that is mainly generated by point mutations and chromosomal recombination events contributes to the diversification of NK cell subsets by the stochastic methylation of KIR genes. The promoter regions and epigenetic regulation of the KIR gene cluster in non-human primate species are less well characterized, but their stochastic expression pattern indicates a similar genetic mechanism.



THE DIFFERENT CHARACTERS OF DIVERSIFICATION IN THE KIR AND MHC CLUSTERS

The expansion of the primate KIR cluster was probably initiated by the integration of multiple retroviral elements near or in the founding KIR genes. Subsequent duplications were mediated by these transposable elements, and this process had an impact on the expansion of the KIR gene repertoire (35). These recombination events might have enhanced the mutation rate within this genomic region that generated a diverse set of KIR alleles, and subsequently some of these were positively selected during evolution. In the case of exons, the point mutations may affect the receptor structure, function, localization, and expression, whereas polymorphisms in the introns may enhance the level of alternative splicing by affecting existing or generating alternative splice sites. In addition, the high level of point mutations caused variation within the promoter regions, and thereby modulated the variegated expression pattern and expression level of KIR receptors. It appears that all the different molecular mechanisms are intertwined and enhanced by each other, which multiplies their diversifying impact on the primate KIR gene system.

The MHC class I gene family is considered one of the most polymorphic genomic regions in primates, but displays a different nature of diversity as compared to its KIR ligands. In hominoids, the fixed number of MHC-A, -B, and -C genes on a haplotype indicate low levels of recent duplications and chromosomal recombination, which is substantiated by an exceptionally low recombination rate for the MHC class I region (108, 109). Chromosomal rearrangements that are accompanied by the formation of an MHC class I fusion gene, as is determined for the KIR genes, is to our knowledge not known. In most hominoids, MHC class I polymorphism is mainly generated by point mutations in concert with a recombination of small segments. These genetic modifications are especially located in the exons encoding the peptide-binding site, and indicate a rigorous selection for a diverse array of allotypes. The functional impact is reflected in differential peptide presentation (18). Additional modification of the MHC repertoire is reflected at the transcription level by alternative splicing, which is reported for human and macaque MHC transcripts (110–114). Considering the high level of allelic polymorphism in the HLA genes, which may involve nucleotide substitutions that disrupt existing or generate novel alternative splice sites, one might expect abundant alternative splicing events in their transcripts. However, only a modest level of alternative splicing is demonstrated for several classical and non-classical HLA class I alleles, which mainly involved exon skipping that abrogated receptor surface expression (110). Specific isoforms of the non-classical HLA-G, however, are well known and are associated with cancer and inflammatory diseases (115–118). In contrast, alternative splicing in primate KIR was not limited to certain alleles, and also comprised conserved splice events that were common to multiple KIR genes and lineages (79). The classical MHC class I allotypes are constitutively expressed on all nucleated cells, and thereby lack a variegated expression pattern (119, 120). However, individual MHC allotypes may display a differential expression level, which is affected by sequence variation, tissue distribution, and pathogenic encounters (120, 121). In humans, the relative surface expression of HLA-A and -B is approximately ten times higher compared to HLA-C molecules (120, 122). This suggests that the HLA-C gene might slowly shift its main function from classical antigen presentation into the modulation of NK cell responses during infection and reproductive biology. In addition, the expression levels of different HLA-C alleles display variation, in which highly expressed allotypes correlated with a beneficial control of HIV infection (123). The differential expression pattern is also determined for the expanded MHC class I region in macaques, with only a few highly expressed MHC-A and -B allotypes (19, 124). The MHC expression levels are, however, not strictly maintained and can be modulated during infection by immune regulators such as interferon and tumor necrosis factor (TNF) (120).

The primate KIR and MHC gene families are both reflected by great complexity, and seem to co-evolve to maintain a functional relationship. The MHC class I diversification mainly involved allelic polymorphism in the exons encoding the peptide binding site and recombination of small segments, which is driven by the arms race with rapidly evolving pathogens. The KIR genes, in contrast, are diverged by haplotype expansion and contraction, random point mutations, and the generation of novel fusion genes. The expression and structural variability of the KIR receptors are further modified at the epigenetic and post-transcriptional level, whereas a similar diversification of the MHC class I molecules is limited. The conjunction of different genetic mechanisms generates an extensive plasticity for the primate KIR gene cluster, which seems to exceed the diversity of the polymorphic MHC class I genes.



CD94:NKG2A- OR KIR-DEPENDENT EDUCATION IN DIFFERENT PRIMATE SPECIES

A comparison of the KIR gene system in primate species illustrates a variable degree of gene expansion, reflected in the differential expansion of gene lineages (Figure 1). This might be largely due to co-evolution with their diverse MHC class I repertoire. The variable extent of expansion, however, is emphasized by the number of functional genes per KIR haplotype and by the overall size of the KIR gene repertoire documented for a certain primate species. The extremes are represented by the heavily contracted KIR haplotypes in bonobos versus the widely expanded set of KIR genes in macaques (Figure 1). The flexibility to expand and contract KIR haplotypes and repertoires, apparently without compromising sufficient and protective immune responses, might be closely related to the nature of NK cell education in different primate species.

Natural killer cells require self-tolerance and a signal to activate, which are acquired through an educational process. NK cell education involves the recognition of self-MHC class I molecules or the presented peptides by at least one inhibitory NK cell receptor. Alternative educational pathways that are MHC-independent are reported, but their exact contribution to the acquiring of NK cell functions is elusive (125, 126). The MHC-dependent education is predominant and can be approached in two ways (Figure 3) (13, 127, 128). One strategy of NK cell education involves the interaction of inhibitory CD94:NKG2A NK cell receptors with the non-polymorphic MHC-E molecules, which are complexed with conserved signal peptides derived from the diversified classical MHC class I molecules (129–131). One could argue that this approach allows the immune system to scan in a crude way whether total MHC class I expression has been abrogated. In the complementary approach, however, NK cell education is established through interaction of the MHC class I molecules with polymorphic KIR receptors. This seems to reflect a more sophisticated strategy in which the immune system checks at the epitope level for a malfunctioning of MHC class I expression. KIR-dependent NK cell education is mainly conducted through the interactions of inhibitory KIR and MHC class I molecules. However, activating KIR contribute to the tuning of NK cell responsiveness by dampening NK cell activity upon MHC class I recognition (132). Currently, only for KIR2DS1 the effect on NK cell education is described. In the following sections, we mainly consider the educational impact of inhibitory KIR.
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FIGURE 3. Two pathways to educate NK cells in primates. A schematic overview of two strategies to educate NK cells. The leader peptide of MHC class I molecules either contains a methionine (−21M) or threonine (−21T) residue. The -21M peptides strongly bind to MHC-E molecules, and these complexes display an increased cell surface level. Through the conserved CD94:NKG2A receptors, the MHC-E complexes educate and license NK cells. In contrast, -21T leader peptides, which are predominantly present in MHC-B allotypes of humans and chimpanzees, do not interact with MHC-E molecules. Therefore, in the presence of one or more -21T MHC class I allotypes, the cell surface level of MHC-E is decreased. In this case, NK cells are educated by MHC class I molecules that interact with their KIR ligands.


Whether the NK cells are educated by the CD94:NKG2A or KIR pathway might depend on a single nucleotide dimorphism at position 21 of the MHC class I leader sequences. Most MHC-A and -C molecules in hominoids have a methionine (−21M) residue present at this position, whereas in general this position is occupied by threonine (−21T) in MHC-B molecules. The -21M peptides strongly bind to MHC-E molecules and promote cell surface expression of MHC-E complexes (133). The presence of five or six classical MHC class I allotypes containing the -21M residue drives the NK cell education toward the more conserved MHC-E and CD94:NKG2A interactions. However, approximately 62% of human individuals display a -21T HLA-B homozygous genotype, with a variable distribution in different populations (127). In chimpanzees, -21T is near fixed in their MHC-B allotypes (13). The homozygous threonine genotype corresponds with a low MHC-E surface expression. As a consequence, human and chimpanzee NK cells are largely educated by their KIR repertoire (13, 127). In contrast, in macaque MHC-A and -B allotypes, methionine is the predominant residue at position 21 of the leader sequence, which results in an NK cell education that mostly relies on the conserved CD94:NKG2A pathway (127).

In primate species with a KIR-dependent NK cell education, one can envision that an expanded KIR repertoire may compromise NK cell activity. This might drive selection for a limited KIR expansion, as we will discuss in the next section. If this reasoning is true, the KIR-independent education of NK cells in macaques might result in an extensive expansion of their KIR gene system. We think that the primary function of macaque KIR is focused on the recognition and elimination of infected or malignant cells. This defense mechanism relies on the recognition of Bw4 and Bw6 epitopes, but KIR interactions are also sensitive to non-self peptides that can be presented by MHC class I molecules (134–138). A large genetic diversity of KIR genes provides a broader repertoire to scan all the variable MHC class I allotypes in combination with their peptides originating from pathogens. It has been proposed that up to seven distinct KIR receptors are required for successful peptide recognition (139). This optimal receptor count might even be higher when the Bw4 and Bw6 epitope specificity is considered for the different KIR allotypes. The high level of chromosomal recombination and the relatively frequent formation of fusion genes in macaques might indicate selection for a widely diversified KIR gene system. Considering their KIR-independent NK cell education, KIR expansion in macaques might be exempted from potential negative selection on large KIR gene repertoires.

However, not all macaque KIR haplotypes contain a large number of genes, and they even display indications for contraction by chromosomal recombination events. The formation of novel gene entities by the shuffling of head- and tail-encoding exons is achieved by recombination events, which are coherently accompanied both by contractions and expansions of KIR haplotypes. There might be a trade-off between the expansion of the overall KIR repertoire in a population by generating fusion genes and the contraction of KIR haplotypes in individuals. Rapid expansion and diversification generate a highly plastic macaque KIR gene system that appears to be maintained by selection to militate against rapidly evolving pathogens.



KIR HAPLOTYPE EXPANSION AND CONTRACTION: FINDING THE EQUILIBRIUM

As compared to macaques, hominoids appear to have a more limited haplotype content and overall KIR repertoire (Figure 1 and Table 1). These limitations might be maintained by selective pressure on an efficient KIR-dependent NK cell education, but should be balanced with protection against infections. This balance might be reflected in the slightly variable KIR gene content per haplotype.

A large KIR repertoire is likely to provide a broad array of MHC class I specificities that may result in the education of an increased fraction of NK cells (Figure 4A). Moreover, the expression of multiple self-specific inhibitory KIR receptors by NK cell clones enhances the magnitude of their effector response (140). Although only a small population of NK cells dominantly expresses more than one inhibitory KIR receptor, an expanded KIR repertoire might enlarge this NK cell population size and elevate the strength of the NK cell response (Figures 4A,C). A potential detrimental effect of an expanded KIR haplotype might emerge if the repertoire comprises only a few or abundant self-specific receptors. On the one hand, the variegated expression of a large KIR repertoire that consists of few self-specific receptors might thin out the educated NK cell population and provide an inefficient immune surveillance (Figure 4B). Indications for a biased expression of self-specific KIR suggest modulation of the KIR expression by an individual’s MHC class I repertoire (62, 140, 141), which would ensure a more robust immune response and might compensate for a large non-self-specific KIR expansion. On the other hand, a large repertoire of self-specific KIR might enlarge the fraction of educated NK cells that display increased activity, which might be protective in infections and cancer (Figure 4C). However, elevated NK cell activity, which might be further enhanced by the expression of multiple self-specific KIR on NK cell subsets, or excessive NK cell inhibition by abundant self-specific KIR interactions are also associated with implantation failure and recurrent miscarriages (142–145). Furthermore, overactivation might desensitize NK cells and result in hyporeactivity (146), which might weaken subsequent immune responses. Therefore, a large KIR repertoire that is used in NK cell education might act as a double-edged sword that can both enhance and compromise an individual’s immune response.
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FIGURE 4. The education of NK cells by expanded and contracted KIR haplotypes. The proposed populations of NK cells that are educated (red cells) by self-specific KIR (colored boxes and receptors) on expanded and contracted haplotypes. The gray boxes represent non-self-specific KIR, and are displayed on the uneducated NK cell clones (gray cells). (A) An expanded KIR haplotype provides a broad MHC class I specificity, and might educate some NK cell clones through multiple self-specific receptors, which increases their cytotoxicity (dark red cells). (B) A large KIR repertoire with only a few self-specific KIR might lower the fraction of educated NK cells and thereby provide an insufficient immune response, (C) whereas abundant self-specific receptors increase the educated fraction and their cytotoxicity. (D) A small KIR repertoire might educate large fractions of NK cells with a limited MHC class I specificity, which might provide largely sufficient immune responses.


In contrast, individuals that have a limited KIR haplotype rely on only one or few self-specific KIR receptors to educate their NK cells (Figure 4D). Even though a sufficient percentage of NK cells might be educated by a limited KIR repertoire, the specificity is restricted, and specialised NK cell populations might be lacking. The complete absence of NK cell education occurs in MHC class I-deficient mice, which display a near normal NK cell count with an overall reduced responsiveness (147, 148). In humans and other hominoid species, individuals that completely lack self-specific KIR are not documented. This indicates that even minimal KIR haplotypes provide education, and suggests that framework KIR receptors could play a substantial role in the NK cell education of hominoids. In addition, the chance that an individual completely lacks self-specific KIR receptors is reduced by the heterozygous nature of the KIR gene cluster. As far as we know, only few human and no non-human primate individuals are documented that were homozygous for their KIR haplotypes at an allele level (149). In a rhesus macaque family studied, one individual was assumed to be KIR-homozygous according to segregation. However, more detailed analysis illustrated that one KIR gene copy appeared to have gained point mutations that resulted in the haplotypes diverging at an allele level (29). This individual macaque possessed a largely homozygous KIR content, but did not display an impaired immune system; it also produced healthy offspring, which suggests that KIR-heterozygosity is not vital. However, KIR haplotype diversity might compensate for limited KIR haplotypes and improve the immune surveillance, as is also described for MHC heterozygosity (150–152).

In contrast to non-self-specific T lymphocytes, which are depleted upon a failed positive or negative selection in the thymus, uneducated NK cells are present in the peripheral blood. The relatively high level of uneducated NK cells in individuals with small or large non-self-specific KIR repertoires could affect their immune surveillance, but does not preclude an efficient immune response during infection or tumor formation. In fact, unlicensed NK cells appear to be more efficient at eradicating infected or malignant cells that persistently express MHC class I molecules or viral mimic ligands through their reactivation by cytokines or NKG2D receptors (153–155). Therefore, a fraction of uneducated NK cells in combination with a largely educated NK cell population might be more protective than a completely educated NK cell pool with broad MHC class I specificity.

There could be another factor, however, that limits expansion of the KIR haplotypes and gene repertoire, in addition to their role in NK cell education. In orangutans, MHC-B allotypes contain a -21M leader peptide, which would suggest education via the conserved CD94:NKG2A pathway (127). In contrast to macaques, the orangutan KIR system is not extensively expanded, and is more in line with other hominoids that display a KIR-dependent NK cell education. The emergence of MHC-C as a specialized ligand for KIR might override the dimorphism and coherent increase in MHC-E expression, and drive NK cell education via the KIR receptors. In addition, the number of characterized MHC-B molecules in orangutans is relatively low (IPD-MHC, release 3.4.0.1) (156). A larger sample group of orangutans or additional functional studies would be required to test our hypothesis for the differential KIR expansion in primate species that exert a KIR-independent or -dependent NK cell education.

Nevertheless, the diverse KIR haplotype content and overall gene repertoire in hominoids and Old World monkeys are likely to affect the education, activity, and function of their NK cells, but the precise effect of the haplotype expansions and contractions remains ambiguous. The equal distribution of both small and large KIR repertoires in humans and macaques indicates a balancing selection, which might be an ongoing process to achieve a haplotype equilibrium that serves differential functions, such as fighting infections and promoting successful pregnancy.



CONCLUSION

The KIR gene system is well studied in humans, and reveals multiple mechanisms that contribute to the plasticity of this immunogenetic cluster (Figure 2). In other hominoid species, such as chimpanzees and orangutans, indications for a similar diversifying genetic toolset is evident, although robust data on some mechanisms are lacking, such as alternative splicing and variegated expression. The variability of the extensively diversified KIR gene cluster in macaques exceeds that observed in hominoids, with a prominent expansion of the lineage II KIR genes, which is largely mediated by recombination events. The rapid evolution of the KIR gene cluster may counteract the adaptive nature of pathogens. The species-specific diversification of the KIR gene cluster might be largely driven by co-evolution with their diversified MHC class I repertoire and thereby indirectly by the arms race with pathogens. In addition, a KIR-dependent or -independent NK cell education might impact the variable haplotype content and the extent of KIR gene expansion. Nevertheless, the different molecular mechanisms responsible for diversification of the KIR gene cluster are shared in Old World monkeys and hominoids, which suggests an evolutionary effort to diversify the KIR gene system.
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An incomplete ascertainment of genetic variation within the highly polymorphic immunoglobulin heavy chain locus (IGH) has hindered our ability to define genetic factors that influence antibody-mediated processes. Due to locus complexity, standard high-throughput approaches have failed to accurately and comprehensively capture IGH polymorphism. As a result, the locus has only been fully characterized two times, severely limiting our knowledge of human IGH diversity. Here, we combine targeted long-read sequencing with a novel bioinformatics tool, IGenotyper, to fully characterize IGH variation in a haplotype-specific manner. We apply this approach to eight human samples, including a haploid cell line and two mother-father-child trios, and demonstrate the ability to generate high-quality assemblies (>98% complete and >99% accurate), genotypes, and gene annotations, identifying 2 novel structural variants and 15 novel IGH alleles. We show multiplexing allows for scaling of the approach without impacting data quality, and that our genotype call sets are more accurate than short-read (>35% increase in true positives and >97% decrease in false-positives) and array/imputation-based datasets. This framework establishes a desperately needed foundation for leveraging IG genomic data to study population-level variation in antibody-mediated immunity, critical for bettering our understanding of disease risk, and responses to vaccines and therapeutics.
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INTRODUCTION

Defining the factors that contribute to differences in the antibody (Ab) response is critical to furthering our understanding of immunological diseases, and informing the design of vaccines and therapeutics. Antibodies are an extremely diverse protein family in humans, encoded by >100 highly homologous gene segments that reside within one of the most structurally complex and polymorphic regions of the human genome (1–3). The immunoglobulin heavy chain (IGH) locus, specifically, consists of >50 variable (IGHV), >20 diversity (IGHD), 6 joining (IGHJ), and 9 constant (IGHC) functional/open reading frame (F/ORF) genes that encode the heavy chains of expressed Abs (4). Greater than 250 IGH gene segment alleles are curated in the ImMunoGeneTics Information System (IMGT) database (4), and this number continues to increase (2, 5–11). The locus is enriched for single nucleotide variants (SNVs) and large structural variants (SVs) involving functional genes (5, 12–19), at which allele frequencies are known to vary among human populations (2, 19, 20). The formation of the Ab repertoire is mediated by several complex molecular processes and can be influenced by many factors. Studies in twins have demonstrated that features of the Ab repertoire are heritable, and IG germline variants have been shown to directly impact antibody usage and antigen-specificity (20–22). Together this highlights the need to better understand the genetic factors that contribute to variation in antibody-mediated immunity.

Currently, existing genomic resources and tools for the IG loci are incomplete and poorly represent germline diversity across human populations. Historically, the complexity of the IGH locus has hindered our ability to comprehensively characterize polymorphisms within this region using high-throughput approaches (3, 23). In fact, only two complete haplotypes in IGH have been fully resolved and characterized (1, 2). As a result, IGH has been largely overlooked by genome-wide studies, leaving our understanding of the contribution of polymorphisms within IGH in antibody-mediated immunity incomplete (2, 3, 23). While early studies uncovered associations to disease susceptibility within IGH, few links have been made by genome-wide association studies (GWAS) and whole genome sequencing (WGS) (3, 24, 25). Moreover, little is known about the genetic regulation of the human Ab response.

To define the role of IGH variation in Ab function and disease, all classes of variation must be resolved (5, 13, 16, 20, 26, 27). Although approaches have been developed for utilizing genomic or Adaptive Immune Receptor Repertoire sequencing (AIRR-seq) data, variant calling and broad-scale haplotype inference are restricted primarily to coding regions (7, 8, 17–19, 28). To fully characterize genetic diversity in the IG loci, specialized genotyping methods capable of capturing locus-wide polymorphism with nucleotide resolution are required. Indeed, such methods have been applied to better resolve complex and hyper-polymorphic immune loci elsewhere in the genome (29, 30).

Long-read sequencing technologies have been used to detect chromosomal rearrangements (31), novel SVs (32, 33), and SVs missed by standard short-read sequencing methods (34, 35), including applications in the complex killer immunoglobulin-like receptors (KIR) (36) and human leukocyte antigen (HLA) (31, 37, 38) loci. Furthermore, the sensitivity of SV detection is improved by resolving variants in a haplotype-specific manner (35, 39). When long-read sequencing has been combined with specific target enrichment methods, using either a CRISPR/Cas9 system (40, 41) or DNA probes (42, 43), it has been shown to yield accurate and contiguous assemblies. Targeted approaches have enabled higher resolution genotyping of the HLA loci (44) and KIR regions (45, 46).

Here, we present a novel framework that utilizes IGH-targeted long-read sequencing, paired with a new IG genomics analysis tool, IGenotyper1, to characterize variation in the IGH locus (Figure 1). We apply this strategy to eight human samples, and leverage orthogonal data and pedigree information for benchmarking and validation. We demonstrate that our approach leads to hiqh-quality assemblies across the IGH locus, allowing for comprehensive genotyping of SNVs, insertions and deletions (indels), SVs, as well as annotation of IG gene segments, alleles, and associated non-coding elements. We show that genotype call sets from our pipeline are more comprehensive than those generated using alternative short-read and array-/imputation-based methods. Finally, we demonstrate that use of long-range phasing/haplotype information improves assembly contiguity, and that sample multiplexing can be employed to scale the approach in a cost-effective manner without impacting data quality.
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FIGURE 1. An overview of the custom capture and IGenotyper workflow used to detect IGH variation in a haplotype-specific manner. (A) A schematic of the custom IGH-reference used in this study, which includes the GRCh38 IGH locus with the addition of known SV sequences inserted into their respective positions in the locus. Brown bars indicate the positions of inserted SVs in the IGH-reference; pink bars indicate the positions of additional known SVs present in GRCh38 relative to GRCh37. Positions of IGHJ (green), IGHD (red) and IGHV (blue) genes in the IGH-reference are also indicated. The oligo capture probes used in the panels designed for this study were based on the sequence of this custom IGH-reference. (B) After targeted long-read capture, constructed libraries undergo SMRT sequencing, and the resulting data is processed with IGenotyper. Raw SMRT sequences with at least 2 subreads are converted into higher accuracy CCS reads. Phased SNVs are identified from the CCS reads and used to phase both the CCS reads and subreads, which are then used to assemble haplotype-specific assemblies of IGH. SNVs, indels, SVs and IG gene/alleles are identified from the assembly and CCS reads. SVs embedded into the IGH-reference are genotyped using the assembly, CCS reads, and SNV calls.




MATERIALS AND METHODS


Library Preparation and Sequencing

Genomic DNA samples were procured from Coriell Repositories (1000 Genomes Project, 1KGP donors; Camden, NJ, United States) and collaborators. Briefly, 1–2 micrograms of high molecular weight genomic DNA from each sample was sheared using g-tube to ∼8 Kb (Covaris, Woburn, MA, United States). These sheared gDNA samples were size selected to include 5–9 Kb fragments using a BluePippin (Sage Science, Beverly, MA, United States). Following size selection, each sample was End Repaired and A-tailed following the standard KAPA library preparation protocol (Roche, Basel, Switzerland). For multiplexed samples, adapters containing sequence barcodes (Pacific Biosciences, Menlo Park, CA, United States) and a universal priming sequence were ligated onto each sample. Each sample was PCR amplified for 9 cycles using HS LA Taq (Takara, Mountain View, CA, United States) and cleaned with 0.7X AMPure beads to remove small fragments and excess reagents (Beckman Coulter, Brea, CA, United States). The genomic DNA libraries were then captured following the SeqCap protocol which was modified to increase final capture reaction volume by 1.5X (Roche, Basel, Switzerland). Following capture, the libraries were washed following the SeqCap protocol, substituting vortexing with gentle flicking. The washed capture libraries were PCR amplified for 18 cycles using HS LA Taq and cleaned with 0.7X AMPure beads.

Capture libraries were prepared for PacBio sequencing using the SMRTbell Template Preparation Kit 1.0 (Pacific Biosciences, Menlo Park, CA, United States). Briefly, each sample was treated with a DNA Damage Repair and End Repair mix in order to repair nicked DNA. SMRTbell adapters were ligated onto each capture library to complete SMRTbell construction. The SMRTbell libraries were then treated with exonuclease III and VII to remove any unligated gDNA and cleaned with 0.45X AMPure PB beads (Pacific Biosciences, Menlo Park, CA, United States). Resulting libraries were prepared for sequencing according to the manufacturer’s protocol and sequenced as single libraries per SMRTcell with P6/C4 chemistry and 6 h movies on the RSII system, or as multiplexed libraries per SMRTcell 1M, annealed to primer V4 and sequenced using 3.0 chemistry and 20 h movies, on the Sequel system (see Supplementary Table S4 for details).



Creating a Custom IGH Locus Reference

The IGH locus, excluding the IGH constant gene region (chr14:106,326,710-107,349,540) was removed from the human genome reference build GRCh37, and the expanded custom IGH locus reference was inserted in its place. The expanded custom IGH locus includes sequence spanning IGH from the GRCh38 reference assembly, plus the addition of known SVs. The included SVs were previously characterized from fosmid clones AC244473.3, AC241995, AC234225, AC233755, KC162926, KC162924, AC231260, AC244456 and KC162925, and sequence from human genome reference build GRCh37 (chr14:106,527,905-106,568,151). The IGenotyper toolkit command ‘IG-make-ref’ takes as input the human genome reference build GRCh37 and creates the custom IGH locus reference.



IGenotyper: A Streamlined Analysis Tool for IGH Locus Assembly, Variant Detection/Genotyping, and Gene Feature Annotation

Running IGenotyper returns multiple output files: (1) the alignment of the circular consensus sequence (CCS) reads and assembled locus to the reference in BAM format; (2) the assembled IGH locus in FASTA format, (3) the SNVs in VCF; (4) indels and SVs in BED format; (5) a parsable file with genotyped SVs; (6) a parsable file with the detected alleles for each functional/ORF gene; and (7) several tab delimited files detailing different sequencing run and assembly statistics. The BAM file contains phased CCS reads and includes haplotype annotation in the read group tag of every read. This allows the user to separate the reads into their respective haplotype in the Integrative Genomics Viewer (IGV) visualization tool (47). The VCF file contains annotations indicating whether SNVs reside within SV regions, and IG gene features, including coding, intron, leader part 1 (LP1), and recombination signal (RS) sequences. A user-friendly summary file is produced with links to output files (see Supplementary Figure S1; sample summary output for NA19240), including summary tables and figures pertaining to: locus sequence coverage; counts of SNVs, indels and SVs; allele annotations/genotypes for each IGHV, IGHD, and IGHJ genes; and lists of novel alleles.


Running IGenotyper

IGenotyper has three main commands: ‘phase‘, ‘assemble‘, and ‘detect‘. The input is the subread bam output from the RSII or Sequel sequencing run. ‘phase‘ phases the subreads and CCS reads. ‘assemble‘ partitions the IGH locus into haplotype-specific regions and assembles each region. ‘detect‘ detects SNVs, indels and SVs, genotypes 5 SVs embedded in the IGH reference and assigns the IGH genes to alleles from the IGMT database.



Phasing SMRT Sequencing Reads

Raw SMRT sequences with at least 2 subreads are converted into consensus sequences using the ‘ccs‘ command2. CCS reads and subreads are aligned to our expanded custom IGH locus reference using BLASR (48). Phased SNVs are detected from the CCS reads using the WhatsHap (49) ‘find_snv_candidates‘, ‘genotype‘, and ‘phase‘ commands. The subreads and CCS reads are phased using the command ‘phase-bam‘ from MsPAC (50).



Assembling the IGH Locus

Haplotype blocks are defined using the WhatsHap ‘stats‘ command. Haplotype-specific CCS reads within each haplotype block are assembled separately using Canu (51); regions outside haplotype blocks are assembled using all aligned CCS reads. Regions lacking contigs recruit raw subreads and repeat the assembly process. Contigs with a quality score less than 20 are filtered.



Detecting Variants From SNVs to SVs

SNVs are detected from the assembly aligned to the reference. SNVs in the VCF are annotated with:

1. Contig id used to detect the SNV.

2. Overlapping SV id (if any).

3. A true or false value if the SNV is also detected by the CCS reads.

4. Whether the SNV falls within an intron, leader part 1 sequence or gene exon.

5. Whether the SNV is within the IGHV, IGHD, or IGHJ region.

6. For phased blocks, the haplotype block id and genotype.

Indels and SVs are detected using the ‘sv-calling‘ command from MsPAC (50). Importantly, each indel and SV is sequence-resolved since they are identified from a multiple sequence alignment using the haplotype-specific assemblies and reference.



Assigning Alleles to IGH Genes Extracted From the Assembly

Assembled sequences overlapping the IGH genes are extracted and compared to the alleles in the IMGT database (v202031-2). Sequences not observed in the database are labeled as novel. CCS reads overlapping IGH gene sequences are also extracted and compared to the IMGT database. To provide supporting evidence for the allele, a count for the number of CCS reads with the same sequence found in the assembly is reported (currently only supported for Sequel data). Assembly and CCS sequences are outputted in a FASTA file; gene names, alleles (and allele sequence if novel), and read support are outputted in a tab-delimited file.



Validating IGenotyper Assemblies


Assessing the Accuracy of the NA12878 and NA19240 Assemblies

The accuracy of assemblies for NA19240 and NA12878 was assessed by BLAST (v2.7.1+) alignment of contigs to fosmids assembled from Sanger sequencing (NA19240 accession numbers: AC241513.1, AC234301.2, KC162926.1, AC233755.2, AC234135.3, AC244463.2; NA12878 accession numbers: AC245090.1, AC244490.2).

The accuracy of the assemblies was also assessed using Illumina data. Illumina HiSeq 2500 2 × 126 paired-end, PCR-free sequencing data (ERR894723, ERR894724, ERR899709, ERR899710 and ERR899711) was downloaded from the European Nucleotide Archive and aligned to the NA19240 assembly using bwa mem (v0.7.15-r1140). The total coverage across all sequencing runs was 75.6x and Pilon (v1.23) reported an accuracy of 99.996 (102 errors in 2,396,307 bp). Additionally, Illumina NovaSeq 6000 2 × 151 paired-end, TruSeq PCR-free sequencing run ERR3239334 was downloaded from the European Nucleotide Archive and aligned to the NA12878 assembly. The coverage was 35x and Pilon reported an accuracy of 99.991 (167 errors in 1,918,794 bp).



Manual Curation of IGHV3-30 and IGHV1-69 Gene Regions

IGHV3-30 and IGHV1-69 gene duplication regions did not completely assemble into a single contig per haplotype, but instead were split into multiple contigs. To resolve these regions an additional curation step was employed: contigs were aligned to each other using BLAST and overlapping contigs with high alignment score were merged.

In NA19240, the IGHV3-30 gene region duplication was initially assembled into 8 contigs. Two contigs were merged to form a novel SV containing a ∼25 Kb deletion relative to the IGH-reference. The two contigs overlapped by 7,706 bp with 5 bp mismatches and 9 gaps (11 gap bases). The alternate haplotype was initially assembled into 6 contigs. The 6 contigs overlapped by more than 2.3 Kbp with 0 bp mismatches and a total of 8 gap bases, allowing them to be merged into a single contig. Both haplotypes were validated with fosmids and assemblies from the parents. The resulting contigs resolved the SVs on both haplotypes. This process was repeated for NA12878, and in both probands for the IGHV1-69 gene region.

Leveraging parental and fosmid assembly data, we determined that NA19240 carried three distinct haplotypes within the SV region spanning IGHV1-69, IGHV2-70D, IGHV1-69-2, IGHV1-69D, and IGHV2-70. An insertion haplotype carrying all genes within the region was paternally inherited; a deletion haplotype, lacking IGHV2-70D, IGHV1-69-2, and IGHV1-69D, was inherited from the mother; and a second deletion haplotype was detected in both the capture/IGenotyper and fosmid assembly data, but was not supported by either parental dataset. This deletion haplotype was identical to the paternally derived insertion haplotype on the flanks of the deletion event, suggesting it represented a somatic SV. Whether this arose natively in NA19240 or is an artifact found only within the LCL is not known. To construct the most accurate assemblies of the inherited haplotypes, we attempted to remove reads representing this somatic deletion and performed a local reassembly. This allowed us to produce more accurate contigs across this region which exhibited higher concordance to both fosmid and parental datasets.



Comparing Variants From IGenotyper to Other Datasets


Comparing Illumina and IGenotyper SNV Calls in CHM1

SNVs from our assembly and Illumina reference alignment to GRCh37 were compared to a ground truth SNV dataset generated by aligning GRCh38 region chr14:106,329,408-107,288,965 to GRCh37 using pbmm2 (v1.0.0). Positions with base differences in the alignment were labeled as SNVs. 2 × 126 TruSeq PCR-free Illumina libraries (SRR3099549 and SRR2842672) were aligned to GRCh37 with bwa (0.7.15-r1140) and SNVs were detected using the standard protocol with GATK (v3.6) tools, HaplotypeCaller and GenotypeGVCFs (52). The SNVs were filtered using bcftools (v1.9) for SNVs with genotype quality greater than 60 and read depth greater than 10.



Comparing 1000 Genomes Project SNVs to NA12878 and NA19240 SNVs Detected by IGenotyper

SNVs detected by IGenotyper were compared to SNVs from the 1KGP phase 3 dataset. IGH-specific SNVs from the 1KGP (ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/2013 0502/supporting/hd_genotype_chip/ALL.chip.omni_broad_sang er_combined.20140818.snps.genotypes.vcf.gz, ftp://ftp.1000 genomes.ebi.ac.uk/vol1/ftp/release/20130502/ALL.chr14.phase3_ shapeit2_mvncall_integrated_v5a.20130502.genotypes.vcf.gz,ftp: //ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/support ing/hd_genotype_chip/ALL.chip.omni_broad_sanger_combined. 20140818.snps.genotypes.vcf.gz, and ftp://ftp.1000genomes.ebi. ac.uk/vol1/ftp/phase3/data/NA19240/cg_data/NA19240_lcl_SRR 832874.wgs.COMPLETE_GENOMICS.20130401.snps_indels_sv s_meis.high_coverage.genotypes.vcf.gz) were extracted using ‘bcftools view –output-type v, –regions 14:106405609-107349540, –min-ac 1, –types snps‘. Overlap between the 1KGP Phase 3 SNVs and SNVs detected by IGenotyper was determined using BEDTools ‘intersect‘ command. Overlapping SNVs with discordant genotypes were labeled as discordant/non-overlapping SNVs.



Comparing Indels, SVs, and BioNano Data From the 1000 Genome Structural Variation Consortium

Indels and SVs detected by IGenotyper were compared to indels and SVs from the Human Genome Structural Variation (HGSV) Consortium (ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/hgsv_sv_discovery/working/integration/201 70515_Integrated_indels_Illumina_PacBio/Illumina_Indels_Mer ged_20170515.vcf.gz, ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/hgsv_sv_discovery/working/20180627_Phased SVMSPAC/PhasedSVMsPAC.NA19240.vcf). Additionally, BioNano SV calls (ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/hgsv_sv_discovery/working/20180502_bionano/GM19240_DLE1_SV_hg38_indel.vcf and ftp://ftp.1000 genomes.ebi.ac.uk/vol1/ftp/data_collections/hgsv_sv_discovery/working/20170109_BioNano_SV_update/GM19240_YRI_Daug hter_20170109_bionano_SVMerged_InDel.vcf.gz) were used to validate SVs identified by IGenotyper in NA19240.



Analysis of SNVs in Regions Accessible to Next Generation Sequencing Methods

SNVs were evaluated to determine if they were within regions accessible by next generation sequencing methods. The “strict” accessibility track was converted to bed format from:

https://hgdownload.soe.ucsc.edu/gbdb/hg19/1000Genomes/phase3/20141020.strict_mask.whole_genome.bb.

The number of SNVs within the “strict” accessible regions was determined by using the BEDtools “intersect” command.



Calculating Hardy-Weinberg Equilibrium at NA19240 and NA12878 SNVs

SNVs from the 1KGP (phase 3) were downloaded from ftp:// ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/ALL.chr14. phase3_shapeit2_mvncall_integrated_v5a.20130502.genotypes.v cf.gz. Samples corresponding to the “EUR” superpopulation were extracted from the VCF file, and samples corresponding to the “AFR” superpopulation were extracted into a separate VCF file. Hardy-Weinberg Equilibrium (HWE) was calculated using vcftools with the option “—hardy.”



RESULTS


Novel Tools for Comprehensively Characterizing IG Haplotype Diversity

To interrogate locus-wide IGH variants, we implemented a framework that pairs targeted DNA capture with single molecule, real time (SMRT) sequencing (Pacific Biosciences) (Figure 1A). Roche Nimblegen SeqCap EZ target-enrichment panels (Wilmington, MA, United States) were designed using DNA target sequences from the human IGH locus. Critically, rather than using only a single representative IGH haplotype (e.g., those available as part of either the GRCh37 or GRCh38 human reference assembly) we based our design on non-redundant sequences from the GRCh38 haplotype (2), as well as additional complex SV and insertion haplotypes distinct from GRCh38 (1, 2) (Figure 1A and Supplementary Table S1). Additional details, including the exact target sequences used and additional specifications of these capture panels are provided in the Supplementary Material (Supplementary Note 1 and Tables S2, S3).

To process and analyze these long-read IGH genomic sequencing data, we developed IGenotyper (Figure 1B)3 which utilizes and builds on existing tools to generate diploid assemblies across the IGHV, IGHD, and IGHJ regions (see section “Materials and Methods”); for ease, we refer to these three regions (excluding IGHC) collectively as IGH. From generated assemblies, IGenotyper additionally produces comprehensive summary reports of SNV, indel, and SV genotype call sets, as well as IG gene/allele annotations. For read mapping, SNV/indel/SV calling, and sequence annotation, the pipeline leverages a custom IGH locus reference that represents known SV sequences in a contiguous, non-redundant fashion (Figure 1A); this reference harbors the same sequence targets used for the design of target-enrichment panels, and ensures that known IGH SVs in the human population can be interrogated.



Benchmarking Performance Using a Haploid DNA Sample

We first benchmarked our performance using genomic DNA from a complete haploid hydatidiform mole sample (CHM1), from which IGH had been previously assembled using Bacterial Artificial Chromosome (BAC) clones and Sanger sequencing (2). This reference serves as the representation of IGH in GRCh38. Using panel designs mentioned above, we prepared two SMRTbell libraries with an average insert size of 6–7.5 Kb for sequencing on both the RSII and Sequel systems (Supplementary Table S4). We observed a mean subread coverage across our custom IGH reference (Figure 1A) of 557.9x (RSII) and 12,006.4x (Sequel 1), and mean circular consensus sequence (CCS) read coverage of 45.1x (RSII) and 778.2x (Sequel 1). The average Sequel CCS phred quality score was 70 (99.999991% accuracy), with an average read length of 6,457 bp (Supplementary Figure S2). Noted differences in target-enrichment panels tested are described in Supplementary Note 1.

To most effectively use these data to assess IGenotyper performance, we combined reads from both libraries for assembly (Supplementary Table S4). A total of 970,302 bp (94.8%) of IGH (chr14:105,859,947-106,883,171; GRCh38) was spanned by >1,000× subread coverage, and 1,006,287 bp (98.3%) was spanned by >20× CCS coverage (Figure 2A). The mean CCS coverage spanning IGHV, IGHD, and IGHJ coding sequences was 160.3× (median = 42.5×; Figure 2B). Compared to GRCh38, IGenotyper assembled 1,009,792 bases (98.7%) of the IGH locus in the CHM1 dataset (Figure 2C and Table 1). Gap sizes between contigs ranged from 177 to 3,787 bp (median = 456 bp) in length. Only 37 (<0.004% of bases) single nucleotide differences were observed when compared to GRCh38 (base pair concordance >99.99%). In addition, 220 potential indel errors were identified (Supplementary Table S5). The majority of these (199/220) were 1–2 bp in length, 61.8% of which (123/199) occurred in homopolymer sequences, consistent with known sources of sequencing error in SMRT sequencing and other technologies (Supplementary Table S6). We also observed a 2,226 bp indel consisting of a 59mer tandem repeat motif near the gene IGHV1-69 (Supplementary Figure S3). This tandem repeat was unresolved in GRCh38 (Supplementary Figure S4 and Note 2), which was reconstructed using a Sanger shot-gun assembly approach (2); it remains unclear whether this event represents an improvement in the IGenotyper assembly over GRCh38, or is a sequencing/assembly artifact. Nonetheless, the total number of discordant bases associated with indels (2,521 bp) accounts for only <0.28% of the assembly.
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FIGURE 2. Benchmarking targeted long-read sequencing and assembly in a haploid DNA sample. (A) The empirical cumulative subread (blue) and CCS (red) coverage in IGH from the combined CHM1 dataset. The subread coverage for 95 and 50% (dotted line) of the locus is greater than 940× and 13,440×, and the CCS read coverage for 95 and 50% of the locus is greater than 70× and 970×, respectively. (B) CCS coverage across IGHJ, IGHD and IGHV genes. The average CCS coverage of IGHV genes was >1,000×. (C) IGenotyper assembly of CHM1 aligned to GRCh38. Purple tick marks represent indels in the IGenotyper assembly relative to GRCh38. (D) IGHJ, IGHD, and IGHV alleles detected by IGenotyper in CHM1 compared to alleles previously annotated in GRCh38.



TABLE 1. Assembly statistics and evaluation of the accuracy of the haplotype-specific assemblies.

[image: Table 1]All known SVs previously described in CHM1 (2) were present in the IGenotyper assembly, accounting for all IGHV (n = 47), IGHD (n = 27), and IGHJ (n = 6) F/ORF gene segments in this sample. In addition to genes previously characterized by BAC sequencing, the IGenotyper assembly additionally spanned IGHV7-81. Alleles identified by IGenotyper were 100% concordant with those identified previously in GRCh38 (Figure 2D) (2).



Assessing the Accuracy of Diploid IGH Assemblies

We next assessed the ability of IGenotyper to resolve diploid assemblies in IGH, using a Yoruban (YRI; NA19240, NA19238, NA1239) and European (CEU; NA12878, NA12891, NA12892) trio from the 1000 Genomes Project [1KGP (53); Supplementary Figure S4 and Supplementary Table S4]. Lymphoblastoid cell lines (LCLs), which are the primary source of 1KGP sample DNA are known to harbor V(D)J somatic rearrangements within the IG loci, including reduced coverage in IGHD, IGHJ, and proximal IGHV regions (2, 19). However, because IGenotyper assembles the IGH locus in a local haplotype-specific manner, V(D)J rearrangements can be easily detected (Supplementary Figures S5,S6 and Table S7). Nonetheless, we focused our analysis exclusively on the IGHV region (9 Kb downstream of IGHV6-1 to telomere) to avoid potential technical artifacts that would hinder our benchmarking assessment.

IGH enrichment was performed and libraries were sequenced on the RSII or Sequel platform (Supplementary Table S4). For diploid samples, IGenotyper (Figure 1B) first identifies haplotype blocks using CCS reads that span multiple heterozygous SNVs within a sample. Within each haplotype block, CCS reads are then partitioned into their respective haplotype and assembled independently to derive assembly contigs representing each haplotype in that individual. Reads within blocks of homozygosity that cannot be phased are collectively assembled, as these blocks are considered to represent either: (1) homozygous regions, in which both haplotypes in the individual are presumed to be identical, or (2) hemizygous regions, in which the individual is presumed to harbor an insertion or deletion on only one chromosome (Supplementary Figure S7).

We assessed IGenotyper performance in the probands of each trio. IGenotyper assemblies were composed of 41 and 49 haplotype blocks in NA19240 and NA12878, respectively (Supplementary Table S8). Of these, 20/41 and 24/49 blocks in each respective sample were identified as heterozygous, in which haplotype-specific assemblies could be generated, totaling 826,548 bp (69.28%) in NA19240, and 424,834 bp (35.61%) in NA12878. Within these heterozygous blocks, the mean number of heterozygous positions was 76.16 (NA19240) and 52.08 (NA12878). Summing the bases assembled across both heterozygous and homozygous/hemizygous contigs, complete assemblies comprised 1.8 Mb of diploid resolved sequence in NA19240 and 1.4 Mb in NA12878 (Table 1). The difference in size is partially due to V(DJ) rearrangements and large deletions present in NA12878 relative to NA19240 (Figure 3).
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FIGURE 3. Haplotype-resolved assembly for characterizing structural variants and IGHV gene alleles in NA12878 and NA19240. (A) A schematic of the custom IGH-reference spanning the IGHV gene region (top). Brown bars indicate the positions of inserted SVs in the IGH-reference; pink bars indicate the positions of additional known SVs present in GRCh38 relative to GRCh37. Positions of IGHV (blue) genes are also indicated. Schematic depictions of resolved maternally (gold) and paternally (green) inherited haplotypes in NA12878 and NA19240 are shown. Detected deletions within annotated SV regions are labeled with a red dotted line, with detected sizes of each event also provided. Genes directly flanking or within detected SVs are labeled. Genes with novel alleles are labeled with red asterisks, and novel SVs are indicated with dotted boxes. (B) Alleles predicted by IGenotyper for each gene across both haplotypes in NA12878 and NA19240. Novel alleles are marked by a filled triangle, and deleted genes and genes not present due to V(D)J recombination are marked by a diamond and square, respectively.


We next validated the accuracy of these assemblies using several orthogonal datasets: Sanger- and SMRT-sequenced fosmid clones, and paired-end Illumina data (Table 1). The Sanger-sequenced fosmids (2) (n = 6, NA19240; n = 2, NA12878) spanned 210.4 Kb of the NA19240 IGenotyper assembly and 70.2 Kb of the NA12878 assembly (Supplementary Table S9). The percent identity relative to the Sanger-sequenced fosmids was 99.989% for NA19240 and 100% NA12878. We also compared IGenotyper assemblies to additional fosmid assemblies in these samples (Rodriguez et al., unpublished data) sequenced using SMRT sequencing (n = 85, NA19240; n = 73, NA12878). These collectively spanned 1.5 Mb (82%; NA19240) and 1.2 Mb (82%; NA12878) of the IGenotyper assemblies, aligning with 99.996 and 99.995% sequence identity, respectively (Table 1). The numbers of putative indel errors were 276 (NA19240) and 188 (NA12878) (Supplementary Table S5). Of these indels, 254/276 and 180/188 were 1–2 bp indels, 71.26% (181/254) and 63.33% (114/180) of which were within homopolymers (Supplementary Table S6). Finally, we additionally assessed assembly accuracy using publicly available 30× PCR-free paired-end Illumina TruSeq data from NA19240 and NA12878 (34, 53). We observed a total of 25 discordant bases and 143 indels in the NA19240 assembly (accuracy = 99.989%), and 45 discordant bases and 154 indels in the NA12878 assembly (accuracy = 99.991%; Table 1).



Assessing Local Phasing Accuracy and Extending Haplotype-Specific Assemblies With Long-Range Phasing Information

To assess local phasing accuracy, we also profiled the IGH locus in the parents of NA19240 and NA12878 (Supplementary Table S4). IGenotyper uses read-backed phasing to delineate reads within haplotype blocks prior to assembly. We tested the accuracy of local phasing (variant phasing within each haplotype block) by comparing read-backed and trio-based phased genotypes. No phase-switch errors were observed in the heterozygous haplotype blocks (n = 20 blocks, NA19240; n = 24, NA12878). Within homozygous blocks (excluding known SV sites), 27/57,313 (0.05%; NA19240) and 23/139,029 (0.02%; NA12878) bases did not follow a Mendelian inheritance pattern (Supplementary Table S10).

In both NA19240 and NA12878, we observe low localized read coverage in various regions of the locus, representing known technical limitations of probe-based DNA capture (54). Because of this, as well as regions of homozygosity/hemizygosity, IGenotyper is limited in its ability to generate phased haplotype assemblies across the entirety of the locus. However, we reasoned that with long-range phase information (e.g., trio genotypes) contigs from an IGenotyper assembly can be assigned to parental haplotypes. To assess this, heterozygous SNVs in NA19240 and NA12878 were phased using both sequencing reads and parental SNVs, resulting in completely phased haplotypes. To determine potential impacts on accuracy using either the local or long-range phasing approach, we compared each assembly type in the probands. Only 12 (NA19240) and 7 (NA12878) base differences were found between the locally phased and long-range phased assemblies. Taken together, these data suggest that individual contig assemblies generated by IGenotyper have high phasing accuracy.

We anticipate that alternative forms of long-range phasing data will be available in the future. One example would be IGHV, IGHD, and IGHJ haplotype information inferred from AIRR-seq data (17, 18). We assessed whether AIRR-seq based haplotype inference could be theoretically applied, by identifying the number haplotype blocks harboring heterozygous IGHV gene segments. In NA19240 and NA12878, 10/20 and 6/24 of the assembled heterozygous contig blocks harbored at least one heterozygous IGHV gene. In total, this equated to 53.5% (442,057 bps) in NA19240 and 80.72% (342,942 bps) in NA12878 of heterozygous bases that could theoretically be linked using this type of coarse long-range phase information, highlighting the potential strength of pairing the two approaches in larger numbers of samples.



IGenotyper Produces Accurate Gene Annotation, SNV, Indel, and SV Variant Call Sets From Diploid Assemblies

Previous studies have demonstrated that assembling diploid genomes in a haplotype-specific manner increases the accuracy of variant detection (34, 35, 39, 50, 55–57) and facilitates greater resolution on the full spectrum of variant classes (58). In addition to IGH locus assembly, IGenotyper detects SNVs, short indels, and SVs, including SNV calls within previously characterized complex SV/insertion regions. IGenotyper also provides direct genotypes for five previously described biallelic SVs (see Supplementary Table S11). This excludes the structurally complex IGHV3-30 gene region, known to harbor multiple complex haplotypes; however, IGenotyper assemblies can be used for manual curation of this region (see below).

Using the fully phased diploid assemblies from each proband (Figure 3), we assessed the validity of annotations/variant calls. We compared proband gene annotations and variant call sets to fosmid and parental assembly data (Table 2). In each sample, we noted the presence of a V(D)J recombination event on one chromosome, which resulted in the artificial loss of alleles (Figure 3A). However, because these events were detectable, they did not preclude our ability to make accurate annotations and variant calls.


TABLE 2. Count of different variants identified by IGenotyper.

[image: Table 2]In NA19240, IGenotyper identified 79 unique non-redundant alleles across 57 IGHV genes (Figure 3B and Supplementary Tables S12 and 13); 12 of these alleles were not found in IMGT, representing novel alleles. All 79 alleles were validated by parental and/or fosmid assembly data (Supplementary Table S12). In NA12878, 56 non-redundant alleles were called at 44 IGHV genes (Figure 3B and Supplementary Tables S14, 15), three of which were novel; all 56 alleles were validated (Supplementary Table S14).

Across IGHV we identified 2,912 SNVs, 49 indels (2–49 bps), and 11 SVs (>50 bps) in NA19240. Collectively, IGenotyper-based genotypes for the parents of NA19240 and/or genotypes from the fosmids supported 2,869/2,912 SNVs, 31/36 indels, and 11/11 SVs in NA19240. In NA12878, we identified 2,329 SNVs, 36 indels (2–49 bps), and 3 SVs (>50 bps), 2,308 (SNVs), 20 (indels), and 3 (SVs) of which were supported by orthogonal data. Included in the SVs called from both probands were events within previously identified SV regions (Figure 1A and Supplementary Table S11). All of these regions are polymorphic at the population level (2, 20, 28), and several involve complex duplications and repeat structures (Figure 3A). Strong concordance was observed in these regions between proband IGenotyper assemblies, fosmid clones, and parental CCS reads/assemblies (Supplementary Figures S8–S13 and Table S16).

Additionally, we discovered novel SVs in both NA12878 and NA19240 within the region spanning the genes IGHV4-28 to IGHV4-34 (Figure 3A). This site is a known hotspot of structural polymorphisms, in which six SV haplotypes have been fully or partially resolved (2). The longest haplotype characterized to date (2) contains four ∼25 Kb segmental duplication blocks. The novel SV haplotype in NA12878 contains a single ∼25 Kb segmental duplication block, and lacks 6 of the functional/ORF IGHV genes in this region. The novel SV haplotype in NA19240 contains 3/4 segmental duplication blocks, only lacking the genes IGHV4-30-4 and IGHV3-30-5. Both of these novel SVs are supported by fosmid clones and parental data (Supplementary Figure S11).



Identifying False-Negative and -Positive IGH Variants in Public Datasets

Pitfalls of using short-read data for IGH variant detection and gene annotation have been discussed previously (3, 59). We assessed potential advantages of our approach compared to other high-throughput alternatives. In the CHM1 dataset, we defined a ground truth IGH SNV dataset by directly aligning the IGH locus haplotype from GRCh38 (2) to that of GRCh37 (1). We identified 2,940 SNVs between the two haplotypes in regions of overlap (i.e., non-SV regions). We next aligned Illumina paired-end sequencing data generated from CHM1 (60) and our CHM1 IGenotyper assemblies to GRCh37. We detected 4,433 IGH SNVs in the Illumina dataset, and 2,958 SNVs in the IGenotyper assembly. The Illumina call set included only 73.2% (2,153) of the ground truth SNVs, as well as an additional 2,274 false-positive SNVs (Figure 4A). In contrast, the IGenotyper call set included 99.0% (2,912) of the ground truth SNVs, and only 46 (1.6%) false-positive SNVs were called (Figure 4A).
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FIGURE 4. Comparison of SNVs identified by IGenotyper to SNVs called using short-read and microarray data. (A) SNVs detected by IGenotyper and Illumina/GATK in CHM1 were compared to a CHM1 ground truth SNV dataset; numbers of false-negative, false-positive, and true-positive SNVs in each callset are shown. (B) SNVs in the 1KGP Phase 3 (1KGP3) datasets were compared to SNVs detected by IGenotyper in NA19240 and NA12878. The total number of SNVs in each bar sums to the number of overlapping SNVs and the number of SNVs unique to each dataset. (C) SNVs found by IGenotyper and the 1KGP dataset, found only by IGenotyper and found only in the 1KGP dataset were partitioned into regions identified as accessible by the 1KGP accessible genome browser track.


We next compared IGenotyper genotypes for NA19240 and NA12878 to 1KGP short-read and microarray data (Figure 4B). IGenotyper SNVs were lifted over to GRCh37 (n = 4,474, NA19240; n = 2,868, NA12878), excluding SNVs within SV regions not present in GRCh37 (n = 703, NA19240; n = 737, NA12878) Supplementary Table S17). In total, only 57.6% (2,578/4,474) and 76.4% (2,190/2,868) of the IGenotyper SNVs were present in the 1KGP call set for NA19240 and NA12878 (Figure 4B and Supplementary Table S18). Critically, because insertion SVs are not present in GRCh37, the additional SV-associated SNVs were also missed. Thus, in total, 50.2% (2,599/5,177) and 39.3% (1,415/3,605) of IGenotyper SNVs were absent from 1KGP (Figure 4B), including SNVs within 18 and 6 IGHV genes; 1,350/4,474 (NA19240) and 526/2,868 (NA12878) IGenotyper SNVs were not found in any 1KGP sample. The 1KGP call set also included an additional 542 (17.4%) and 76 (3.4%) SNVs (putative false-positives) for NA19240 and NA12878, respectively, including putative false-positive SNVs in 6 and 3 IGHV genes (Figure 4B). In contrast to SNVs found only in the 1KGP datasets, we found that in both probands >90% of SNVs detected only by IGenotyper were within short read-inaccessible regions (NA19240, 91.3%, 1,731/1,896; NA12878, 97.1%, 658/678; Figure 4C and Supplementary Table S19), suggesting that IGenotyper offers improvements in regions that are inherently problematic for short reads. We additionally assessed HWE at the interrogated SNVs, as deviation from HWE is often used to assess SNV quality. In both probands, we found that a greater proportion of SNVs unique to the 1KGP callset deviated from HWE than those called by IGenotyper (Supplementary Figure S14).

Finally, we compared larger variants, indels and SVs identified by IGenotyper to those detected by the Human Genome Structural Variation Consortium (HGSV) in NA19240 (34). First, we assessed support for six large known identified SVs in NA19240 (Figure 3A and Supplementary Tables S11 and S21). BioNano optical mapping data detected events in five out of the six SV regions. The complex SV spanning IGHV1-8/3-9/IGHV3-64D/5-10-1 was not detected, likely because this event involves a swap of sequences of similar size (∼38 Kb) (2), making it difficult to identify using BioNano. A critical difference to BioNano is that IGenotyper provides nucleotide level resolution allowing for fuller characterization of SV sequence content, including SNVs within these regions (as noted above). In addition to these large SVs, IGenotyper also identified 39 indels (3–49 bps) and an additional 11 SVs (>49 bps; 57–428 bps) in NA19240. Of these, 20 indels and 9 SVs were present in the HGSV integration call set.



Effects of False-Positive and -Negative Variants on Imputation Accuracy

We explored the potential advantage of our genotyping approach compared to array genotyping and imputation. We applied our long-read capture method to a sample selected from a recent rheumatic heart disease (RHD) GWAS (24), which identified IGH as the primary risk locus. Direct genotyping in this sample was carried out previously using the HumanCore-24 BeadChip (n = 14 SNVs) and targeted Sanger sequencing (n = 8 SNVs); genotypes at additional SNVs were imputed with IMPUTE2 (61), using a combination of 1KGP and population-specific sequencing data as a reference set. We compared IGenotyper SNVs from this sample to directly genotyped variants and imputed variants selected at three hard call thresholds (0.01, 0.05, and 0.1; Figure 5). The majority of directly genotyped SNVs (array, 13/14; Sanger, 8/8) were validated by IGenotyper. However, the validation rate varied considerably for the imputed SNVs, depending on the hard call threshold used (Figure 5A; 93.8%, 0.01; 92.7%, 0.05; 40.5%, 0.1), with the signal to noise ratio decreasing significantly from the 0.01 to the 0.1 threshold (Figure 5B). In all cases, IGenotyper called a substantial number of additional SNVs (Figure 5A); the majority of these were located in the proximal region of the locus, which was poorly represented by both directly genotyped and imputed SNVs (Figure 5C).
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FIGURE 5. Comparison of IGenotyper variant calls to microarray-/imputation-based genotyping. (A) SNVs detected by IGenotyper were compared to array-based and imputed SNVs in a sample from a recent RHD GWAS. Imputed SNVs were filtered based on different hard call thresholds (0.01, 0.05, and 0.1). Each set of filtered SNVs was compared to IGenotyper SNVs. The number of imputed SNVs not identified by IGenotyper (blue), SNVs only detected by IGenotyper (green), and overlapping SNVs (red) are shown above. (B) The signal-to-noise ratio was calculated using the overlapping SNVs between IGenotyper and imputation, and the SNVs identified only by imputation (not called by IGenotyper). Below the signal-to-noise ratio of 1 (dotted line), there is more noise than signal. (C) Positions of SNVs detected by IGenotyper and at different hard call thresholds. Each point represents a SNV. Blue SNVs are SNVs only identified by imputation and not detected by IGenotyper, and red SNVs are SNVs found both by imputation and IGenotyper.




Sample Multiplexing Leads to Reproducible Assemblies and Variant Calls

An advantage to the capture-based approach employed here is the ability to multiplex samples. To demonstrate this, eight technical replicates of NA12878 were captured, barcoded, pooled, and sequenced on a single Sequel SMRT cell 1M (Supplementary Table S22), yielding a mean CCS coverage ranging from 41.3 to 101.6x for each library (Figure 6A). We then simulated different plexes (2-, 4-, 16-, 24-, 40-plex) by either combining or partitioning data from this 8 plex, allowing us to assess the impacts of read depth on IGH locus coverage, assembly accuracy, and variant calling. The mean CCS coverage per plex ranged from 308.7X (2-plex) to 15.5X (40-plex) (Figure 6A). To compare IGenotyper metrics across plexes, we chose the 2-plex sample with the highest CCS coverage to use as the ground-truth dataset; all other assemblies and variant call sets were compared to this sample. The lower coverage 2-plex assembly covered 99.75% of the ground truth assembly with a sequence identity concordance of 99.99%. For the remaining comparisons, mean assembly coverage and sequence concordance estimates ranged from 99.27% (4-plex) to 86.95% (40-plex), and 99.99% (4-plex) to 99.99% (40-plex). The mean number of observed SNVs ranged from 2,471 (2-plex) to 1,936 (40-plex) (Figure 6B). When comparing these to ground truth SNVs, we observed high recall rates (>80%), even among the 40-plex assemblies (Figure 6C); recall was >90% for all but one of the 4- and 8-plex assemblies (Figure 6C). Importantly, although the recall rate of true-positive SNPs decreased as expected in higher plexes, we observed very little variation in the false-positive rate (Figure 6C).
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FIGURE 6. Assessment of sample multiplexing on assembly coverage and variant calling. Eight replicates of NA12878 were multiplexed and sequenced on a single Sequel SMRT cell. The eight replicates were combined or down sampled to simulate a sequencing run with 2, 4, 16, 24, and 40 samples. The simulated sample from the 2-plex run with the highest coverage was treated as the ground truth. (A) CCS coverage of sequencing runs with different numbers of multiplexed samples. The dotted line represents the coverage of a sample from a 2-plex sequencing run. (B) Number of SNVs found across samples per each multiplexed sequencing run. The dotted line represents the number of SNVs detected in a sample from a 2-plex sequencing run. (C) True and false positive rate of SNVs of each sample in each multiplexed sequencing run. The SNVs from each sample were compared to SNVs from a sample sequenced in a 2-plex run.




DISCUSSION

For decades, comprehensive genetic analysis of the human IGH locus has been intractable (3, 23, 59). As a result, our understanding of the extent of IGH germline diversity in human populations, and how this diversity contributes to B cell mediated immunity remains incomplete (3, 23). Here, we have leveraged existing genomic haplotype data to design a novel IGH assembly and genotyping framework that combines targeted long-read sequencing with a novel bioinformatics toolkit (IGenotyper). This end-to-end pipeline can reconstruct completely phased assemblies via the integration of long-range phase information. Utilizing high-quality CCS reads and derived assemblies facilitates characterization of IGH gene segments and all forms of coding and non-coding variants, including the discovery of novel variants and IG alleles.

We validated our pipeline on eight ethnically diverse human samples with orthogonal data that highlighted multiple strengths of our approach. First, we chose individuals with available BAC and fosmid clone-based assembly datasets for direct comparisons to capture/IGenotyper assemblies, as well as Illumina short-read data for assessing assembly error correction metrics. These comparisons revealed high concordance between assemblies (>99%) in both haploid and diploid samples. Second, we directly validated variants and alleles using trio data. Finally, comparisons to additional variant call sets (1KGP and HGSV) allowed us to assess concordance in variant detection (including indels and SVs), and demonstrate advantages over alternative high-throughput methods. Specifically, compared to microarray-based and short-read sequencing methods, IGenotyper variant call sets were more comprehensive, exhibited greater locus coverage, and were more accurate.

Much recent effort has focused on identifying IG genes/alleles absent from existing databases (2, 5–8, 11, 19, 62–65), revealing many undiscovered alleles in the human population. In our analysis, we identified 15 novel alleles from only two samples. Consistent with previous suggestions of undersampling in non-Caucasian populations (7), the majority (n = 12) were in the Yoruban individual, for which 6 additional novel alleles had been reported in an earlier study (1, 2). Notably, the novel alleles described in NA19240 represent the largest contribution to the IMGT database from a single individual. Related to this point, we also observed high numbers of false-positive/negative IGHV SNVs in 1KGP datasets, reinforcing that efforts to identify IG alleles from 1KGP data should be done with extreme caution (59, 66, 67). An added advantage of our approach is the ability to capture variation outside of IG coding segments and more fully characterize SVs. Although several studies have begun to demonstrate the extent of SV haplotype variation (2, 17, 18, 65), information on polymorphisms within these SVs, and within IGH regulatory and intergenic space remains sparse (23). It is worth noting that, in the few samples analyzed here, the majority of variants were detected in non-coding regions, including SNVs within RS, leader, intronic, and intergenic sequences. We also showed that IGenotyper resolved novel SVs within the complex IGHV3-30 gene region in both 1KGP diploid samples. Together, these examples are testament to the fact that our approach represents a powerful tool for characterizing novel IGH variation.

Despite evidence that IG polymorphism impacts inter-individual variation in the antibody response (13, 20, 21, 27), the role of germline variation in antibody function and disease has not been thoroughly investigated. The population-scale IGH screening that will be enabled by this approach will be critical for conducting eQTL studies and integrating additional functional genomic data types to better resolve mechanisms underlying IG locus regulation, which have only so far been applied effectively in model organisms (68–71). Delineating these connections between IGH polymorphism and Ab regulation and function will be critical for understanding genetic contributions to Ab mediated clinical phenotypes (23).

To date, few diseases have been robustly associated to IGH (24, 25, 72, 73). We previously suggested this was due to sparse locus coverage of genotyping arrays and an inability of array SNPs to tag functional IGH variants (2, 3). We have provided further support for this idea here. First, the identification of both putative false negative and positive SNVs in 1KGP samples highlights potential issues with imputation-based approaches using 1KGP samples as a reference set. Second, our direct analysis of capture/IGenotyper data in a sample from a recently conducted GWAS (24) also demonstrated that IGenotyper resulted in a larger set of genotypes, with improved locus coverage compared to imputation. Together, these analyses highlight the potential for our framework to supplement GWASs for both discovery and fine mapping efforts, and through building more robust imputation panels. A strength of our approach is that the user can determine the sequencing depth and locus coverage, depending on whether the intent is to conduct full-locus assemblies or genotyping screens; although the number of detected variants decreases with increased multiplexing, false-positive rates remain low. The recently released, higher throughput Sequel II platform, in combination with read length improvements, will allow for expanded processing of larger cohorts at lower cost.

A current technical limitation of our framework is the decreased efficiency of probes in particular regions of IGH. However, we showed that these regions represent a small fraction of IGH, with overall negligible impacts on locus coverage and assembly quality. Future iterations of target-enrichment protocols will improve efficiency through methodological or reagent modifications. A key strength of IGenotyper is its flexibility to accommodate other data types; e.g., users interested in complete haplotype characterization can already provide long-range phase information to inform a complete diploid assembly. We envision other forms of data will be leveraged in future applications. A second limitation is the potential to miss unknown sequences not specifically targeted by capture probes. We expect this issue to be mitigated in the future as more IG haplotypes are sequenced using the method described here, as well as through the application of large-insert clone assembly and WGS approaches; enumeration of these data will allow for refinement on protocol design and IGenotyper functionality. Ultimately, we promote an advance toward a more extensive collection of IGH haplotype reference datasets and variants as a means to leverage more sophisticated strategies for variant calling; for example, population reference graph approaches, which have been shown to be effective in other hyperpolymorphic immune loci (74). Looking forward, we expect our approach will lead to more comprehensive datasets that will augment and extend existing IG germline databases, such as IMGT (4) and VDJbase (75), and facilitate more effective modes of sharing IG polymorphism and haplotype data.

To the best of our knowledge, this is the first combined molecular protocol and analytical pipeline that can provide comprehensive genotype and annotation information across the IGH locus, with the added ability to be applied to a large number of samples in a high-throughput manner. Given the importance of antibody repertoire profiling in health and disease, characterizing germline variation in the IG regions will continue to become increasingly important. Our strategy moves toward the complete ascertainment of IG germline variation, a prerequisite for understanding the genetic basis of Ab-mediated processes in human disease.
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The homology, recombination, variation, and repetitive elements in the natural killer-cell immunoglobulin-like receptor (KIR) region has made full haplotype DNA interpretation impossible in a high-throughput workflow. Here, we present a new approach using long-read sequencing to efficiently capture, sequence, and assemble diploid human KIR haplotypes. Probes were designed to capture KIR fragments efficiently by leveraging the repeating homology of the region. IDT xGen® Lockdown probes were used to capture 2–8 kb of sheared DNA fragments followed by sequencing on a PacBio Sequel. The sequences were error corrected, binned, and then assembled using the Canu assembler. The location of genes and their exon/intron boundaries are included in the workflow. The assembly and annotation was evaluated on 16 individuals (8 African American and 8 Europeans) from whom ground truth was known via long-range sequencing with fosmid library preparation. Using only 18 capture probes, the results show that the assemblies cover 97% of the GenBank reference, are 99.97% concordant, and it takes only 1.8 haplotigs to cover 75% of the reference. We also report the first assembly of diploid KIR haplotypes from long-read WGS. Our targeted hybridization probe capture and sequencing approach is the first of its kind to fully sequence and phase all diploid human KIR haplotypes, and it is efficient enough for population-scale studies and clinical use. The open and free software is available at https://github.com/droeatumn/kass and supported by a environment at https://hub.docker.com/repository/docker/droeatumn/kass.
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Introduction

The protein coding killer-cell immunoglobulin-like receptor (KIR) genes span ~10–16 kb each, with pseudogenes that are ~5 and ~13 kb. Alleles from any two genes are over 85–98% identical. Frequent recombination throughout the ~70–270 kb haplotypes has made their order and copy number highly variable. The genes encode proteins that recognize human leukocyte antigen (HLA) and its peptide, and along with other receptors, initiate signaling pathways in natural killer (NK) cells that can lead to the release of cytokines or to the death of the target cell (infected, cancerous, foreign, etc.). Some of these ligand-receptor interactions stimulate the NK cell to react, while some inhibit the NK cell from reacting until the ligand is missing. NKs and their KIR receptors are essential to human health and have functional roles that impact viral infections, pregnancy, autoimmune diseases, transplantation, and immunotherapy (1–7).

Genetic interpretation of exonic-or-lower resolutions from next generation sequencing (NGS) is often ambiguous and unphased, and therefore limits precise understanding of how KIR sequences affect phenotypes. The importance of high-throughput high-resolution typing is exemplified by the fact that the genes contain extensive exonic SNP and short insertion/deletion (indel) variations which rivals that of its binding partner: HLA class I (1, 8). Over 300 full-length DNA and almost 1,000 protein reference alleles have been reported in IPD-KIR (9). All resolutions except haplotyping are ambiguous or require statistical phasing from few references. A cost-effective high-throughput method that could characterize all the sequences within the KIR haplotypes in cis could advance that understanding and clarify previously ambiguous and/or contradictory evidence. To date, the only approach for full haplotyping was to physically separate and amplify maternal and paternal haplotypes via fosmids for subsequent sequencing (10–14), a process whose expense has generally prohibited its use in large-scale association studies. While high-resolution haplotyping by fosmid clones or full gene by PCR is costly and inefficient, low resolution genotyping of gene presence/absence or copy number provide limited information for functional analysis and association tests.

Like much of chromosome 19, the KIR region is dense with repetitive elements, which have provided the mechanisms for its recent evolution by tandem duplication and homologous recombination events. Dozens of distinct gene-content haplotypes are seen in Europeans alone (11, 12, 15, 16). Previous reports have documented over ten distinct common haplotype structures (13). Figure 1 provides an overview of the most common haplotype structures and their informal names. KIR haplotypes are named in two halves: “c” for centromeric (i.e., proximal) and “t” for telomeric (i.e., distal) separated by a recombination hotspot contained in the ~10 kb intergenic region between KIR3DP1 and KIR2DL4. Each half is also labelled “A” or “B”, designating one of two families of haplotypes, based on the gene content (17). The A family haplotype denotes haplotypes with one main gene content structure and relatively large allelic variation. The B family of haplotypes denotes a class of haplotypes with relatively more structural variation and less allelic variation. The haplotype named “cA01~tB01”, for example, means the first (01) centromeric A region in cis (“~”) with the first telomeric B region.




Figure 1 | Common KIR haplotype structures and their names. Blue regions represent the presence of a gene or the KIR3DP1-KIR2DL4 intervening intergenic region. Some genes are partially blue to indicate their portion of a fusion allele. The first column contains the informal name for the haplotype. Each haplotype name is a combination of its two regions: centromeric (proximal) regions are preceded with a “c” and telomeric (distal) regions are preceded with a “t”. Not all haplotype structures are shown.



It is difficult to interpret KIR haplotypes for an individual human genome given the reads from high-throughput sequencing when the structural arrangements are unknown. This is largely due to read lengths from prevailing technologies being too short to map unambiguously to the repetitive and homologous KIR genes. Even if the reads could be uniquely placed, they require statistical phasing that is difficult due to lack of phased high-resolution reference libraries. As a consequence, the reads from the KIR region are largely ignored, mis-interpreted, or under-interpreted in current whole genome sequencing (WGS) studies. Therefore, the properties of the KIR region require more careful and specific interpretations than most other regions in human genome.

Here we present an approach that leverages PacBio’s long-read circular consensus sequence (CCS) reads to span DNA homology, and gene homology to efficiently capture 2–8 kb fragments of DNA. It is a workflow to capture, sequence, assemble, and annotate diploid human KIR haplotypes. And it also has broader implications to other genomic regions with variable or repetitive regions alternating with constant regions. When applied to a cohort of 8 African Americans and a cohort of 8 Europeans, the results demonstrate that every KIR gene and intergene contains constant regions that are targetable by capture probes, and that by targeting the constant regions, the variable regions can be captured and sequenced by standard PacBio workflows. Further, maximizing this paradigm shows that 18 short probe sequences can capture KIR haplotypes and allow their unambiguous assembly. Finally, this is an efficient approach that requires no prior knowledge of the individual or references, only utilizes standard lab workflows, and is available in free and open software.



Materials and Methods


Overview

The goal of the experiment was to create a set of capture probes and a bioinformatics workflow to efficiently assemble full KIR haplotypes from PacBio CCS reads. The experiments to capture, sequence, assemble, and annotate are depicted graphically in Figure 2. The major steps consist of

	Design capture probes.


	Use the probes to capture the KIR DNA fragments in vitro or in silico per individual.


	Sequence the fragments on PacBio Sequel.


	Error correct the sequences.


	Bin the sequences per KIR region and gene.


	de novo assemble all the sequences together and each gene bin separately.


	Annotate the assembled sequences with their genes and exon/intron locations.







Figure 2 | Workflow. The workflow starts with fragment capture in vitro or in silico and PacBio assembly (A). The sequences are error corrected (B) and binned by KIR region and KIR gene (C) before de novo assembly of each bin (D). Finally, the assembled haplotigs/haplotypes are annotated by gene (E) and exon (F).





Step 1: Design Capture Probes

Published KIR haplotypes sequences (36 at the time of this study) as well as all allele sequences from IPD-KIR 2.7.1 (18) were used to generate 200 candidate capture probes. The design of the 120-base probes was coordinated with a combination of automated and manual Integrated DNA Technologies (IDT) design tools, including a strain typer alignment tool and a xGen® Lockdown probe design tool. The candidate set of probes was reduced by leveraging sequence homology. First, the haplotype sequences were aligned to two KIR haplotypes (GenBank accessions GU182358 and GU182339). These two reference haplotypes, which together contain all KIR genes, were annotated via RepeatMasker (19, 20). The candidates were prioritized by the highest number of times each aligned to the two reference sequences but not to repetitive elements. The set was chosen by iteratively adding the probe with the highest alignment hit count until both reference haplotypes were covered by less than the expected average DNA fragment length of ~4–5 kb. Ultimately, experiments were conducted on the original set of 200, a minimal set of 15, and a refined set of 18 capture probes.



Steps 2–3: Capture and Sequence the DNA Fragments per Individual

Targeted hybridization probe capture and sequencing was performed (Figure 2A) as described using PacBio unsupported protocol PN101-388-000 (21) with the following modifications. Two μg Human Genomic DNA suspended in 200 μl if Elution Buffer was sheered with Covaris G-tubes to 6–8 kb according to manufactures instructions followed by 1:1 PB AMPure bead cleanup. The target fragment size of 6–8 kb was chosen to maximize the ability for capture and to allow proper phasing and the generation of CCS reads, or a consensus sequence of one captured DNA fragment per sequence well. Individual specimens were then library prepped with the KAPA library prep kit (Roche) which consisted of end repair and ligation of uniquely barcoded adapters that also contained the PacBio Universal Primer sequence. After a 0.8X PB AMPure bead clean up samples were enriched with eight PCR cycles in a 200 μl reaction using LA Taq by Takara and PacBio Universal primers followed by a 1:2 PB AMPure bead cleanup. Sample concentrations were measured on the Promega Quantus and 2 μg was size selected for greater than 2 kb fragments on the Blue Pippin System (Sage Sciences).

Eight multiplexed samples for Sequel sequencing were pooled at this point at 0.25 μg per sample and 1.5 μg of pooled size selected DNA, 5 μl of 1 mg/ml Human Cot-1 DNA by Thermo Fisher, and 10 μl of 100 μM PacBio Universal Primer were dried in a Speed Vac with no heat. IDT xGen® lockdown reagents and probes were used to resuspend the genomic/Cot-1/primer mixture according to manufactures instructions and incubated at 70°C for 4 h followed by IDT xGEN washes®. DNA was then removed from streptavidin beads and further enriched with 15 PCR cycles using LA Taq. DNA fragments were then library prepped and sequenced eight samples per SMRT cell on the Sequel according to PacBio instructions. Raw sequence data was then demultiplexed and CCS reads generated on SmrtLink 6.0 using 99.9% subread accuracy filter for generation.



Steps 4–6: Correct, Bin, and Assemble the Sequences

For both targeted and WGS, the fastq sequences were error corrected with LoRMA (22). The sequences were binned for on-KIR and also binned per genic or intergenic region in silico (Figures 2B, C) using the 18 capture probes for on-off KIR detection and 32,230 gene probes. The gene probes are 25mers and are detailed in a recent manuscript by Roe et al. that has been submitted for peer review and preprinted on bioRxiv (23). Synthetic probe matching was conducted via bbduk (24) with parameters “k=25 maskmiddle=f overwrite=t rename=t nzo=t rcomp=t ignorebadquality=t”. This effectively removed any off-KIR sequences and binned the sequences into 15 loci: 12 protein-coding genes, 2 pseudo-genes, and the intergenic region between KIR3DP1 and KIR2DL4. Sequences in each bin were de novo assembled with Canu 2.0 (25) (with default parameters except “genomeSize=200k”) for each bin separately and all KIR sequences together (Figure 2D). The assemblies utilized only the captured sequences and were not assisted by any prior information, `including individual genotypes or reference libraries.



Step 7: Annotate the Assembled Sequences

The capture probes were aligned to the haplotype-specific assembled sequences (i.e. haplotigs), and their patterns allowed gene-specific sequences to be extracted from the haplotypes (Figure 2E). The details are presented in the previously-mentioned preprint. At a high level, the algorithm uses the bowtie2 alignment pattern of the 18 capture probes across the haplotigs/haplotypes to define locus-specific features. Within each feature, the locations of the exons, introns, and untranslated elements were located by searching for inter-element boundaries with 16 base sequences as defined by the full haplotype MSA of 68 human haplotypes (Figure 2F). Each sequence contains 8 bases from one region and 8 from the other. For example, ACACGTGGGTGAGTCC spans the boundary between KIR2DL4’s exon two and intron two; the first eight characters are from the second exon, and the last eight bases from the second intron. Boundary regions are flexible up to 3 mismatches if necessary. The locations of these elements allows for the annotation of protein, cDNA, and full-gene alleles with respect to names assigned in IPD-KIR. The haplotigs were ultimately annotated in GenBank’s tbl format. BioJava (26) was used for some of the sequence processing. Reports on the assembly (or the raw sequences) were generated from Minimap2 (27), Qualimap (28), NanoPack (29), QUAST (30), Simple Synteny (31), and Tablet (32).



Evaluation of the Workflow

The capture-sequence-assemble workflow was evaluated on a cohort of 16 individuals whose haplotypes had previously been sequenced using fosmid separation and long-read sequencing (13, 33). The assembled haplotype-specific sequences (i.e., haplotigs), were evaluated by their phased coverage and concordance with the reference sequences as well as the number of haplotigs it takes to phase 75% of the haplotype (i.e., LG75). The LG metric is a standard metric for assembly evaluation; it is particularly appropriate for variable length haplotypes like KIR to evaluate their haplotigs by the fraction of the haplotype as opposed to number of bases. Of the 16 individuals, 8 are of European (EUR) ancestries (GenBank haplotype sequences KP420437-9, KP420440-6, KU645195-8, and KU842452) and 8 are of African American (AFA) ancestries (GenBank haplotype sequences MN167507, MN167510, MN167512, MN167513, MN167518, MN167519, and MN167520-9). The European haplotypes are detailed in Roe et al., 2017 (13), and the African Americans are detailed in the previously mentioned manuscript by Roe et al. that has been submitted for peer review. The distribution of haplotype structures in the European cohort is 8 cA01~tA1, and 1 each of cA01~tB01, cA01~tB04, cA02~tA03, cA03~tB02, cB01~tB01, cB02~tA01, and cB04~tB03; one individual is homozygous for cA01~tA01 to within a few variants. The distribution of African American haplotypes is 5 cA01~tA01, 3 cB01~tA01, 3 cB03~tA01, 2 cB01~tB01, 1 cA01~tA02, 1 cA01~tB01, and 1 cB02~tA01. Further details are provided in Supplementary Table 1.



Whole Genome Sequencing

Theoretically, if KIR reads could be removed from WGS, the workflow should be able to assemble haplotypes the same as from targeted sequences. To test this hypothesis, whole genome CCS reads were obtained for an Ashkenazim individual (isolate NA24385) from the Genome In a Bottle (GIAB) consortium, as described in Wenger et al. (34). KIR ground truth was unknown previously. KIR reads were separated from WGS as described above and from there the workflow proceeded as usual from the error correcting step (Figure 2B).




Results

Assemblies were evaluated with ground truth in 16 individuals (32 haplotypes) comprising 11 distinct haplotype structures. They were compared with the reference sequences shown in Figure 3, which depicts the 11 structures as connections between the same genes in different haplotypes and shows how the structures represent expansion and contraction of the A and B haplotype categories across the KIR3DP1-KIR2DL4 hotspot. Table 1 shows the results of the assembly compared with the reference sequences. For the 8 Europeans on average, the full set of 200 candidate probes provided 98% coverage, with 99.98% concordance, and it took 1.1 haplotigs to cover 75% of the reference (LG75). When a set of capture probes was reduced to a select 15 and evaluated on both cohorts, the European coverage lowered to 93%, with the same concordance rate (99.98%), and 1.3 LG75. The results for African Americans were very similar: 92% coverage, 99.98% concordance, and 1.6 LG75. When a select 3 more probes were added for a total of 18 capture probes, the assemblies for the 8 African Americans improved to 97% coverage, with 99.97% concordance, and 1.8 LG75. Most of the missing coverage occurred at the 3’ end of the haplotypes: in certain KIR3DL2 alleles and some sequences extending 3’ past KIR3DL2. Figure 4 shows the alignment of the haplotigs relative to the reference haplotype from the same individual MN167513 (cA01~tB01, Figure 3) in the 18-probe experiment. It shows a small <2 kb gap in the assembly in KIR2DL3. Otherwise, the haplotigs provide complete and overlapping coverage across the reference haplotype sequence. When all the haplotigs are aligned the reference, the statistics report that it takes 2 haplotigs to assembly 75% of the haplotype and that total coverage is 98.4% with 99.98% concordance with the reference. The haplotigs are colored by base (ACGT) and indicate the haplotigs are concordant. Every gene is spanned by at least one haplotig, and all loci are phased with overlapping haplotigs, which the exception of the gap in KIR2DL3. Supplementary Figure 1 contains the assemblies for all individuals in all three sets of experiments, along with NanoPlot, Qualimap, and Quast reports. The reports contain different visualizations and collections of statistics like number and percentage of mapped/unmapped reads, min/max/mean read lengths, ACGT content, coverage, mapping quality, mismatch rates, and indel rates.




Figure 3 | Reference haplotype structures in the two validation cohorts. Each haplotype represents one of the structures previously established via fosmid library preparation and long-read sequencing. The unofficial name of the haplotype is on the left. Lines connect genes with the same name in different structures. Solid lines connect the same gene in neighboring structures. Dashed lines connect the same gene in non-neighboring structures (i.e., the line goes through one or more neighboring haplotypes). cA02~tA03: 1 EUR. cA01~tA02: 1 AFA. cA01~tA01: 5 AFA, 9 EUR. cA03~tB02: 1 EUR. cA01~tB01: 1 AFA, 1 EUR. cA01~tB04: 1 EUR. cB01~cB01: 2 AFA, 1 EUR. cB04~tB03: 1 EUR. cB01~tA01: 3 AFA. cB02~tA01: 1 EUR. cB03~tA01: 1 AFA.




Table 1 | Assembly statistics.






Figure 4 | Alignment of assembled haplotigs with reference haplotype sequence MN167513 (cA01~tA01), whose length is 147,345. The gene features are annotated across the top. The haplotigs are stacked below and colored by nucleotide.



The optimized 18 capture probe provided results very similar to the full candidate set of 200. Since this is the most efficient method, this probe coverage is further explained below. The 18 probes covered the haplotypes to an average distance of 2,398 bases. Figure 5 shows how the probes are distributed across a typical 19 kb region. The image shows an alignment displayed in Integrative Genomics Viewer (IGV) of the set of 18 probes to cB01~tB01 (GenBank reference KP420442). The top of the image shows it is zoomed into 49 kb of the haplotype (~50–100kb). In the middle track, the vertical ticks with the red numbers above indicate the alignment locations of the probes, with the red number being the label of the probe. In the bottom two tracks, the horizontal blue lines indicate the locations of exons (second from the bottom) and repetitive elements (bottom). The probe locations avoid the blue variable (exons) and repetitive (Alus, LINEs, etc.) regions but achieve complete coverage to a resolution of less than 5 kb across the 49 kb. Only 7 distinct probes align to this region. From left to right, the probe sequence 4-3-12-10-2-7-13 occurs three times, except probe 10 does not align in the middle group. This alignment demonstrates how homology can be used to capture continuous KIR DNA over long distances with few probes without capturing off-KIR DNA. The set of 18 probes are included in Supplementary Table 2.




Figure 5 | IGV depiction of the alignment of the 18 set capture probes across a 49 kb region of KP420440 (cB01~tB01). The locations of the probes are displayed by the vertical ticks with the red labels above them in the middle track. The locations of exons and repeat elements (horizontal blue bars) are on the bottom two tracks. Seven distinct probes align in this window. The probe pattern 4-3-12-10-2-7-13 repeats three times from left to right, except probe 10 does not align in the middle group.



The CCS reads in the 18-probe experiment provided an average of 47x coverage of the haplotypes, except for a small gap in all alleles of KIR2DL2 and KIR2DL3, and a few alleles in other genes such as KIR2DS2. The gaps were on average ~100 bases long, lead to gaps in the assembly <2 kb, and were most likely introduced during PCR amplification of a repeat-rich region. See the reports in Supplementary Figure 1 for more information.

Using the 18 sequences as virtual probes to capture KIR reads from WGS, the KIR assembled into a paternal cA01~tB01 (KIR3DL3*00101~KIR2DL3*00101~KIR2DP1*NEW~KIR2DL1*00302~KIR3DP1*0030202~KIR2DL4*0050101~KIR3DS1*01301~KIR2DL5A*00101~KIR2DS5*00201~KIR2DS1*00201~KIR3DL2*00701) haplotype and a maternal cB05~tB01 (KIR3DL3*00301~KIR2DS2*005~KIR2DP1*NEW~KIR2DL1*0040105~KIR3DP1*0030202~KIR2DL4*00501~KIR3DS1*01301~KIR2DL5*00101~KIR2DS5*00201~KIR2DS1*00201~KIR3DL2*NEW); the assembly and its annotations are included in Supplementary Figure 2. The distal/telomeric halves (KIR3DP1-KIR2DS1) are mostly homozygous, with approximately a dozen variants between them. It is possible this region is really deleted in maternal haplotype and should be classified as cB05~tB02 (KIR3DL3~KIR2DS2/KIR2DS3~KIR2DP1~KIR2DL1/KIR2DS2~KIR3DL2). Either way, this is the first reference haplotype with a cB05 with tB01 or tB02 in the same haplotype; cB05 has KIR2DS2/KIR2DS3 fusion (named KIR2DS2*005 in IPD-KIR). The preprinted algorithm to genotype KIR from WGS confirms cB05~tB01 with cA01~tB01 (or their deleted forms) as the most-likely pair of structural haplotypes. The recently published PacBio full-genome assembly of this individual (34) assembled the cA01~tB01 in paternal haplotig SRHB01000968.1, but the maternal haplotigs do not contain any KIR haplotypes.

The code to assemble and annotate KIR haplotypes from CCS reads, including an example, is located at https://github.com/droeatumn/kass. The “main” workflow performs the assembly. The “annotate” workflow labels the genes, exons, and introns in GenBank’s.tbl format. The “align” workflow aligns the haplotigs to a reference and produces reports with which to evaluate the assembly or raw data. The code is supported by a Docker container at https://hub.docker.com/repository/docker/droeatumn/kass, for convenient execution. The minimum recommended hardware for targeted sequencing is 30G main memory and 8 CPU cores. More of each is helpful, especially with WGS. On an Ubuntu 18.04 Linux server with 40 core (Intel Xeon CPU E5-2470 v2 @ 2.40GHz) and 132G main memory, a single targeted assembly (~70M fastq.gz) averaged 66 minutes and the WGS (~70G fastq.gz) was 69 minutes. On MacOS 10.15.5 with 4 core (2.7 GHz Quad-Core Intel Core i7) and 16G main memory, a single targeted assembly averaged 125 minutes. Average times are reduced when assemblies are run in parallel.



Discussion

These experiments in individuals from diverse populations demonstrate that KIR haplotypes can be efficiently enriched and ultimately assembled using an efficient number of capture probes. The workflow successfully reconstructed both haplotypes from targeted sequencing in 16 individuals and from WGS in 1 individual. Although recent advances in Single-Molecule Real-Time sequencing by PacBio have improved quality and extended its applicability to WGS and highly repetitive regions, these advancements are not sufficient to accurately assemble KIR haplotypes. In our evaluations of self-reported results from other published and pre-published assemblers, we could not find another assembler that correctly assembled diploid KIR haplotypes from PacBio reads alone. The sequences need to be error corrected, separated from off-KIR, and sometimes the reads need to be separated and assembled on a per-gene basis depending on depth and genotypic variation, as more binning helps overcome the challenges of higher multiplexing. We have confirmed successful assembly with multiplexing up to eight individuals, which, we estimate, should lead to costs that rival full-exon short-read sequencing, and an order-of-magnitude more efficient than fosmid-based library preparation due to a more high-throughput library preparation workflow. We report efficiency details as a minimum, because the purpose of these experiments were to demonstrate the capability, not maximum efficiency. Our results suggested that lower bounds efficiency for off/on ratio for KIR capture range between 1.3 to 2.4 (Supplementary Table 3).

In addition to assembly, our software is the first annotation system for KIR haplotypes. The annotation algorithm leverages the information of the pattern of capture probes across the haplotype sequence to define loci and their exon/intron locations. Another system annotates gene alleles (35), but only if the input allele sequences start at the same location as their PCR primers.

There are 50 KIR reference haplotypes in the human genome reference GRCh38.p13 (36). The 16 African American haplotypes will be added in the next release, bringing the total to 66. This is 3 times more than the entire chromosome 3, which has the next highest total number of alternative haplotypes. Almost half of these KIR haplotype sequences were characterized in two workflows whose only common step was PacBio sequencing. Since both workflows agree over 99%, we can be confident the cohorts have been characterized correctly and the two approaches validated each other.

A 2016 manuscript (37) describes PING, which is software to interpret KIR from short (<= 300 bp) reads. It uses probes to capture 800 bp DNA fragments. Although the total number of probes required for KIR capture was unspecified, the total number for KIR and HLA was 10,456. PING’s highest resolution results are obtained by aligning the short reads to full-gene references, calling the SNP variants, and then calling the two most likely reference alleles given the SNP genotypes. Although a great improvement over other current technologies at the time, the PING method does not phase/link variants within a gene or the haplotype as our long-read sequencing and capture method allows. Further, PING uses more than an order of magnitude more capture probes, which can be expensive to capture shorter fragments. It produces probabilistically phased lower-resolution predictions compared with our long-read assembly, which produces linked multi-gene and haplotype sequences without references. Therefore, we feel our method appreciably adds to the ability to properly analyze KIR regions by leveraging long read technologies for increased resolution and phasing compared with the previous NGS approach and also by leveraging high-throughput library preparation for reduced cost compared with the previous haplotyping approach.

In addition to demonstrating an efficient targeted haplotyping strategy, to the best of our knowledge, this the first report of KIR full diploid haplotype assembly from HiFi WGS alone. Our approach was able to assemble both haplotypes from WGS whereas the previously reported whole-genome assembly could not, underlying the necessity of a KIR-specific assembler. Both regions comprising the haplotype it missed (cB05~tB01 or a deleted form) are not in the primary human genome reference, and the two have not been reported together previously. Perhaps this lack of representation in the reference contributed to the missing assembly. Other possibilities include the lack of binning/separation of KIR reads from the rest of the genome before assembling, or differences in the tools used in the workflow. Regardless, this experiment demonstrates the value added by the bioinformatics algorithms, in addition to the targeted capture and assembly.

The suspected amplification problem causing the small gap in KIR2DL2L3 occurs in a ~100 base region of poly-ATs, with L1s (and ALUs) on either side. It appears most or all PCR methods have a problem with this region, as almost every KIR2DL2 and KIR2DL3 reference allele has a different poly-AT sequence for this region (Supplementary Figure 3); these reference alleles were sequenced on various platforms but generally (if not fully) amplified with PCR. The PCR-less WGS from GIAB have no gaps, which suggests the source of the gap is PCR amplification and demonstrates that the assembler can correctly assemble this region along with the rest of the haplotypes when using non-PCR library preparation methods. Since KIR2DL2 or KIR2DL3 occur in most haplotypes and occur ~10–20% from the proximal end, their short gap limits LG75 to its reported value of 1.8 in the AFA cohort. In cases where the gap is not an issue, such as WGS, LG75 will probably be 1, and LG100 will probably be a better metric.

The power of this method to assemble repetitive KIR regions without incorporating false non-KIR genomic signals may lie in the strongest recombination hotspot, the 10 kb intervening region between KIR3DP1 and KIR2DL4. Conventionally, KIR haplotype names (e.g., “cA01~tA01”) have been described as two halves (“c” and “t”) separated by a recombination hotspot (“~”). The rate of recombination between the two halves is so frequent that any two may be found with each other, despite the relative evolutionary youth of the region. This hotspot stretches over 9 kb between KIR3DP1 and KIR2DL4. Any two alleles of this region are over 99% identical and consist of 13% Alus (SINEs) and 58% LINE1 repeat elements. Figure 6 shows an alignment of the region to itself. The top part of the figure displays the location of the KIR3DP1-KIR2DL4 intergenic region in the context of the cA01~tA01 primary human genome reference. The bottom half zooms into the intergenic region and shows a dot plot of the alignment. The lines on the dot plot indicate stretches of the haplotype that align with itself, either in the same location or a different location. The red lines indicate matching in the same orientation as the overall haplotype, and the blue indicate matching in the reverse complement. The red and blue horizontal bars at the bottom of the figure detail the location of repetitive elements. The red from 0–2,000 simply shows that this region aligns with itself. There is a stretch of 3 kb from ~5,200–8,200 that reverse complement matches ~400–3,400. The yellow boxes highlight Alu repeats: AluSx3 from ~800–1,000 is matched in the reverse complement by AluSx1 (~6,400–6,600) and AluSx4 (~7,100–7,400) and the same orientation by AluSq2 (~8,200–8,400). All elements are surrounded by very similar L1 elements for at least 1,000 bp on both sides. This stretch of 3,000+ bases of reverse complement repeats provides fertile ground for homologous recombination between the two halves of KIR haplotypes. This is the most difficult region to phase and the results demonstrate that the combination of variants and read length is generally high enough to phase full haplotypes with diploid reads. Although this region is an extreme example, the other recombination sites, which are usually internal to genes and result in gene fusions, homologously recombine via the same elements (16, 38–41), although only the KIR2DL4-KIR3DP1 intergenic region contains as many elements in both directions (10). Our assay is the only high-throughput method that allows analysis of all of these regions.




Figure 6 | Recombination hotspot. The top shows the 9 kb haplotype context of the repetitive region of the KIR3DP1-KIR2DL4 intergene region, whose self-alignment is shown in the bottom half. Red lines indicate alignment of the haplotype with itself in the same orientation, and blue lines indicate reverse complement orientation. The location of the repetitive elements is at the bottom, with red and blue again indicating orientation. The yellow boxes highlight three AluSx and one AluSq elements that align with each other, two in each direction.



Future efforts include expanding testing to other populations, resolving the KIR2DL2L3 gap if possible, expanding capture for some KIR3DL2 alleles, expanding the assembly and annotation to bordering genes in the leukocyte receptor complex, optimizing multiplexing, and incorporate scaffolding into the workflow. Although the diverse AFA and EUR cohorts demonstrate proof of concept and expand our human genome references, it is important to develop reference sets for all populations. Expanding the capture would help ensure that KIR3DL3 and KIR3DL2 are sufficiently captured, help define any deleted haplotypes that may include these two genes and capture potentially relevant regulatory signals. Currently, all fully sequenced haplotypes contain some portion of these two bordering genes. “Scaffolding” is the term for combining haplotigs into one final haplotype sequence. Although the experiments revealed most haplotypes are covered in only two haplotigs and the haplotigs are simply subsequences of other haplotigs, it might help downstream analysis to include a rigorous scaffolding step; the KPI software may help select the appropriate references, as it can predict the pair of haplotype structures from the raw sequences.

Our approach leverages sequence similarity across multiple loci that were created by duplication followed by variation. Since this this is a true for many gene families, our approach should be more generally applicable to other regions that have a mix of homologous and variable/repetitive regions relative fragment length and capture characteristics.

The application of KIR genetics in medical research such as immunity, reproduction, and transplantation is encouraging, but limited by the technical difficulties for high-resolution interpretations at large scale and low cost. Here, a KIR haplotyping workflow was presented that can provide full-sequence haplotypes at approximately the same cost as full exon or full gene. For the first time, it allows high-resolution KIR haplotypes in population-sized cohorts, as opposed to lower-resolution genotypes. The analysis pipeline uses domain knowledge to assemble reads generated via well-established sequencing techniques that is accurate enough for personalized precision medicine and scalable to populations. To this point, most KIR association studies focus on variation at only one locus or one functional class to associate, while keeping the rest of the haplotypes static. Future full-haplotype studies will help KIR researchers better study gene combinations, regulatory regions, recombination hotspots, self-regulation, and non-binding factors that influence disease phenotypes. This increased ability will provide completed sets of population-specific reference haplotypes which will, among other things, enhance imputation power of lower resolution data. It allows for new comparisons that will provide insight into evolution and make this region the best annotated in the human genome, despite its complexity. Lastly, this novel approach will provide the capability to discover genetic associations in medically relevant areas such as infections, transplantation, cancer susceptibility, autoimmune diseases, reproductive conditions, and immunotherapy. The open and free software is available at https://github.com/droeatumn/kass and supported by a environment at https://hub.docker.com/repository/docker/droeatumn/kass.
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Supplementary Figure 1 | AFA and EUR haplotigs. Data Sheets 2-5 are zip files containing the assembled haplotigs for all AFA and EUR assemblies. Also included are Qualimap, NanoPack, and QUAST reports.

Supplementary Figure 2 | WGS haplotigs. Data Sheet 1 is a zipped file containing the assembled haplotigs for maternal and paternal haplotypes for WGS assembly from GIAB individual NA24385.

Supplementary Figure 3 | Image 3.tif contains a multiple sequence alignment of reference KIR2DL2 alleles in IPD-KIR. The variation between columns 6,706 and 6,744 demonstrates extensive reported variation in a poly-AT region.

Supplementary Table 1 | Cohort details. In Table 1, the first column contains the individual ID used for this study. The second column contains the GenBank accession number of the reference haplotype. Accessions that start with K are from the European cohort, and accessions that start with M are form the African American cohort. The third column contains the informal haplotype name.

Supplementary Table 2 | Capture probes. Data sheet 6 contains the 18 capture probe sequences in zipped fasta format.

Supplementary Table 3 | The spreadsheet Table 2 contains statistics calculating the amount and ratios of on and off KIR sequences in the experiments that differ by cohort and number of probes.
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A match of HLA loci between patients and donors is critical for successful hematopoietic stem cell transplantation. However, the extreme polymorphism of HLA loci – an outcome of millions of years of natural selection – reduces the chances that two individuals will carry identical combinations of multilocus HLA genotypes. Further, HLA variability is not homogeneously distributed throughout the world: African populations on average have greater variability than non-Africans, reducing the chances that two unrelated African individuals are HLA identical. Here, we explore how self-identification (often equated with “ethnicity” or “race”) and genetic ancestry are related to the chances of finding HLA compatible donors in a large sample from Brazil, a highly admixed country. We query REDOME, Brazil’s Bone Marrow Registry, and investigate how different criteria for identifying ancestry influence the chances of finding a match. We find that individuals who self-identify as “Black” and “Mixed” on average have lower chances of finding matches than those who self-identify as “White” (up to 57% reduction). We next show that an individual’s African genetic ancestry, estimated using molecular markers and quantified as the proportion of an individual’s genome that traces its ancestry to Africa, is strongly associated with reduced chances of finding a match (up to 60% reduction). Finally, we document that the strongest reduction in chances of finding a match is associated with having an MHC region of exclusively African ancestry (up to 75% reduction). We apply our findings to a specific condition, for which there is a clinical indication for transplantation: sickle-cell disease. We show that the increased African ancestry in patients with this disease leads to reduced chances of finding a match, when compared to the remainder of the sample, without the condition. Our results underscore the influence of ancestry on chances of finding compatible HLA matches, and indicate that efforts guided to increasing the African component of registries are necessary.




Keywords: HLA, hematopoietic stem cell transplantation, genetic ancestry, admixture, MHC, Brazil



Introduction

Since the first allogeneic transplant in the late 1950s, there has been significant progress in the technical procedures and success rate of hematopoietic stem cell transplantation (HSCT). Nowadays, HSCT has become the standard treatment for several hematological diseases such as hematologic malignancies (leukemias, Hodgkin’s lymphoma), and also a curative treatment for some congenital or acquired disorders of the hematopoietic system (sickle cell anemia, severe aplastic anemia, thalassemia and inborn metabolism errors), as well as a therapeutic option in the treatment of some solid tumors (1, 2).

The success of allogeneic HSCT (allo-HSCT) is in part due to a better understanding of the role of HLA genes in the immune response. Classical HLA genes encode antigen-presenting proteins which are recognized by T-cell receptors. When HLA molecules bind a non-self antigen, cellular and humoral immune responses are triggered. Thus, in allo-HSCT the match between patient and donor HLA is critical, since different HLA alleles can generate distinct antigens detected as non-self during cellular immunological inspection. As a consequence, the patient’s immune system sees the donor cells with incompatible HLA as foreign and mounts an immune response, leading to rejection of the HSCT, and/or to graft versus host disease after grafting. Therefore, the gold standard for allo-HSCT is full compatibility between patient and potential donor at the 2 alleles of HLA-A, -B, -C, -DRB1, and -DQB1 (10/10 match) [see review in Tiercy, 2016 (3)]. Nevertheless, in some cases mismatches may be allowed (9/10 match), especially at alleles which do not generate an anti-HLA antibody (4, 5), or when new therapeutic protocols of haploidentical transplant are used, in which the donor and recipient share a common HLA haplotype (6).

The extremely high number of alleles at HLA loci (more than 27,000 classical HLA alleles were described in the Immuno Polymorphism Database IMGT/HLA until July 2020, https://www.ebi.ac.uk/ipd/imgt/hla/stats.html) makes relatives of the patient the first option in searching for a donor. The patient’s probability of having the same HLA haplotypes as one of their siblings is 25%, and increases with the number of siblings (43.7% with 2, 57.8% with 3, 68.4% with 4 siblings, etc.) (7). However, according to the USA National Marrow Donor Program (NMDP), only 30% of allo-HSCT donors are chosen from close relatives, with unrelated allo-HSCT donors accounting for about 70% of cases (8). Therefore, public donor registries play a key role in meeting the demand for unrelated donors.

According to the World Marrow Donor Association (WMDA), which includes 53 associated countries, the number of registered unrelated donors exceeds 35 million individuals and 700,000 cord blood units (WMDA, 2019; https://statistics.wmda.info/). Despite this large number, a major concern has been to understand how representative existing registries are of the general population, since the high diversity of HLA loci, their geographical heterogeneity (9, 10), and biases in volunteer recruitment, can result in certain groups within the population having reduced access to donors.

This scenario may be critical in the case of admixed populations, which trace their ancestry to different geographic regions, and has been the focus of several recent studies on how ethnicity influences the probability of finding a donor (8, 11–13). In the USA, an NMDP study found that while 75% of patients who self-identify as White-European found a donor with 7/8 HLA matching, only 16% for African-Americans found a match (8). A Memorial Sloan Kettering Cancer Center study of 7/8 or 8/8 HLA matching found that 78% of patients with Northwestern European ancestry found a donor, while this number fell to 44% for those with South European ancestry and 22% for those with African ancestry (13). Theoretical studies by Bergstrom et al. (11, 14) also found that the probability of not finding a match in the NMDP is highest among African-Americans, when compared to other groups. These findings have been interpreted as an outcome of a combination of factors, including a lower representation of African-Americans in databases, as well as the greater genetic diversity of populations originating in Africa, which decreases the likelihood that two unrelated individuals will share a multi-locus HLA genotype (15).

While the studies discussed above make a convincing case regarding the impact of self-identification upon the chances of finding a donor, they do not address the low correspondence between self-identification and genetic ancestry (16–18). In admixed populations, individuals who self-identify to the same group frequently have extremely variable genetic ancestries. This is expected, since self-identification involves a complex interplay of social and genealogical components (19) and varies among geographic regions in Brazil (20, 21).

Here, we investigate the role of genetic ancestry in determining the chances that an individual will find a match in REDOME (Registro Nacional de Doadores Voluntários de Medula Óssea), the Brazilian Marrow Donor Registry. We investigate how three layers of information affect the chances of finding an HLA match: (i) the self-identification; (ii) the genetic ancestry; (iii) the genetic ancestry of the MHC region (Figure 1). Brazil harbors the largest number of individuals with African ancestry outside Africa (https://www.slavevoyages.org/) and has one of the most admixed populations in the world. In addition, REDOME is the third largest marrow registry in the world, with more than 5 million registered individuals (as of July 2020). We use samples from two cohorts of Brazilians for which we have information on self-identification, and that were previously genotyped with high density SNP arrays (22, 23), providing a total of 8,037 individuals. For each individual we estimate their genetic ancestry, their ancestry within the MHC, and we impute their HLA genotypes using the SNPs flanking the classical HLA loci. We then query the REDOME to identify how many matches are present for each individual, and use these results to compare how different measures of ancestry influence the chances of finding a match (Figure 1).




Figure 1 | Schematic representation of the strategy used in this study. Individuals are classified by three criteria: “IBGE categories” are self-identified categories defined by the Brazilian Institute of Geography and Statistics (IBGE), based on phenotypic characteristics such as skin color, and can be “Black”, “Mixed”, “Indigenous”, “White”, and “Yellow”; “Genetic Ancestry” is inferred with genetic markers spread throughout the genome, and describes the proportion of an individual’s genome that can be assigned to a continent of origin (with red and blue corresponding to African and European proportion ancestries respectively); “MHC ancestry” is the genetic ancestry of the segment of chromosome 6 including the MHC region within an individual (again, with red and blue corresponding to African and European ancestries). For each individual, classified with these criteria, we queried REDOME for the presence of a matching genotype and recorded the number of matches, when they were found.





Material and Methods


Datasets

Individuals from two Brazilian cohorts were queried for matches in REDOME, as described below. Although only a subset of individuals in these cohorts are in fact patients for whom there is an indication of transplantation, for the purposes of our analyses we will treat all samples as patients, given that our goal is to establish relationships between ancestry and chances of finding a potential donor among Brazilians with varying ancestries.

The Brazilian National Ethical Committee for Research (CONEP, resolution 15.895 and resolution 1.297.627), local ethics committees at each participating center, the Institutional Review Boards at the University of California, San Francisco and the REDS-III data coordinating center, RTI International, all reviewed and approved the study.



The Recipient Epidemiology and Donor Evaluation (REDS)-III Brazil Sickle Cell Disease (SCD) Cohort

The REDS-III Brazil SCD cohort was established to study the epidemiology and transfusion outcomes of SCD in Brazil, and includes 2,795 individuals recruited between 2013 and 2015 in 4 reference centers: Fundação Hemominas (Belo Horizonte, Juiz de Fora, and Montes Claros), Fundação Hemope (Recife), Fundação Hemorio (Rio de Janeiro), and Instituto da Criança Hospital das Clínicas da Faculdade de Medicina da Universidade de São Paulo (São Paulo) (Figure S1). Samples were previously genotyped with a high density SNP array (Axiom Transfusion Medicine Array, TM Array, Affymetrix, Santa Clara, CA, USA) and are available in the dbGAP (phs001972.v1.p1). After filtering (calling < 97%, Hardy-Weinberg p-value > 10-8, sample missing data <5%) the dataset had 2,703 individuals and 820,837 SNPs (22).



EPIGEN Brazil Initiative

The Brazilian EPIGEN Initiative (EPIGEN) is the largest Brazilian resource (n=6,487) for population genomics. EPIGEN includes three cohorts: Salvador (n=1,309), from northeast Brazil (24); Bambuí (n=1,442), from the southeast (25); and Pelotas (n=3,736), from south Brazil (26) (Figure S1). The samples were previously genotyped with the HumanOmin 2.5 (Illumina, San Diego, CA, USA) SNP array (23) and are available in the European Nucleotide Archive (PRJEB26388 (ERP108374)), under EPIGEN Committee Controlled Access mode. We selected samples for which both genotype data and self-identification were available, resulting in a total of 5,334 samples (Salvador, n = 918; Bambuí, n = 765; and Pelotas, n = 3,651).



HLA Imputation

For admixed and non-European populations, Attribute Bagging is the most accurate approach for imputing HLA alleles from SNP data (27–29). Here we use the HLA Genotype Imputation with Attribute Bagging (HIBAG) R package (30). HIBAG uses a reference panel with data on both HLA alleles and SNPs in the MHC region to infer HLA alleles for samples with only SNP data.

We built a multi-ancestry imputation model for HLA-A, -B, -C, -DQB1, and -DRB1 with two-field level of resolution using the 1000 Genomes phase III (2,504 individuals) as a reference panel (31, 32). We selected SNPs within the MHC region which are present in both the TM array (10,711 SNPs) and HumanOmin2.5 (9,187 SNPs). For each SNP array, HIBAG models were built using SNPs within 500 kb flanking each HLA locus, and 100 bootstrap samples as classifiers. Out-of-bag estimated accuracies for each model are reported in Table S1, and models are available upon request. HLA imputation was performed separately for REDS-III and EPIGEN, and the posterior probability estimated by the model was used as a confidence score, allowing inference of the predicted accuracy of the imputation for each HLA genotype. We used the empirical cumulative distribution function (ECDF) to compare the posterior probability distribution of the imputed HLA genotypes among IBGE categories and genetic ancestries (Tables S2 and S3 and Figures S6 and S7).

Since Native American populations are not well represented in the reference panel, HLA imputation for individuals of this ancestry is uncertain, so we chose to focus exclusively on the effects of African and European ancestry in subsequent analyses. Understanding of how Native American ancestry impacts the chances of finding a donor in REDOME will require direct typing of HLA alleles.



Finding Matches in REDOME

The Brazilian Bone Marrow Donor Registry (REDOME) was established in 1993, funded by the Brazilian Ministry of Health. As of April 30, 2019, REDOME had 4,869,224 registered volunteers. All individuals are genotyped at HLA-A, -B and -DRB1, and a subset also at HLA-C (n=125,248) and -DQB1 (n=123,298), with HLA resolution ranging between low (e.g., serological assays) to medium/high (e.g., SBT-PCR, Next Generation Sequencing) (Table S4).

For each individual, we queried REDOME for potential donors at both low and medium resolutions (one and two HLA allele fields, respectively). At low-resolution an allele such as A*34:02 is compatible with those from donors carrying any variant of A*34 (e.g., A*34:01, A*34:02, etc.). At medium-resolution, only variants of A*34:02 (for example A*34:02:01G) are considered compatible, and any NMDP allele code containing the 34:02 allele.

We searched REDOME for full matching at three, four and five HLA loci, hereinafter referred to as 6/6, 8/8 and 10/10, respectively. Searches for 6/6 matching were for HLA-A, -B and -DRB1; 8/8 searches further include HLA-C; 10/10 searches further include HLA-DQB1. We also carried out analyses that allowed mismatches at a single allele (5/6, 7/8 and 9/10).

To evaluate the impact of the predicted accuracy of imputation on our results, we also performed searches on a subset of individuals with posterior probability of HLA imputation greater than 0.8 at all surveyed loci (2,554 individuals in total; REDS, n = 914; Bambuí, n = 433; Salvador, n = 219; Pelotas, n = 988). In the main text, all results refer to the dataset of 8,037 individuals, without filters for predicted accuracy of HLA imputation, and we refer to Supplementary Materials for results on the high confidence subset when appropriate.



Inference of Genetic Ancestry

To infer the genetic ancestry for Brazilians, we used the three parental populations: 502 African and 503 European individuals from the 1000 Genomes Project phase-III (33), and 234 Native American individuals (34).

Genetic ancestry for each Brazilian individual was estimated with ADMIXTURE v.1.23 (35), which uses a maximum likelihood framework, based on multilocus SNP genotypes. We performed a supervised analysis with K=3 (corresponding to African, European and Native American ancestries), 2000 bootstrap replicates, windows of 50kb and step size of 10kb, and LD R2 threshold of 0.1.

To infer the genetic ancestry of the MHC region for each individual, we used RFMix v.2 (36). First, genotypes for chromosome 6 were phased with the SHAPEIT v.2.12 software (37). Parental populations were subsampled to have equal sample sizes (234 individuals). We ran RFMix with default parameters, a time since admixture of 8 generations, and 2 EM iterations. Local ancestry was estimated for the whole of chromosome 6, but we subsequently focused on the ancestry of the subset of the MHC region encompassing the classical HLA loci, delimited by HLA-A and -DQB1, and spanning 2,724,220 bp.



IBGE Categories, Genetic Ancestry and the Chance of REDOME Match

The Brazilian Institute of Geography and Statistics (Instituto Brasileiro de Geografia e Estatística, IBGE) defines a widely used classification, which identifies individuals as “Black” (Preto), “Mixed” (Pardo), “Indigenous” (Indigena), “White” (Branco) and “Yellow” (Amarelo), creating categories that confound skin color, social self-identification and genealogy (38). Despite critiques (39), this classification remains used in epidemiological studies, the Brazilian census, blood centers, and by REDOME. All individuals in the REDS-III and EPIGEN cohorts, as well as those in the REDOME database, are self-identified according to these categories. Here, we use only “Black”, “Mixed” and “White”, since “Indigenous” and “Yellow” contribute to only 1.8% of our sample (Figures S2 and S3). Our use of these IBGE categories does not assume they are natural groupings with a biological basis. Rather, our goal is to examine how this widely used classification predicts the chances of finding a match in REDOME, and how results based on this classification compare to those obtained when groups defined by genetic ancestry are used.

We used a univariate logistic regression model, assuming “match in REDOME” (yes/no), as the outcome and IBGE categories or genetic ancestry as predictors, computing the odds ratio for each contrast. For genetic ancestry (estimated as percentages of African, European and Native American ancestries per individual), individuals were classified into quartiles of increasing African ancestry (Q1, Q2, Q3, Q4). For local ancestry analyses, we identified three genotypic classes for the MHC region in each individual: African/African, African/European or European/European. Because the ancestries in the MHC have a trimodal distribution (Figure S5), we could classify individuals into 3 groups according to number of chromosomes with African MHC: 0, 1 and 2 (rounding intermediate values, resulting from chromosomes with mixed ancestries, to the nearest integer).




Results


IBGE Categories Explain Only a Small Amount of Genetic Ancestry

According to IBGE census (2019) (40) the Brazilian population has composition of 45.22% “White”, 45.06% “Mixed”, and 8.86% “Black”, 0.47% “Yellow” and 0.38% “Indigenous”, whereas REDOME’s composition is 54.64% “White”, 23.44% “Mixed”, 7.17% “Black”, 0.46% “Indigenous”, 3.31% “Yellow” and 10.97% “Non Informed”, indicating a deficit of the “Mixed” category in REDOME with respect to the Brazilian population as a whole.

The REDS-III and Salvador (EPIGEN) cohorts have high proportions of “Mixed” and “Black” and high African ancestry, whereas Bambuí and Pelotas are predominantly “White” and have high European ancestry (Table 1). The merged dataset has 44.1% “White”, 32.6% “Mixed” and 19.8% “Black” individuals, and the average genetic composition was 62.4% European, 30.9% African and 6.1% Native American.


Table 1 | Brazilian Institute of Geography and Statistics (IBGE) categories and genetic ancestry across cohorts.*



We initially examined the relationship between IBGE categories and genetic ancestry (Figure 2). Individuals categorized as “Black” have, on average, greater African genetic ancestry than those categorized as “White” (ANOVA p-value < 2x10-16; Tukey test p-value < 0.00001). Despite the statistical significance, much of the variation in ancestry among individuals is not captured by the IBGE categories, with about 36% of the variation in African and European genetic ancestry not being explained (r2 = 0.64; Figure S4). The poor correlation between self-identified categories and genetic ancestry is even more apparent for the REDS and Salvador cohorts, both of which have a high proportion of individuals in the “Black” and “Mixed” categories (Table 1), and in which most of the variation in genetic ancestry is not captured by the IBGE categories (r2 = 0.31).




Figure 2 | Relationship between Brazilian Institute of Geography and Statistics (IBGE) categories (“Black”, “Mixed”, and “White”) and genetic ancestry (African, European and Native American) estimated using ADMIXTURE software in the merged dataset (REDS-III + EPIGEN). The white circles represent the averages and the vertical white lines correspond to one standard deviation, and the black shapes describe the distribution of ancestries within each IBGE category.



Our finding of a weak correlation between IBGE categories and genetic ancestry is consistent with previous studies of admixed Brazilians (18, 41), and suggests that the higher the admixture proportion, the lower the correlation between them. This suggests that there may be important differences between the influence of IBGE categories and of genetic ancestry on the chances of finding a match in REDOME, and it is this question we address in subsequent next sections.



The Success of Finding Matches in REDOME

The proportion of individuals in the merged dataset for whom we find at least one match in REDOME at low resolution was 87.7% (6/6), 15.1% (8/8), and 13.0% (10/10). For medium resolution, matches were found for 51.3% (6/6), 6.1% (8/8), and 2.0% (10/10) of the individuals (Table 2).


Table 2 | Proportion of individuals with at least one match in Brazilian Bone Marrow Donor Registry (REDOME), median number of matches and the maximum number of matches at low and medium resolution.



The total number of potential donors per individual varies depending on the number of loci queried and resolution (Table 2). Among those individuals who find at least one match, the median number of potential donors at low resolution is 15 (6/6), 3 (8/8), and 3 (10/10); at medium resolution the values were 5 (6/6), 2 (8/8), and 3 (10/10).

Due to the small number of matches for medium resolution (and low statistical power to investigate the effect of ancestry), we subsequently only report results for low resolution matching. The results for all HLA combinations of low/medium resolution and numbers of loci are available in the Supplementary Material (Figures S8–S16).



Self-Identification as “Black” and High African Ancestry Correlate With Lower Chances of Finding a Match

We first quantified the proportion of individuals with at least one match in REDOME (Figure 3, top row). In the 6/6 queries, 91.1% of the individuals classified as “White” find at least one donor compared to 84.7% and 82.9% of those categorized as “Mixed” and “Black”, respectively. In the 10/10 queries 16.9% of “White” individuals find a match, while only 7.3% of “Black” individuals do.




Figure 3 | Percentage of individuals from the merged dataset with at least one match in Brazilian Bone Marrow Donor Registry (REDOME) for low resolution 6/6, 8/8, and 10/10. Top row: Brazilian Institute of Geography and Statistics (IBGE) categories; Middle row: Quartile of African ancestry; Bottom row: Number of chromosomes with African MHC per individual.



When we compare the chances of finding a match across groups defined by their proportion of African genetic ancestry, a similar pattern emerges, with the chance of finding a match decreasing as African genetic ancestry increases (Figure 3, middle row). For 6/6 queries, 92.1% of the individuals in the first quartile (with less than 0.61% African genetic ancestry) find at least one potential donor, as opposed to 81.7% of those in the fourth quartile (more than 51.31% African genetic ancestry). Again, in the 10/10 queries the difference is more extreme (18.6% vs. 7.12%).

While genetic ancestry refers to an average of the entire genome, it is possible to assign an ancestry specifically to the MHC region. We found that the greater the African ancestry in the MHC, the lower the chances of finding at least one potential donor. The percentage of individuals with 0 versus 2 chromosomes with African MHC who find a match is 93.0% vs. 76.5% at 6/6, and 19.2% vs. 4.4% at 10/10, respectively (Figure 3, bottom row).

Using a univariate logistic regression, all comparisons between groups with least African ancestry (i.e., “White” or Q1 of African ancestry) and most African ancestry (i.e., “Black” or Q4 of African Ancestry) are significant (p-value < 2×10-16; see Supplementary Material Tables S5 and S6 for complete set of OR).

Among individuals with at least one match, the number of potential donors varies substantially (Table 2). We therefore assessed how the IBGE categories, genetic ancestry and MHC ancestry influence the number of potential donors found. Individuals categorized as “Black” and those with great African genetic ancestry, on average have a smaller number of potential donors, as compared to those categorized as “White” or having less African ancestry (Figures S11–S13). For the 6/6 queries, these differences are significant for all layers of ancestry (IBGE categories, African genetic ancestry, and MHC ancestry; p-value < 0.05, Mann-Whitney U test, Table S7).

Therefore, ancestry affects the chances of finding a match in two ways. First, in comparison with individuals categorized as “White” or having more European ancestry, a lower proportion of individuals classified as “Black” or carrying higher African ancestry find a match in REDOME (Figure 3). Second, among those who do find a donor, those classified as “Black” or having a greater African ancestry, on average have a smaller number of potential donors than “White” or genetically more European individuals (Figures S11–S13).



Matching of Ancestries Between Donors and Recipients

Overall, our results support that ancestry influences the chances of finding a match in REDOME. Thus, we next asked whether the ancestry of an individual is the same as that of his/her potential donors. Since we do not have genetic ancestry data for REDOME, we analyze IBGE categories.

For individuals with at least one match, we computed the average proportion of potential donors from each IBGE category. We find that individuals in the “Black” IBGE category, as compared to those in “White” and “Mixed”, match proportionally more to “Black” potential donors (5.7%, 10.1%, and 14.5% of “Black” donors for “White”, “Mixed” and “Black” individuals, respectively, at 6/6) (Figure 4, top row). When considering genetic ancestry, individuals with progressively more African ancestry match proportionately more to “Black” potential donors (4.8%, 6.4%, 10.4% and 15% of “Black” donors for individuals in Q1, Q2, Q3, Q4 at 6/6) (Figure 4, middle row). This trend is more pronounced when we consider ancestry in the MHC, where individuals who carry two chromosomes with African MHC match a pool of donors which is 20% “Black”, versus 4.5% for individuals with no chromosomes with African MHC (results for 6/6 matching) (Figure 4, bottom row).




Figure 4 | Mean frequency of Brazilian Institute of Geography and Statistics (IBGE) category of the potential donors for individuals in different IBGE categories, African ancestry quartiles, or with different numbers of chromosomes with African MHC. For each individual we calculate the average IBGE category of his/her potential donors, then for each category or genetic ancestry group we computed the group-level average (average of individual averages). Individuals who are “Black” or have more African genetic ancestry find proportionately more donors in the same category/ancestry.





Finding Donors for Sickle Cell Disease Patients

Within our merged dataset, the individuals who are from the REDS-III cohort are diagnosed as having sickle cell disease (SCD). We therefore repeated our previous analyses on these individuals, so as to assess the influence of ancestry for a set of individuals who are eligible for HSTC (42).

Sickle Cell Disease (SCD) is a genetic disorder with an African origin, affecting 3,500 newborns annually, and estimated to affect between 25,000–30,000 people in Brazil (43). The only curative treatment available is HSCT. Although transplantation among family members is recommended, parents or siblings may be carriers of the sickle cell trait, which compromises them as donors. Thus, unrelated allo-HSCT transplantation or the haploidentical transplant, are useful options.

Based on pre-established criteria by the Brazilian Ministry of Health, Flor-Park and col. (42) identified a subset of 417 patients within REDS-III who are eligible for transplantation. This subset consists of 30.3% “Black”, 54.7% “Mixed”, 10.3% “White” individuals, with 4.8% in other IBGE categories. The average genetic ancestry of these individuals is 52.0% African, 41.9% European and 6.1% Native American.

Among these SCD patients, 8.1% find a match in REDOME (10/10 low resolution), compared to 14.4% among individuals without SCD in the EPIGEN cohort (z-score=−3.563, p-value= 0.0004) (Tables S9 and S10). Thus, consistent with the previous analyses, we show that individuals with increased African ancestry – in this case a set of patients with SCD and an indication for transplantation – have a decreased chance of finding a match in REDOME when compared to individuals from a group which has lower African ancestry (Tables S8-S10).



Discussion

We investigated how ancestry is related to an individual’s chance of finding a match in REDOME, the third largest bone marrow registry in the world. For a sample of 8,037 Brazilians, we used three approaches to assess ancestry: (i) self-identified categories (e.g., “Black”, “White”, or “Mixed”), (ii) genetic ancestry (i.e., the percentage of an individual’s genome which is African or European; Figure S4A), and (iii) genetic ancestry specific to the MHC region (i.e., how African or European are an individual’s chromosomes within the MHC region; Figure S4B).



A Hierarchy of Effects: Self-Identification, Genome-Wide Genetic Ancestry, and Genetic Ancestry in the MHC

As in other studies (17, 44, 45), we find that individuals categorized as “Black” or “Mixed” have a lower chance of finding a potential donor than “Whites”. We also show that African genetic ancestry, both genome-wide and within the MHC, is associated with a marked reduction in the chances of finding a match. To directly compare the differences in chances of finding a match between classes such as “Black” and “White’’ to those between extremes of African ancestry, we performed an additional analysis, in which we matched the size of groups being compared (Table 3, explanation in legend). We document a hierarchy of effects of African ancestry on the chances of finding a match, with the chances progressively decreasing from IBGE categories, to genomic ancestry, and reaching a maximum decrease when comparing classes based on ancestry in the MHC region.


Table 3 | Percent decrease in the chances of finding at least one match for “Black” or most genetically African individuals, relative to “White” or least genetically Africans, respectively.*



The association between African ancestry and decreased chances of finding a match has previously been explained as a consequence of the higher polymorphism of African populations (15). Humans originated in Africa, and spread over the world experiencing a series of bottlenecks (46, 47), which caused non-Africans to have lower genetic diversity. This reduced variation in non-Africans extends to HLA loci (9, 48, 49), and as a consequence the chance that two unrelated Africans will share a multi-locus HLA genotype is lower than that seen between two Europeans. In this study, we show that African ancestry in the MHC region is the strongest predictor of decreased chances of finding a match in REDOME. Our interpretation is that the IBGE categories and genetic ancestry genome-wide capture information about the ancestry within the MHC, thus accounting for their effects on the chances of finding a match. However, the ancestry within the MHC region is most directly associated with the chances of finding a match, since it captures information about the ancestry of the HLA allele an individual carries, which drives the chances of finding a match.

In addition to the role of African ancestry on the chances of finding a match, admixture in Brazilians may also be an important factor. The EPIGEN cohort (used in the present study), identifies that populations from different regions of the African continent contributed to the Brazilian gene pool (50), so that populations that never met in the African continent may experience gene flow in Brazil. If we transpose this issue to the MHC region, new HLA genotypic combinations may emerge among individuals of African ancestry, adding to the difficulty in finding unrelated voluntary donors. New genotypic combinations created by admixture may also be a more general issue, regardless of ancestry. For example, patients who do not find donors frequently carry alleles which are present in REDOME, but for which the genotype combination was not found (51). Thus, future studies should also model and quantify the role of admixture in shaping the chances of finding a match in REDOME.



Clinical Implications

Our dataset contains a group of patients with sickle cell disease (SCD) and a recommendation for transplantation. At low resolution, 8.1% of SCD patients surveyed find a 10/10 match, compared to 14.4% for those without SCD (in the EPIGEN cohort; p-value=0.0004). This provides a concrete example of how patients with a higher than average African ancestry, when seeking transplantation, have reduced chances of finding a match.

There are still few studies with HSTC from unrelated donors for SCD patients [review in Oevermann and Sodani, 2020 (52)]. This scarcity is due to the difficulty of finding a match with unrelated donors in international public registries (52, 53). As a consequence, many of these unrelated allo-HSTC were performed with some level of HLA mismatch and were associated with a high prevalence of engraftment failure as well as graft-versus-host disease (53, 54). Recently, important advances have been reported, both with improved match between unrelated patients and donors (HLA high resolution full match or haploidentical) and in treatment with post-transplant drugs (55). However, these studies are not sufficient to guarantee the safety of this treatment (52), which is still evaluated as experimental. For this reason, HSCT between siblings is the gold standard for patients with SCD, and in Brazil it is the only modality recommended by the Ministry of Health (ordinance SAS/SCTIE n° 5/2018) with support from the Public Health System (Sistema Único de Saúde - SUS). Therefore, despite the curative potential of unrelated allo-HSCT for many hematological malignant diseases, it is not yet used routinely in clinical treatment of SCD. This is explained, to a large degree, by the high African genetic ancestry in patients with SCD, which decreases the chance of finding a compatible donor. As a consequence, the small number of transplants performed from unrelated donors have often allowed mismatches.

The drawbacks associated with the impossibility of locating HLA-compatible donors for HSCT are potentially severe. In the case of some hematological malignant diseases, such as acute lymphoblastic leukemia in adults, a lack of a HLA-compatible donor may mean withdrawing the therapeutic cornerstone, which is HSCT, and consequently compromising patient survival (56). This scenario is similar for other important non-malignant diseases, i.e. aplastic anemia, in which the HSCT plays a pivotal therapeutic role. However, it seems even more complicated in the case of SCD patients, for whom the low chance of finding a compatible unrelated donor makes it difficult to gather large samples to evaluate appropriate post-transplant parameters and treatment options. Therefore, at the moment, most SCD patients who are eligible for transplantation would not benefit from the positive effects of unrelated allo-HSCT, including decrease of vaso-occlusive episodes, donor-derived erythropoiesis and restoration/stabilization of function of damaged organs (57).



HLA Diversity and Donor Recruitment Challenges

Previous studies have shown that individuals with the same ancestry tend to share HLA alleles more often than those from different populations (12, 58). Our study confirms this trend, with the number of “Black” donors increasing with the recipients’ degree of African ancestry (Figure 4). On the other hand, many potential donors for “Black” individuals are in fact “White”. This is expected in an admixed population for several reasons: many HLA alleles are shared around the world; REDOME is predominantly “White” and “Mixed”; self-identified categories do not accurately capture the genetic ancestry; potential “White” donors may contain African ancestry in the MHC region.

Faced with this complex scenario, it is natural to ask how large a registry should be, in order to adequately cover the diversity of a population. Expanding the size of the registry indefinitely is not an economically viable option, so strategies have been proposed to define an “optimal registry size”. These efforts model the frequency of the most common HLA haplotypes, the distribution of individuals among regions within a country, and probability of matching (59–62). This task is particularly complex in admixed populations, since genetic diversity varies among groups.

As is the case for the NMDP (11, 14), REDOME has two features indicating that African ancestry is underrepresented, despite the registry’s large size. First, there are proportionally fewer individuals classified as “Mixed” in REDOME as compared to the census for Brazil. Second, individuals with greater African ancestry have decreased chances of finding a match. Increasing REDOME’s African ancestry component, as shown by our findings, is expected to increase the chance of individuals of African ancestry finding a match (Figure 4).

Once the underrepresented group has been identified, what is the best strategy for donor recruitment? It is economically unfeasible to determine the genetic ancestry of all donors. An alternative is to direct recruitment campaigns to regions/cities where the underrepresented group is more common, or to work with governmental and non-governmental organizations that represent these groups. The impact of a strategy directed to increase the presence of underrepresented groups in REDOME is likely to extend beyond Brazil, since between 2016-2018 REDOME exported 282 hematopoietic cells to Europe, the United States, and Asia (63).



Caveats

In this study we resorted to imputation based on the SNP data to make HLA calls. The accuracy of imputation is reduced when the reference panel inadequately covers the diversity of the sample being imputed. Because the number of samples in available reference panels is still scarce, especially for admixed populations (64–67), alleles may have been incorrectly imputed. To evaluate the impact of imputation errors, we replicated our analyses for a subset of individuals with > 80% probability of correct imputation in all 5 HLA loci. In this dataset of HLA genotypes with a prediction of high accuracy, we find a greater proportion of individuals with at least one match (Figure S17, Tables S11 and S12). This reflects the higher predicted accuracy of imputation for non-rare alleles and non-Africans, for which matching probabilities are also higher. However, the influence of ancestry on matching is highly concordant with the original conclusions, although some statistics are no longer significant (Figure S17, Tables S11 and S12).

Our study was unable to explore the effects of Native American ancestry, which reaches 20% in Northern Brazil (39, 68). While a study of induced pluripotent stem cell (iPSC) banks in the USA showed similar match rates for Caucasians and Native Americans (48% and 46%, likely due to their low genetic diversities) (69), this remains to be explored in Brazil. However, the fact that most Native American alleles are present in REDOME (78% of endemic alleles were observed; https://genevol.ib.usp.br/wp-content/uploads/2020/05/AFND.html), and that their genetic diversity is very low, makes it likely that the finding of Pappas et al. (69) will also apply to Brazil, with match rates for Native Americans being similar to those of Europeans.

The nature of REDOME’s data provides further challenges to our analyses. The data results from samples collected over a span of 30 years, resulting in substantial heterogeneity in the resolution of typing, and the number of loci typed per individual (Table S4). The samples collected earlier are at low resolution, whereas the most recent samples have the medium and high-resolution (including Next Generation Sequence data). As a consequence, our results for low and medium resolution, and across different numbers of loci, involve different sets of individuals and sample sizes. Given our focus on the role of ancestry and self-identification, we investigated whether there are differences in the distribution of IBGE categories across the data at different levels of resolution (or typed at a different number of loci). We found that the differences are very small (Figure S18), and therefore should not affect our findings.

Over most of the time of REDOME’s operation, newly recruited voluntary donors were only typed for HLA-A, -B and -DRB1, with genotyping at HLA-C and -DQB1, as well as high resolution typing conditioned to an initial match at 6/6 (or 5/6). Throughout the paper, we analyze 6/6, 8/8 and 10/10 low resolution typing, despite the fact that successful transplantation requires full or partial matching at high resolution. Our results for medium resolution, 8/8 and 10/10 matching show that the effect of African ancestry becomes even stronger when additional loci are used. While the numbers presented cannot be used directly for clinical practice, the trends we identify are expected to hold in an analysis with high-resolution typing. We therefore believe that the true impact of ancestry on chances of finding a match may in fact be found to be even stronger than we report, when high resolution data for 5 loci become widely available in REDOME.

A final caveat refers to the fact that our study only queries the presence of a matching in REDOME, whereas the chance of finding a donor also involves the ability to contact the potential donors, their willingness to perform the transplant, confirmatory HLA typing at high resolution, and a medical evaluation of the donor’s health. When these factors were taken into account, Gragert et al. (2014) (8) found that in the US donor availability for “Black” patients was 23%, compared to 51% for “White” patients. Since we do not have all this information for the Brazilian sample, we were unable to address these effects. However, the results of Gragert et al. (2014) (8) indicate that donor availability will be lower than the match rates we report, and that the effect of African ancestry on the chances of finding a match may be even greater than we document.



Conclusion

We have shown that among patients seeking HSCT, those with a higher African ancestry face greater difficulty in locating potential donors. Given that more than half of the Brazilian population self-identifies as “Mixed” or “Black” [45.4% and 9.1%; (40)], and that these categories on average have increased African ancestry, this implies a reduced access to HSCT for a large proportion of Brazilians. Difficulty in obtaining a donor for HSTC is one among other forms of inequality faced by “Black” or “Mixed” Brazilians, who also carry a higher burden with respect to infant mortality (70), maternal mortality, risk of stroke (71), and more recently in the proportion of deaths due to COVID-19 (72). In these cases, self-identification is mainly a predictor of mortality as a consequence of the association to socio-economic status (71). In the case of access to donors in REDOME, we show that African ancestry is correlated with decreased chances of finding a match as an outcome of higher population-level diversity among African populations, associated with an underrepresentation of Brazilians of African ancestry in REDOME.

REDOME has a substantially higher frequency of “White” (54.6%) than “Mixed” or “Black” individuals (23.4% and 7.2%, respectively), implying a marked deficit of non-white categories in relation to that of Brazil as a whole. To illustrate a way to address this deficit, consider that individuals with two chromosomes with an African MHC have more matches to “Blacks” than to “Whites” (27.4% vs. 26.6%), even though “Blacks” represent only 7.2% of REDOME. This indicates that an increase in the proportion of individuals with African ancestry within REDOME will decrease the inequality in access to HSCT. This can be achieved, for example, by directing recruitment of new voluntary donors to regions where African ancestry is greater.
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Human chromosome 19q13.4 contains genes encoding killer-cell immunoglobulin-like receptors (KIR). Reported haplotype lengths range from 67 to 269 kb and contain 4 to 18 genes. The region has certain properties such as single nucleotide variation, structural variation, homology, and repetitive elements that make it hard to align accurately beyond single gene alleles. To the best of our knowledge, a multiple sequence alignment of KIR haplotypes has never been published or presented. Such an alignment would be useful to precisely define KIR haplotypes and loci, provide context for assigning alleles (especially fusion alleles) to genes, infer evolutionary history, impute alleles, interpret and predict co-expression, and generate markers. In order to extend the framework of KIR haplotype sequences in the human genome reference, 27 new sequences were generated including 24 haplotypes from 12 individuals of African American ancestry that were selected for genotypic diversity and novelty to the reference, to bring the total to 68 full length genomic KIR haplotype sequences. We leveraged these data and tools from our long-read KIR haplotype assembly algorithm to define and align KIR haplotypes at <5 kb resolution on average. We then used a standard alignment algorithm to refine that alignment down to single base resolution. This processing demonstrated that the high-level alignment recapitulates human-curated annotation of the human haplotypes as well as a chimpanzee haplotype. Further, assignments and alignments of gene alleles were consistent with their human curation in haplotype and allele databases. These results define KIR haplotypes as 14 loci containing 9 genes. The multiple sequence alignments have been applied in two software packages as probes to capture and annotate KIR haplotypes and as markers to genotype KIR from WGS.
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Introduction

The proteins of the killer-cell immunoglobulin-like receptor (KIR) family are important to human health. Whether or not these transmembrane receptors on natural killer (NK) cells bind with peptide-bound human leukocyte antigen (HLA) class I molecules determines how they help educate, activate, and inhibit NK cell functionality, including cytotoxicity and cytokine release. The accumulated evidence seems to indicate that KIR evolved with HLA to balance its pathogen defense effects with its effects on reproduction via the embryo-uterus interface (1–3). KIR effects are generally tissue-specific and tissue-variable. Within a given NK cell, KIR expression is stochastic, depending on the epigenetic profiles, inter- and intra-genic content of the haplotypes, binding alleles or lack thereof, methylation status, alternative splicing, and randomness (4–6). Besides investigating KIR in the context of viruses and pregnancy, medicine is also studying its effects in cancer, hematopoietic stem cells transplants, various autoimmune diseases, and immunotherapy (7–9).

KIR gene names reflect their protein structures (10). First the prefix “KIR,” followed by the number of extracellular domains (“2D” or “3D”), followed by a short or long intracellular domain (“S,” L”), followed by an index. KIR2DS1, for example, has two extracellular domains (“2D”) and a short intracellular domain (“S”); it is the first gene named with that structure (“1”), and KIR2DS2 is the second. The Immuno Polymorphism Database for KIR (IPD-KIR) names KIR gene alleles, records their DNA-RNA-protein relationships, and annotates each gene’s alleles in a multiple sequence alignment (11). It contains over 300 full-length DNA and almost 1,000 protein reference alleles in the latest release, 2.9.0.

There is no equivalent of IPD’s allele annotation for haplotypes. KIR haplotypes have no official nomenclature, although the majority of contributions to the human genome reference use a convention set by Pyo et al. in 2010 (12) and 2013 (13). The haplotype names reflect the two-part structure of the region: a proximal centromeric (“c”) region is paired with (“~”) a distal telomeric (“t”) region. Each region is a variant of a “A” haplotype or “B” haplotype family, followed by a two-digit index. The haplotype named “cB02~tA01,” for example, is comprised of the second centromeric B region (“cB02”) in cis with (“~”) the first telomeric A region (“tA01”).

Although there are many publications that analyze gene or intergene allele alignments, none report full haplotype multiple sequence alignments (MSAs), and therefore the haplotype nomenclature has not been formalized. Allele gene assignments are evaluated largely by amplification primers or sequence similarly to other alleles, as opposed to location in its haplotype. To help solve these issues, we present a simple bioinformatics approach to represent KIR haplotypes as a string of alignment-based motifs. We applied it by creating a full-haplotype DNA MSA for all 68 human haplotype sequences in the human genome project and a chimp haplotype for an outlier.

In our recent preprint describing a KIR long-read assembler (14), we show that 18 120 bp sequences can be used to capture full haplotype KIR DNA from PacBio circular consensus sequencing (CCS) reads. In this manuscript, we show when those probe sequences are aligned to assembled haplotypes, the pattern of the probes (“motifs”) provides a structural annotation. These alignment locations of the motifs allow the haplotype sequences to be represented accurately and efficiently at the structural level. We leveraged that annotation to align the 68 published human KIR haplotypes and one chimpanzee that haplotype to within an average of 2,398 bases, and then we micro aligned each locus for precise full haplotype multiple sequence alignment. The results are concordant with the annotation in the human genome reference and reveal 13 structural haplotypes for the 68 human haplotype sequences. The MSA also shows the haplotypes have 14 loci containing 9 genes. KIR2DS4 shares a locus with KIR2DS3 and KIR2DS5, as opposed to KIR2DS1 or by itself. Sharing a gene motif with locus KIR2DS3/KIR2DS4/KIR2DS5 is the shared locus KIR2DL2/KIR2DL3. KIR2DL1, KIR2DS1, and KIR2DS2 share a gene motif at different loci, as do KIR2DL5A and KIR2DL5B.

The MSA includes this study’s contribution of 27 new haplotypes to the human genome project, including 24 haplotypes from 12 individuals of African American ancestry.



Materials and Methods


Source Sequences and Annotation

The source sequences consisted of two newly assembled haplotypes from an Ashkenazim individual (from the assembler preprint), along with all 66 full-sequence alternative haplotypes in the human genome reference (12, 13, 15, 16) and a chimpanzee haplotype (GenBank accession AC155174.2) (17). The two Ashkenazim haplotypes were assembled with PacBio reads obtained from the Genome In a Bottle (GIAB) consortium (18) and have not yet been submitted to genetic databases. All other haplotypes were generated by physically separating chromosomes via fosmid cloning and then sequencing and assembling fragments into full haplotype sequences. The 68 include 27 new sequences first described in this manuscript, including 24 haplotypes from 12 individuals of African American ancestry that were selected by genotypic diversity and/or lack of representation in the human genome reference. An additional three haplotypes (one Asian, two European) of opportunity from two individuals were contributed by Scisco Genetics, who sequenced all non-GIAB haplotypes following previously reported protocols (12, 13). The GenBank entries also provided structural and allelic annotation of all the human haplotypes, except for the two Ashkenazim haplotypes. Broken down by population, the haplotype counts include 31 African or African American, 3 Asian, 2 Ashkenazim, 24 European, 2 Guarani South Amerindian, 2 Romani in Spain, and 4 unknowns. The structures are depicted schematically in Figure 1, excluding cA01~tB04, which contains a large insertion and was excluded for compact visualization.




Figure 1 | Schematic representation of the informal names and definitions of 13 human haplotype structures. The informal names of the haplotypes are in the first column. The definitions of the centromeric and telomeric regions are in the top row. The abbreviated names of the genes are in the bottom row; the intergenic region between KIR3DP1 and KIR2DL4 is represented as “3DP1-2DL4.” Gray cells indicates the presence of alleles for that gene; white indicates absence of an allele. Some cells are partially colored to indicate two-gene fusion alleles. The names of the haplotypes, as well as the gene content and locations are taken from the human curated annotations in the human genome reference. Haplotype cA01~tB04 contains a large insertion and was excluded for visualization.





Workflow Overview

The result of the workflow was a multiple sequence alignment of 68 human and 1 chimp haplotypes. As shown in Figure 2, the first step was to align the 18 capture probes to the haplotype sequences (Figure 2A). Next, the sequence between each pair of probes (e.g., probe 4 to probe 3) was assigned a letter (e.g., C) (Figure 2B). In this way, each haplotype can be represented by a string (“motifs,” e.g., “…CIJKL…”) whose length is 105 characters or less. These haplotype motifs were aligned to produce a high-level MSA (Figure 2C). The motifs allowed loci to be located in the haplotype sequences. The sequences for all alleles of each locus was aligned separately, and then the MSAs were concatenated to create the full haplotype DNA MSA (Figure 2D). In this two-alignment approach, the motif alignment provides structural annotation and the locus-specific DNA alignment provides base-level accuracy. The following paragraphs detail each step.




Figure 2 | Multiple sequence alignment (MSA) workflow. Step (A) depicts the alignment of 18 120 base probes to each haplotype sequence. Step (B) shows how each ordered pair of probes in the alignment is assigned a letter. For example, the letter “I” represents the sequence between the alignment of probe 3 and probe 12. Step (C) shows how each haplotype is depicted by a string of letters, how a haplotype motif MSA is generated from them, and how loci are defined in the MSA. Step (D) shows how the DNA in the motif-defined loci were separately aligned and then joined to create the final MSA.





Probe Alignment and Inter-Probe Naming

The assembler preprint describes a method that uses 18 120 bp probes to capture KIR PacBio long-read sequences and assemble them into haplotypes with an average of 97% coverage and 99.7% concordance compared with reference sequences. When the probes are aligned to the haplotypes (Figure 2A), they align every 2,398 bases on average. Probe locations are discovered by alignment with bowtie2 with options “-a –end-to-end –rdg 3,3 –rfg 3,3.” The alignment order of the 18 probes across a haplotype sequence allows that haplotype structure to be succinctly annotated as sequences of probe pairs (Figure 2B). For example, assume the alignment of probe 4 followed by probe 3 is called “C,” probe 3 followed by probe 12 is called “I,” and probe 12 followed by probe 10 is called “J.” Then the region “probe 4 to probe 3 to probe 12 to probe 10” can be called “CIJ.” Probe 1 repeating once in the alignment is “Z” and twice is “ZZ,” etc. There are 42 such probe pairs in this collection of 69 haplotypes. In this way, haplotypes can be briefly annotated as strings of a 42-character alphabet. See Figure 3 for an example of KP420440, whose full motif is MHCIJKLFGHCIJKLAIRLFZGHCIJKLMHCIRLMHCIJKLSCTUVWXYKLSC
NOJKLAIRLFZGHCIJKLMHCIJKLFPCNOJQ. The motif pairs are defined in Supplementary Table 1; the probe sequences are defined in the assembly manuscript and are also available via GitHub at https://github.com/droeatumn/kpi/tree/master/input.




Figure 3 | Example of the motif-generating alignment. The top frame shows the annotation for 198 kb haplotype KP420440 (cB01~tB01). The bottom frame zooms in to a 49 kb region depicting the alignment of the probes. In the middle of the bottom track, the locations of the probes are displayed by the vertical ticks with the red numbers above them and black letters below them. The red numbers label each probe, and the black letters label each probe pair (i.e., motif). The locations of exons and repeat elements (horizontal blue bars) are on the bottom track. Seven distinct probes align in this window. The motif pattern CIJKL occurs in two locations: 50–63kb and 81–94kb; the variation CIRL occurs 66–79kb.





Inter-Probe Name Alignment

A full-haplotype multiple sequence alignment of the probe motifs was generated for the 68 human haplotypes plus the chimpanzee as an outgroup (Figure 2C). Alignment of the motifs was created with MAFFT (19), but mostly aligned manually with Aliview 1.2.6; manual alignment was required to resolve ambiguities, as the motif alphabet is not directly supported by DNA or protein aligners. Ambiguous alignments were resolved by following the human curation of the reference haplotypes.



DNA Alignment

MAFFT was used to merge or add these haplotypes in the order cB02~tA01, cA01~tA01, cA02~tA01, cB02~tB01, cA0X~tB0X, cB0X~tA01, and cB0X~tB0X, where “X” a general number not already used. Then, the full-length DNA sequences were separated into sets as defined by their motif structures (Figure 2D). Each set was aligned separately with MAFFT. The alignment was then edited manually by adding or deleting gaps to conform to locations in the probe motif MSA. Using the loci defined in the motifs, and the motif locations defined in the DNA, the alignment was refined for all alleles in each locus with MUSCLE in Aliview. A high-level depiction of the alignment was created with Jalview 2.11.0’s “Overview Window” functionality and NCBI’s Multiple Sequence Alignment Viewer 1.13.1.

The MSA was validated at the structural level by showing that it recapitulates the human curation of the reference haplotypes in GenBank and the human genome reference. The alignment was validated at the allele level by showing each allele is assigned and annotated as expected with respect to IPD-KIR classifications.

The ability of existing software to align the 69 haplotypes was also evaluated with MAFFT stand-alone (–thread 19 –threadtb 10 –threadit 0 –reorder –adjustdirection –anysymbol –leavegappyregion –kimura 1 –auto), PASTA v1.8.5 (docker run –rm -it -v $PWD:/opt/droe smirarab/pasta run_pasta.py), Clustal Omega v1.2.4 (clustalo –threads=29), M-Coffee metaserver 13.41.0.28, MUSCLE v3.8.31 (default parameters), and WebPrank (Updated 8 October, 2017). Implementation was conducted on the web servers when possible or a server running Ubuntu 18.04.4 LTS with 32 AMD Opteron (TM) Processor 6220 and 200 GB RAM and maximum java heap space set to -Xmx100G.




Results


Haplotype References

The African American haplotype sequences MN167504-MN167530 were deposited in GenBank; Supplementary Table 2 contains details, including allele calls as IPD-KIR names for all 68 haplotypes in the human genome reference. Structural annotation for the new sequences was confirmed by the workflow by Pyo et al. for annotation of the previously-submitted reference haplotypes. The 27 haplotypes include 8 cA01~tA01, 4 cA01~tA02, 4 cB01~tA01, 3 cB01~tB01, 3 cB03~tA01, 2 cA01~tB01, 2 cB02~tA01, and 1 cB01~tB01. Haplotype MN167506 (cB02~tB01), presumed to be of Asian ancestry, contains a KIR2DL5B allele (KIR2DL5B*00804) at the KIR2DL5A locus. Four haplotypes (MN167507, MN167509, MN167516, MN167530) with a KIR3DL1/KIR3DL2 fusion (10) have been deposited in the human genome reference for the first time; they have been labeled as telomeric region “tA02.” Some of the diversity of structures in the African American cohort are depicted visually in Figure 4. In total, the 68 human haplotype structures consist of 27 cA01~tA01, 7 cB01~tA01, 6 cB01~tB01, 6 cB02~tA01, 5 cA01~tB01, 4 cA01~tA02, 4 cB03~tA01, 3 cB02~tB01, and 1 each for cA01~tB04, cA02~tA03, cA03~tB02, cB04~tB03, cB05~tA01, cB05~tB01.




Figure 4 | Haplotype structures in African American cohort. Shown are six of the eight structures in the African American cohort, which was added to the human genome project as part of this study. Not shown are cB02~tA01, and 1 cB01~tB01.





Validation of the Multiple Sequence Alignment by Annotation in Human Genome Reference

Figure 5 shows a multiple sequence alignment of the probe motifs for the human haplotypes, excluding insertion-containing cA01~tB04 for space considerations. It recapitulates the human-annotated structures in Figure 1 with 105 positions. The common ~140 kb cA01~tA01 haplotypes are marked up in ~63 motif characters, and the ~220 kb cB01~tB01 haplotypes are marked up in ~94 motif characters. The average distance between probes is 2,398 bases; the maximum distance for non-KIR3DL3 genes is ~5,700 bases and for KIR3DL3 it is ~7,800 bases. The haplotype motifs subdivide into 14 genic and 1 intergenic (KIR3DP1-KIR2DL4) loci. From 5’ (left) to 3’ (right) at the bottom of Figure 5, the 15 abbreviated loci are: 3DL3, 2DS2, 2DL2L3, 2DL5, 2DS3S5, 2DP1, 2DL1, 3DP1, 3DP1-2DL4, 2DL4, 3DL1S1, 2DL5, 2DS3S4S5, 2DS1, and 3DL2. The 14 genic loci consist of 9 distinct motifs: 2DL1, 2DS1, 2DS2 share MHCIJ; 2DL5A and 2DL5B share FIRL; 2DS3, 2DS4, and 2DS5 share FZ+GHCIJKL. The genes can be summarized as a short motif, or in some cases a regular expression. For example, FZ+GHCIJKL means: a F followed by one-or-more Zs followed by GHCIJKL. Supplementary Data Sheet 1 contains the motif MSA from Figure 5. Supplementary Data Sheet 2 adds cA01~tB04 (KU645196) and the chimpanzee haplotype to the MSA. The chimp haplotype contains 55 motif characters, encoding genes that align to the human KIR3DL3~KIR2DS2~KIR2DP1~KIR2DL1~KIR3DP1~KIR2DL4~KIR3DL1S1~KI
R3DL2.




Figure 5 | Probe motif multiple sequence alignment of the human haplotypes. The informal haplotype name and GenBank accession number are in the first column. The consensus motif pattern with each abbreviated locus name is described in the bottom row. Some loci share motifs: KIR2DL1, KIR2DS1, KIR2DS2 (green); KIR2DL5A and KIR2DL5B (orange); KIR2DS3, KIR2DS4, and KIR2DS5 (yellow). Some gene names are combined when they align at the same locus: KIR2DL2 and KIR2DL3 (2DL2L3), KIR2DS3 and KIR2DS5 centromeric side (2DS3S5), KIR2DS3, and KIR2DS4, and KIR2DS5 telomeric side (2DS3S4S5), and KIR3DL1 and KIR3DS1 (3DL1S1). Haplotype cA01~tB04, which contains a 106 kb insertion, was omitted for visualization.



Haplotype sizes by number of loci (not including the KIR3DP1-KIR2DL4 intergenic region) range from four loci (cA04~tA03) to 18 (cA01~tB04). Figure 6 displays a phylogenetic tree from the motifs of the 69 haplotypes, including cA01~tB04 and the chimp haplotype; the clusters recapitulate the their human-annotated names shown on the right part of the figure.




Figure 6 | Phylogenetic tree made from the multiple sequence alignment (MSA) from the motifs of all the human haplotypes plus the chimpanzee (n=69). The leaf descriptions on the right include the informal name of the structural haplotype as documented in GenBank. The leaves are colored by their alignment order and the grouping defined by the red vertical line. The tree may not reflect the evolutionary history.



The DNA alignment of the 67 human haplotypes (minus cA01~tB04) has 263,556 positions; it is included in Supplementary Data Sheet 3. Figure 7B shows an overview of the DNA haplotype alignment as generated by Jalview’s “Overview Window” function; the names of the haplotypes were added after exporting the overview image from Jalview. The pattern of white (gaps) and gray (aligned sequences) mirror the patterns in the schematic depictions of the human curated haplotypes in Figure 1 (recapitulated in Figure 7A). This evidence shows the DNA alignment matches the human curation at a structural level.




Figure 7 | DNA multiple sequence alignment (MSA) overview. The cartoon of the GenBank annotations from Figure 1 is in (A) and is included to compare with the Jalview overview of the DNA full-haplotype MSA from the 67 haplotypes in (B). The gray denotes alignment of the DNA bases. White denotes gaps between the sequences. cA01~tB04 is excluded for better visualization.



Figure 8 shows a view of the alignment of the 67 haplotypes using NCBI’s MSA Viewer. Positions that are in an agreement with consensus are colored in gray, positions that are not in an agreement with consensus are colored in red. In this tool, consensus includes gaps (lack of an allele at that position). For KIR, this causes the regions specific to B haplotypes to show as pure red, and the other regions to show as mixture of red and gray.




Figure 8 | Multiple sequence alignment (MSA) Viewer depiction of the DNA alignment of 67 human haplotypes. Positions that are in an agreement with consensus are colored in gray, positions that are not in an agreement with consensus are colored in red. The location and borders of the genes have been added at the bottom.





Validation of the Multiple Sequence Alignment-Defined Allele Assignments by Immuno Polymorphism Database for KIR Annotation

The haplotypes are annotated by the names and orders of their alleles in Supplementary Table 2. Of the 647 alleles in the 68 haplotypes, 556 (86%) can be assigned names via IPD-KIR 2.9.0, at least at protein resolution. Unnamed alleles occur either because they have not yet been included in the IPD-KIR database, or they are partial alleles in the case of KIR3DL3 and KIR3DL2. 97% of alleles can be named excluding KIR3DL3, KIR2DP1, and KIR3DL2. 39 KIR2DP1 alleles are unnamed. To check the gene assignment for the 91 alleles that could not be named, the sequences were aligned to a set of 17 full gene alleles, each the first named allele for its assigned gene in IPD-KIR. Each allele being evaluated was considered to be correctly annotated if the allele sequence aligned closet to the IPD-KIR reference to which it was assigned by the motifs. Those results show that every unnamed allele aligned to the reference allele predicted by its motif assignment. The only exception was the GU182360 KIR3DL2, which aligns closest to KIR3DP1; however, this haplotype sequence is incomplete on the 3’ end, and the KIR3DL2 allele only contains the 2,221 5’-end sequences. Alleles that are a fusion of KIR3DL1 and KIR3DL2 (e.g., KIR3DL1 alleles 059-061) are classified as KIR3DL2 alleles using motifs but are classified as KIR3DL1 alleles in IPD-KIR.



Comparison with Existing Multiple Sequence Alignment Software

Of the existing alignment software that was evaluated on the 67 human haplotypes, only stand-alone MAFFT was able to generate an alignment, using the FFT-NS-2 strategy. The input size was too large for Clustal Omega local server, M-Coffee web server, MUSCLE local server, and WebPrank web server, and the other algorithms ran out of memory. The MAFFT alignment, output, and overview are included in Supplementary Data Sheet 4 and Supplementary Image 2. Except for large portions of KIR3DL3, distal KIR2DL3/KIR2DS4/2DS3S5, and KIR3DL2, the MAFFT alignment does not recapitulate human-curated KIR haplotypes or gene alleles. It is 75% larger than our motif-guided alignment (960,221 vs. 263,556 positions), and its overview shows the alignment columns are mostly gaps compared with the more expected block shaped column in Figure 7.




Discussion

Although our evaluation of existing MSA software methods was not exhaustive, we believe it is unlikely that any current general-purpose alignment software can align all human KIR haplotype sequences consistent with the human curation. Alignment of the 68 sequences, each 67–269 kb, each homologous with itself and every other haplotype over lengths of 15 kb is very challenging without prior knowledge. Scoring matrices and algorithms like dynamic programming do not generally support sequences of this size under conditions where relatively young gene regions have duplicated both within and between haplotypes. To the best of our knowledge, a MSA of KIR haplotypes has never been published, despite the fact that dozens of haplotype sequences have been public for years.

Figures 5 and 6 demonstrate that the capture probe alignment motifs alone can annotate KIR haplotype sequences in a way that recreates the human curated annotation in GenBank. Figures 7 and 8 similarly show the accuracy of the DNA alignment; they demonstrate that the DNA annotated by the motifs recreates the assignment of the alleles in IPD-KIR. Also, for two practical examples, the capture probes have demonstrated the ability to assemble haplotypes with an average of 97% coverage (preprint), and the DNA MSA was used to discover gene markers that can genotype whole genome sequences (WGS) with almost perfect accuracy (11) (preprint). The combination of multi-resolution validation and software applications demonstrates that both the motif and DNA alignments are likely to be accurate.

Figure 5 (alignment in Supplementary Data Sheet 1 suggest 14 human KIR loci and 1 intergenic locus. The genic loci are abbreviated and labeled as 3DL3, 2DS2, 2DL2L3, 2DL5B, 2DS3S5, 2DP1, 2DL1, 3DP1, 2DL4, 3DL1S1, 2DS3S4S5, 2DS1, 3DL2, and the intergenic locus is between 3DP1 and 2DL4 (3DP1-2DL4). There are nine motif-defined genes in the 14 genic loci (Figure 5). Loci abbreviated 2DL1, 2DS1, and 2DS2 share motif MHCIJKL. Loci 2DL2L3, 2DS3S5, and 2DS3S4S5 share variations of the FZ*GHCIJKL motif. Loci 2DL5A and 2DL5B share variations of FIRL. The motif MSA suggests KIR2DS4 on the A haplotype shares a locus with KIR2DS3 and KIR2DS5 (not KIR2DS1) on the B haplotypes. The MSA similarly suggests KIR2DL2 and KIR2DL3 share a locus as do KIR3DL1 and KIR3DS1. The Z character is unique to centromeric 2DS3S5 and telomeric 2DS3S4S5 loci and marks the alleles to a certain extent. In both, the KIR2DS3 alleles have 1 Z in their motifs, KIR2DS5 has 2 or 3, and KIR2DS4 alleles are more variable.

Although the motifs correctly annotate the haplotype structures, they do not always do so unambiguously, nor do they always agree with the existing nomenclature as utilized in IPD-KIR. In the current gene nomenclature, there are 16 KIR genes. Some researchers have previously considered KIR2DL2 and KIR2DL3 to occupy the same locus as well as KIR2DS3 and KIR2DS5 (20, 21). Conversely, KIR2DL5 was once considered one gene but was split into KIR2DL5A for alleles in the centromeric locus and KIR2DL5B for alleles in the telomeric locus, creating new “A” and “B” designations that are independent from the “A” and “B” haplotype classifications (22). The motif MSA suggests the KIR region has 14 loci in 9 gene motifs. Under the existing gene nomenclature, KIR3DL1 and KIR3DL2 differ only by an index, since they are both three domain (“3D”) long tail (“L”) genes; since the extracellular domains of KIR3DL1/KIR3DL2 fusion alleles are from KIR3DL1, those fusion alleles are labelled in IPD-KIR as KIR3DL1. They are considered KIR3DL2 alleles under the motif structure because the proximal portions of KIR3DL1 and KIR3DL2 share variations of SCANJ, but the distal portions are different; since the fusions are comprised of proximal KIR3DL1 and distal KIR3DL2, they share a partial proximal motif with KIR3DL1 and a full motif with KIR3DL2. The motif ambiguity between the KIR3DL1/KIR3DL2 fusion and KIR3DL2 can be resolved by linkage disequilibrium with KIR2DS4, since the fusion lacks KIR2DS4 and the haplotypes with KIR2DS4 cannot contain the fusion. Both systems consider the cB05 KIR2DS2/KIR2DS3 fusion to be KIR2DS2 (KIR2DS2*005 in IPD-KIR).

A total of 27 new haplotypes were added to the human genome reference as part of this study (accessions MN167504-30), 24 of which are from African Americans. The haplotypes cluster by structure, not population. Haplotypes from Africans or African Americans now constitute 47% of the KIR alternate references in the human genome project, and the human genome project contains more than three times as many alternative references for KIR than any full chromosome. These new haplotypes contain the first deposits of unusual linkages such as KIR2DL5B*00804 in the KIR2DL5A locus (MN167506), KIR3DL1 or KIR3DL2 (fusion) without KIR2DS4 (tA02), KIR2DL2 without KIR2DS2 (cA03), and a KIR2DS2 (fusion) without KIR2DL2 (cB05). MN167526’s KIR2DS2 allele has a one base deletion after 285th base in the CDS sequence, which leads to a premature stop code at position 435 in the CDS.

Scisco Genetics’ contribution to the human genome project of the KIR haplotypes has—like the human genome project itself—been an important advancement and will support the downstream discovery of the human immune system. Building on that work, the motifs and alignments presented here provide a means to help unify interpretation of the entire KIR region. They can be used to precisely define KIR haplotypes and loci, provide context for assigning alleles (especially fusion alleles) to genes, improve evolutionary inferences, improve imputation, interpret co-expression, and generate markers. The motif probes have been applied to a workflow to capture, assemble, and annotate KIR haplotypes at https://github.com/droeatumn/kass; it includes the ability to annotate KIR contigs/haplotypes as a separate workflow. The DNA alignments have been applied to discover markers used in a workflow to genotype KIR presence/absence from WGS at https://github.com/droeatumn/kpi.
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The killer-cell immunoglobulin-like receptor (KIR) proteins evolve to fight viruses and mediate the body’s reaction to pregnancy. These roles provide selection pressure for variation at both the structural/haplotype and base/allele levels. At the same time, the genes have evolved relatively recently by tandem duplication and therefore exhibit very high sequence similarity over thousands of bases. These variation-homology patterns make it impossible to interpret KIR haplotypes from abundant short-read genome sequencing data at population scale using existing methods. Here, we developed an efficient computational approach for in silico KIR probe interpretation (KPI) to accurately interpret individual’s KIR genes and haplotype-pairs from KIR sequencing reads. We designed synthetic 25-base sequence probes by analyzing previously reported haplotype sequences, and we developed a bioinformatics pipeline to interpret the probes in the context of 16 KIR genes and 16 haplotype structures. We demonstrated its accuracy on a synthetic data set as well as a real whole genome sequences from 748 individuals from The Genome of the Netherlands (GoNL). The GoNL predictions were compared with predictions from SNP-based predictions. Our results show 100% accuracy rate for the synthetic tests and a 99.6% family-consistency rate in the GoNL tests. Agreement with the SNP-based calls on KIR genes ranges from 72%–100% with a mean of 92%; most differences occur in genes KIR2DS2, KIR2DL2, KIR2DS3, and KIR2DL5 where KPI predicts presence and the SNP-based interpretation predicts absence. Overall, the evidence suggests that KPI’s accuracy is 97% or greater for both KIR gene and haplotype-pair predictions, and the presence/absence genotyping leads to ambiguous haplotype-pair predictions with 16 reference KIR haplotype structures. KPI is free, open, and easily executable as a Nextflow workflow supported by a Docker environment at https://github.com/droeatumn/kpi.




Keywords: killer-cell immunoglobulin-like receptor, genotype, haplotype, interpretation, natural killer, whole genome sequencing (WGS)



Introduction

Human chromosome 19q13.4 contains a ~150–250 kilobase region encoding 16 genes of the natural killer-cell immunoglobulin-like receptor (KIR) family. These genes are ~4–16 kilobases long and evolved via tandem duplication during primate evolution (1, 2). The KIR receptors recognize human leukocyte antigen (HLA) class I molecules and contribute to natural killer (NK) cell functions via activating or inhibiting signals. These receptor-ligand pairs coevolved under selection pressures from reproduction and pathogenic defense (3), and it is believed that KIR genes have undergone a balancing selection via duplications and deletions into two broad categories of haplotypes, in which one category tends to vary more at the allelic level and the other tends to vary more at the structural (gene content and order) level (4–6). A few dozen KIR full haplotype sequences and approximately 2500 full- or inter-gene sequences have been publicly deposited (5, 7, 8). Haplotype structures are divided into two classes (9). Class ‘A’ contains one haplotype and its deleted forms. Class ‘B’ haplotypes are more structurally diverse and contain a variety of insertions and deletions. Generally, the A haplotype occurs with 50-60% frequency, haplotypes that are half-A and half-B occur with 30-40%, and the rest of the haplotypes are variants of the B haplotypes. Except for some rarer deleted forms, KIR haplotypes are structurally variable around 4 ‘framework’ genes (KIR3DL3, KIR3DP1, KIR2DL4, KIR3DL2), with KIR3DL3 through KIR3DP1 defining the proximal (or ‘centromeric’) region and KIR2DL4 through KIR3DL2 defining the distal (or ‘telomeric’) region, with the two gene-rich regions separated by the relatively large and recombinant KIR3DP1-KIR2DL4 intergene region.

It is difficult to interpret the KIR region with high-throughput sequencing reads for an individual human genome when the structural arrangements are unknown; indeed, it is difficult even when the structural haplotypes are known, since the read length is too short to map unambiguously to the repetitive and homologous KIR genes. As a consequence, the reads from KIR region are ignored, as to the best of our knowledge, there are currently no algorithms to interpret KIR from whole genome sequencing (WGS). SNP (single nucleotide polymorphism)-based KIR interpretation is more commonly applied. For example, KIR*IMP is a web-application to predict genes and haplotypes from microarray SNP genotypes (10). As an algorithm whose raw data is microarray calls, KIR*IMP can interpret KIR from genome wide SNP arrays, but it is not applicable to interpret KIR from raw sequences.

Since a general solution for KIR structural interpretation from raw genomic DNA is not currently available, this study implements such an algorithm for the prediction of KIR genes and full structural haplotypes from any type of raw full-region-or-greater genomic sequence at population scale. In particular, we systematically evaluated small markers for KIR genes and then applied those markers to a synthetic KIR probe interpretation (KPI) algorithm for the presence/absence of 16 KIR genes and 16 haplotype structures. Our approach leverages recent bioinformatics innovations for short sequence (‘probe’) genotyping, along recently published KIR reference haplotypes. The KPI algorithm first efficiently counts the occurrence of each kmer probe in the raw sequences, and then uses multiple probes per gene to call its presence/absence. Those 16 genotypes are then used to generate haplotype-pair predictions. In the experiments, we report 100% accuracy on a test set of synthetic haplotypes for comparisons with known truth. We also report that gene and haplotype-pair predictions for the WGS GoNL cohort are family consistent and compare favorably with reference frequencies in comparison to SNP-based predictions using KIR*IMP.



Materials and Methods


Overview

The workflow of KPI consists of three steps,

	Discover the 25mer gene markers based on a multiple sequence alignment analysis of 68 full-length haplotype sequences.


	Count the 25mer markers in the reads of genomic DNA per individual to generate the individual’s 25mer genotype.


	Predict presence/absence per gene from the marker genotypes for each individual.


	Predict haplotype pairs from the gene presence/absence calls for each individual.




In the following, we first explain each step and then describe the synthetic data and GoNL data used for the evaluation.



Step 1: Discovering 25mer Gene Markers

To discover gene marker 25mers, first a multiple sequence alignment (MSA) was created with 68 publicly deposited full-length haplotypes sequences (11). Briefly, each haplotype was annotated at an average resolution of ~4kbp using a set of 15 120-base markers. This high-level annotation was aligned into a MSA representing a structural alignment of all haplotypes. Then, each subregion was aligned to base pair resolution. This resulted in a full resolution, full haplotype MSA that accurately classifies each allele into a haplotype-defined locus, and it aligns the alleles precisely at each locus. The haplotype and gene annotations of the MSA provided a list of full-length alleles for 16 genes: KIR2DL1-5, KIR2DS1-5, KIR2DP1, KIR3DL1-3, KIR3DP1, and KIR3DS1. Markers for each gene locus were chosen by selecting all sequences of length 25 (25mers) present in every allele of the gene but not elsewhere in the KIR haplotypes nor the rest of the genome reference GRCh38. More details about the algorithm are in Supplemental Figure 1. The marker sequences are in Supplemental Data Sheet 1 and also checked in to GitHub at https://github.com/droeatumn/kpi/tree/master/input in text and fasta format.



Step 2: Count 25mer Markers

KMC 3, with workflows implemented in Nextflow (12) and Apache Groovy (13) and a software environment implemented as a Docker container, is used to create 25mer databases from sequence or short-read data and match the markers across the datasets. Using KMC 3, we generate the list of all 25mers from the short reads of each individual and then match the 25mers in the marker databases to report the hit counts of each 25mer marker in the individual. Details are in Supplemental Figure 1.



Step 3: Individual Genotyping From 25mer Markers

KPI calls presence/absence per gene by aggregating the presence/absence genotypes of many small (25mer) markers, each specific to one gene. 25mers with hit counts less than three are considered sequencing errors and set to zero. If the mean hit count of all the markers per gene is zero, then the gene is predicted absent; otherwise, it is called present. Additional details can be found in Supplemental Figure 1.



Step 4: Individual Haplotyping From Genotypes

Haplotype-pair predictions were made by fitting the genotype to all possible pairs of the 16 structural reference haplotypes defined in Figure 1. The numbers and frequencies of the haplotypes are from Jiang et al. 2012 (4) (Table 1); some of their haplotypes are combined because Jiang et al. consider certain alleles as separate haplotypes, such as full or deleted alleles of KIR2DS4. These 16 haplotypes represent 97% of all haplotypes in the Jiang et al. report.




Figure 1 | Reference haplotype definitions. Haplotype numeric labels (Jiang et al. 2012) are shown with their definition via gene counts. Following Jiang et al. convention, some haplotypes (e.g., 7, 9) are distinguished by KIR2DS3/KIR2DS5 alleles instead of structural differences. In this study, some haplotypes (e.g., 1, 2) are combined, as KIR2DS4 full/deleted alleles are not considered in KPI’s genotyping.




Table 1 | Reference haplotype names and frequencies.



For the GoNL predictions, haplotype ambiguity was reduced by family trio patterns and then further by the EM (Expectation-Maximization)-based methods as described and used in Vierra-Green 2012 (14). Haplotype frequencies were calculated from the EM-reduced individual haplotype-pair predictions. These haplotype frequency calculations are not possible on the KPI’s haplotype-pair predictions because they can be ambiguous.



Synthetic Capture on Diploid Data

KPI was evaluated on a synthetic test set. There are six reference haplotype structures with publicly deposited full-length sequences (Figure 1, top six rows). For each of these six structures, one sequence was randomly chosen to represent that structure, and it was paired with a random haplotype sequence from the set of all sequences, with an equal probability for each sequence. dwgsim (12) was used to generate 10,000 2×150 pair reads per haplotype (~20× coverage) with 1% error rate. This provided a simulated six-person validation set of six diploid whole-region short-read sequences, representing all fully sequenced haplotype structures and paired to provide a variety of genotypes. The sequences are included in Supplemental Data Sheet 2.



GoNL Family WGS and Immunochip SNP Data

KPI was also run on a large real-world example. WGS was obtained from The Genome of the Netherlands (GoNL) (13), a genome sequencing project whose goal is to map the genetic variation within the population of Netherlands in 250 family trios (750 individuals). The project provided non-paired sequencing of the whole genomes of the population, which was done on the Illumina HiSeq 2000 platform. Coverage of the KIR region were similar to the previously reported (13) whole-genome average of ~10–15×. Two individuals from two different families were removed from the GoNL project for data quality reasons, giving a total of 748 individuals.

KPI’s GoNL predictions were compared with results from microarray-based interpretation algorithm KIR*IMP. Illumina Immunochip microarray SNP data was obtained from GoNL (13). The data was prepared and executed following instructions using KIR*IMP v1.2.0 on 2019-10-05.

To the best of our knowledge, there only exists one method to predict KIR gene content from WGS sequences (15). However, we were unable to obtain results with it for both evaluation data sets. According to the authors, the current version is deprecated and to be replaced soon (16).




Results

The predictions were evaluated in the small synthetic test set, where truth is known and a large real-world test set, where truth is unknown except for family relationships. Predictions were evaluated by comparing gene and haplotype-pair predictions to: known truth in the synthetic cohort, and family consistency (real-world cohort only), reference frequencies from Jiang et al.’s family copy number study (4), and the Allele Frequencies Database (17) in the real-world cohort. The real-world cohort was also compared with predictions from microarray-based algorithm KIR*IMP, although KIR*IMP was not considered ground truth as it reports accuracies as low as 81% for some genes (10). Haplotype-pair predictions were considered to be family consistent if each parents’ two haplotype predictions contained at least one of the child’s two predictions and one of the child’s haplotypes occurred in one parent and the other haplotype occurred in the other parent.


Synthetic Evaluation

Table 2 shows the results of the synthetic tests. The gene present/absent calls were 100% accurate for all genes. Although the haplotype predictions are ambiguous in half of the individuals, all are consistent with the ground truth.


Table 2 | Results of synthetic tests.





GoNL Evaluation

Table 3 shows a summary of the gene prediction results from KPI and KIR*IMP on the GoNL data set. A reference frequency range is included from Allele Frequencies Net, selecting European cohorts >= 500 individuals. Overall agreement between KIR*IMP and KPI for the 16 genes (Table 3, column 6) ranges from 72% to 100%, with a mean of 92%. KIR*IMP differs from the reference haplotype (Table 3, column 7) frequency range by >10% in four genes (KIR2DS2, KIR2DL2, KIR2DL5, and KIR2DS3) compared with 0 genes for KPI (Table 3, column 8). Both KIR*IMP and KPI differ from the KIR2DS1 reference by 9-10%, although the two algorithms agree in 98% of individuals for that gene.


Table 3 | Summary of killer-cell immunoglobulin-like receptor (KIR)*IMP and KIR probe interpretation (KPI) gene predictions.



Table 4 breaks down the differences between KIR*IMP and KPI in a confusion matrix. In the cases where KIR*IMP calls present (‘P’) and KPI calls absent (‘A’) (Table 4, column 2), the largest discrepancies are found in the centromeric genes KIR2DS2 (8%), KIR2DL2 (8%), and KIR2DL3 (6%). In the reverse cases, when KIR*IMP calls absent and KPI calls present (Table 4, column 3), the largest discrepancies are greater and occur with the centromeric KIR2DS2 (20%), KIR2DL2 (20%), and the paralogous (centromeric or telomeric) KIR2DL5 (11%), and KIR2DS3 (19%).


Table 4 | Confusion matrix of killer-cell immunoglobulin-like receptor (KIR)*IMP and KIR probe interpretation (KPI) gene predictions.



Per-individual haplotype-pair predictions for the GoNL cohort are included in Supplemental Table 1. Three lists of haplotype-pairs are provided: one for the initial fitting of all possible haplotype-pairs that could explain the genotype (i.e., KPI’s output); another that reduces those possibilities by family relationships; and one for the EM-reduced final haplotype-pair predictions.

KIR*IMP makes one most-likely prediction for all individuals. KPI’s predictions are sometimes ambiguous, with most predictions (mode) having one haplotype-pair but a mean of 2.3, standard deviation of 2.5, and a maximum of 14 haplotype-pair predictions per individual in the context of the 16 reference haplotypes. The KIR*IMP predictions are family consistent 100% of the time compared with 99.6% for KPI. However, the haplotype pair predictions between the two algorithms are concordant only 58% of the predictions.

Table 5 compares the haplotype predictions between KIR*IMP and the EM-reduced haplotype pair predictions from the KPI output. KIR*IMP fit 100% of its predicted genotypes into 15 of its reference haplotypes. KPI fit 97% of its predicted genotypes into its 16 reference haplotypes. KIR*IMP made predictions for two haplotypes (cA01~tB04 and cB04~tB03, numbered 14, 18, and 12), totaling 0.47%, that are not in KPI’s set of reference haplotypes. KPI’s haplotype-pair predictions are too ambiguous to summarize in haplotype frequencies.


Table 5 | Comparison of killer-cell immunoglobulin-like receptor (KIR)*IMP highest probability and EM-reduced haplotype prediction frequencies.






Discussion

KPI was evaluated by Chen et al. as part of a larger effort (18). In a cohort of 72 individuals with ground truth determined by LinkSeq qPCR, Chen et al. report six mismatches in one sample (possibly swapped), and apart from this 95.8% accuracy for KIR2DS3 and 100% accuracy for the 15 other genes. As they note, it is now possible to interpret HLA binding alleles and the presence/absence of all their KIR receptors from short-read high-throughput sequencing, and this combination is a valuable advancement for research and medicine. Indeed, they compare KPI favorably with respect to clinical accreditation standards.

The findings by Chen et al. are consistent with the results of our synthetic test, whose accuracy was 100% for all genes. One drawback of the design of the synthetic test is that the haplotypes used in the test were also included in the MSA that was used to generate the per-gene probes. However, the main purposes of the synthetic tests were to test the application of the markers to short reads in a variety of genotypes and recover their original geno- and haplo-types; this is value-added compared with simply demonstrating sequences unique to a gene. The almost-perfect results of the Genentech and synthetic experiments, along with a GoNL results that had a 99.6% family-consistency rate and in line with expected frequencies, provide evidence that KPI’s gene predictions are very accurate.

The evidence also suggests that KPI’s haplotype results are accurate, although often ambiguous: the accuracy in the synthetic test was 100% and the GoNL family-consistency was 99.6, and the predictions allow EM predictions that align with the expected population frequency from the literature.

KIR*IMP’s haplotype frequency estimations differ from expectations in some areas. The evidence from comparisons with frequency reports from Jiang et al. 2012 (Table 5, column 5) suggest KIR*IMP overestimated cA01~tA01 (haplotype numbers 1 and 2) and underreported haplotypes containing cB01 or cB02 centromeric regions combined with the tA01 telomeric region (cB01~tA01 and cB02~tA01) in the GoNL cohort. This discrepancy can also be seen in the predicted genotype frequencies, where KIR*IMP relatively under calls the presence of KIR2DS2, KIR2DL2, and KIR2DS3 by ~20% and KIR2DL5 by ~10% compared with KPI and the historical European frequencies from Allele Frequency Net database (Table 5, column 6); all four of those genes are in cB01, and KIR2DS2 and KIR2DL2 are also in cB02. GoNL genotyping was done on the Immunochip, which is the best option according to the KIR*IMP manuscript. With that chip, they report accuracies of 100% for KIR2DS2, 98% for KIR2DL2, 82% for KIR2DL5, 81% for KIR2DS3, and 95% for KIR2DS5 in their Norwegian-German validation cohort. Although the family consistency rate is 100% for KIR*IMP and 96.6% for KPI, their haplotype-pair predictions only agree in 58% of individuals. Without ground truth available, without any reason to expect this cohort to deviate from expectations, and considering KIR*IMP’s self-reported accuracy, the evidence suggests that KPI’s predictions are more accurate than KIR*IMP’s in this cohort and specifically that KIR*IMP under called the presence of genes KIR2DS2, KIR2DL2, KIR2DS3, KIR2DL5 and haplotypes cB01~tA01 and cB02~tA01. As reviewed recently by Wright et al., this may be particularly relevant in the context of hematopoietic stem cell transplantation, where some case/control studies claim an important role for these regions (19). There are several potential reasons KIR*IMP’s predictions may be less accurate than KPI’s. The reference haplotypes used for marker discovery for KIR*IMP were defined by copy number genotyping and family relationships; KPI defined its haplotypes using a MSA of full haplotype sequences. KIR*IMP’s input is restricted to a few hundred single nucleotide polymorphisms, whereas KPI can use the entire genomic range of KIR sequences of length 25, which provides the potential for more information per marker and a broader base of markers. KIR*IMP uses a small number of SNPs to call one or more genes, whereas KPI uses dozens-to-thousands of 25mers to call a single gene, One of the steps of KIR*IMP’s workflow is to align and phase all the SNPs to one ‘A’ haplotype, which may be a limitation for genes not on that haplotype; all the gene and haplotypes we found to have lower accuracy rates are not located on the ‘A’ haplotype. KPI has no alignment or assembly steps. It is also important to note that the primary purpose for the comparison with KIR*IMP was not to evaluate the potential success of predicting KIR genes and haplotypes using SNPs vs sequence reads, but rather to compare the two algorithms. Although both algorithms predict the presence/absence of KIR genes and structural haplotypes, their solution domains are very different: microarray SNP panels vs raw genomic DNA reads. Both algorithms report the lowest accuracy rates for KIR2DS3 and a ~10% lower frequency rate for KIR2DS1 in GoNL compared with reference frequencies.

The 85% family consistency rate of the EM-reduced haplotype predictions suggest that KIR haplotype ambiguity cannot be accurately reduced at the individual level via expectation-maximization. However, since the EM-reduced haplotype frequencies are in line with references, it is possible the predictions might aggregate to population-level in a maximum-likelihood manner and therefore perhaps may still be useful for some population genetics purposes.

Traditional lab-based SSO presence/absence genotyping relies on a single short-sequence strategy, an approach that can be applied similarly to synthetic analysis of large amounts of WGS. In this virtual context, primer locations are not needed, and kmer searching is efficient and accurate at populations scales. To develop this synthetic SSO-like (kmer) library, we leveraged the information from a multiple sequence alignment of all full-length haplotypes that are available for this study. We believe this is a more accurate approach than using IPD-KIR reference alleles, because the IPD-KIR reference alleles do not require the haplotype location to be known. In addition, fusion alleles are assigned in IPD-KIR to one of the two parent genes, and therefore large sequences of some alleles are not really from the gene in which they are classified. We used 25 for our ‘k’ (i.e., sequence size) because BLAST searching indicated this to be a conservative minimum length needed to distinguish a small set of test markers to the KIR region. We did not experiment with any k size other than 25, since the choice gives a reasonable number of significant markers and their lack of off-KIR hits as tested in the GoNL population WGS confirms the effectiveness as gene/intergenic markers. The only fundamental benefit to shorter markers would be in the case when there were no longer markers; however, 25mer markers were found for every gene. The only fundamental benefit to longer markers would be if the markers were not unique to the region; however, all the markers are unique to their region. Many of the 25mers overlap each other, effectively simulating a single longer marker. Similar to the reasoning about probe length, probe mismatches would only need to be relaxed if a locus did not have any markers. Since at least one marker was discovered for each gene, mismatches did not need to be incorporated. Having thus obtained the region markers, we then used the most common (‘peak’) hit count from each gene/intergene’s library of sequences to make the PA genotype calls (Supplemental Figure 1). This adds a certain amount of allelic flexibility in the algorithm because the ultimate call is an average of all the markers for that gene; if some markers miscall, the overall call for the gene will be unaffected if the majority of the other markers are accurate. Since KPI decomposes the genetic information into 25mers, it works with any collection of DNA reads, as long as the KIR region is included. It works with fasta, fastq, single, paired, short, and long reads. Since the markers are not unique to exons, it will not work with cDNA or exon only reads.

One limitation of the method is that the markers do not mark DNA segments longer than one gene. Perhaps this is primarily due to the frequent recombination between haplotypes. Although recombination has been reported in multiple loci, the hotspot in between the centromeric and telomeric regions is particularly strong, and, in general, any pairing of the two can be expected. We evaluated single markers for haplotypes, but we did not find any. This is particularly relevant in light of the observation that haplotyping from genotypes seems to have limited accuracy under maximum likelihood assumptions (Table 5). It is possible that an algorithm that uses applies multiple markers in a hierarchical or combinational manner may be more successful. For future work, we plan to further evaluate KIR2DS3 (95.8% accuracy in the Chen et al. evaluation) and evaluate the genotyping in diverse populations. It is possible that population robustness is a weakness of the method, although the fact that almost half of individuals in the discovery cohort are African or African American provides some optimism.

For the WGS data set, KPI averaged less than 1 h of computing time per individual, with 32 cores of CPU and 32G RAM. The majority of the time is spent using KMC 3 to build the kmer database. kmer counting is an active area of research. Since KPI can easily be altered to use any such application, it has potential for future efficiency improvements.

The markers discovered in this study were enabled by a full-haplotype MSA, as described recently by Roe et al. (11). That manuscript makes observations about the composition and order of sequences within KIR haplotypes, and it reports the implications for our understanding of the relationship between haplotypes, loci, and genes. Here, we have leveraged that basic understanding for practical use by developing a free and open interpretation application, evaluating a SNP interpretation algorithm, and contributing KIR interpretation to an important population genetics resource for Netherlands and many types of human genetic researchers. We described how the gene markers were discovered from the MSA, and we demonstrated their use to predict genes and haplotype-pairs at high accuracy (97%+) with population scale from any kind of sequence data that includes the full KIR region, including WGS. It was tested on synthetic ground-truth sequences and a large cohort of family WGS. In addition, we compared our algorithm to the leading SNP-based interpretation algorithm. KPI is free software with a GPL3 license and is implemented as a Nextflow workflow backed with an optional Docker environment. It is available at https://github.com/droeatumn/kpi.
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Supplemental Table 1 | Individual gene and haplotype-pair predictions. Columns A and B contain the family name and relationship. Column C contains KPI’s haplotype-pair predictions, represented by a haplotype list. Each pair is separated with a ‘|’. For example, ‘cA01~tA01+ cA01~tB01_2DS5|cA01~tB01_2DS5+cA01~tB05’ means the prediction is either haplotype-pairs cA01~tA01 and cA01~tB01_2DS5 or haplotype-pairs cA01~tB01_2DS5 and cA01~tB05. The haplotype list in column C represents all possible haplotype-pairs fitting the presence-absence genotypes. Column D is a count of the number of haplotype-pair predictions in column C’s haplotype list. Column E is the haplotype list in column C reduced by family relationships, and column F indicates whether or not it is different from the original haplotype list in column C. Column G is the original haplotype list in column C reduced by EM; its results should not be used as they have limited accuracy. Columns H-W are the gene presence-absence predictions.
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In humans, killer immunoglobulin-like receptors (KIRs), expressed on natural killer (NK) and thymus-derived (T) cells, and their ligands, primarily the classical class I molecules of the major histocompatibility complex (MHC) expressed on nearly all cells, are both polymorphic. The variation of this receptor-ligand interaction, based on which alleles have been inherited, is known to play crucial roles in resistance to infectious disease, autoimmunity, and reproduction in humans. However, not all the variation in response is inherited, since KIR binding can be affected by a portion of the peptide bound to the class I molecules, with the particular peptide presented affecting the NK response. The extent to which the large multigene family of chicken immunoglobulin-like receptors (ChIRs) is involved in functions similar to KIRs is suspected but not proven. However, much is understood about the two MHC-I molecules encoded in the chicken MHC. The BF2 molecule is expressed at a high level and is thought to be the predominant ligand of cytotoxic T lymphocytes (CTLs), while the BF1 molecule is expressed at a much lower level if at all and is thought to be primarily a ligand for NK cells. Recently, a hierarchy of BF2 alleles with a suite of correlated properties has been defined, from those expressed at a high level on the cell surface but with a narrow range of bound peptides to those expressed at a lower level on the cell surface but with a very wide repertoire of bound peptides. Interestingly, there is a similar hierarchy for human class I alleles, although the hierarchy is not as wide. It is a question whether KIRs and ChIRs recognize class I molecules with bound peptide in a similar way, and whether fastidious to promiscuous hierarchy of class I molecules affect both T and NK cell function. Such effects might be different from those predicted by the similarities of peptide-binding based on peptide motifs, as enshrined in the idea of supertypes. Since the size of peptide repertoire can be very different for alleles with similar peptide motifs from the same supertype, the relative importance of these two properties may be testable.
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Introduction

Molecules encoded by the major histocompatibility complex (MHC) of jawed vertebrates play central roles in immune responses as well as other important biological processes (1). Among these molecules are the classical class I molecules, which are defined by presentation of peptides on the cell surface, high and wide expression and high polymorphism. There are also non-classical class I molecules that lack one or more of these properties; in this report, only the classical class I molecules will be considered and will be abbreviated MHC-I.

MHC-I molecules bound to appropriate peptides on a cell surface are ligands for thymus-derived (T) lymphocytes through the T cell receptor (TCR) composed of α and β chains (along with the co-receptor CD8), with the outcome generally being death of the target cell through apoptosis (2). The cytotoxic T lymphocytes (CTLs) are important agents for response to infectious pathogens (particularly viruses) and cancers. The repertoire of TCRs is formed by somatic mutational mechanisms in individual cells and is vast and cross-reactive, so that in principle any MHC molecule bound to any peptide could be recognized (3). In fact, selection of T cells in the thymus strongly affects the TCR repertoire, but, to a first approximation, it is the polymorphism of the MHC molecules along with self-peptides that determines thymic selection, presentation of peptides, and thus immune responses (4).

However, many MHC-I molecules are also ligands for natural killer (NK) cells through a variety of NK receptors (NKRs), with the potential outcomes including cytokine release and target cytotoxicity (2). Analogous to T cell education based on the MHC molecules and self-peptides present in an individual, the responses of NK cells depend on the particular MHC molecules present during development, a phenomenon referred to as education, licencing, or tuning (5). Both NKRs and MHC-I ligands are polymorphic, with the interactions of particular receptors with particular ligands varying markedly in strength. Since the MHC and the regions encoding NKRs are located on different chromosomes, the genetic result is epistasis, which in humans and mice affects infectious disease, autoimmunity, and reproduction. Indeed, there appears to be antagonistic selection between immune responses and reproduction in humans (6).

MHC-I molecules (7) generally bind short peptides, 9–11 amino acids in length, along a groove between two α-helices above a β-pleated sheet. The peptides are tightly bound at the N- and C-termini by eight highly-conserved amino acids in pockets A and F, so that longer peptides bulge in the middle. Specificity of binding to different MHC-I alleles arises from peptide interactions with the polymorphic amino acids that line the groove, often with deeper pockets B and F being most important, but with other pockets being important in some alleles. The important pockets typically bind just one amino acid or a few amino acids with side chains that have very similar chemical properties, although some promiscuous pockets allow many different amino acids. The particular amino acids generally allowed to bind in the important pockets, the so-called anchor residues, give rise to peptide motifs for MHC-I alleles. Many alleles have been grouped into several supertypes (8) based on similarities in peptide motifs and in polymorphic amino acids lining the pockets. Some motifs are quite stringent in their requirements while others are more permissive, leading the concepts of fastidious and promiscuous MHC-I alleles with differently sized peptide repertoires (9).

TCRs recognize the side chains of peptide residues that point up and away from the peptide-binding groove, mostly in the middle of the peptide (10). It has long been known that the particular peptides bound to MHC-I molecules could influence interaction with inhibitory NKRs (11–14), which eventually was refined to NKR interaction with side chains near the end of the peptide (typically residues 7 and 8 of a 9mer) (15, 16). Moreover, both viral and bacterial peptides have been reported to affect recognition by activating NKRs (17, 18).

Among the questions that will be considered in this report are the extent to which the size of the peptide repertoire may influence the binding NKRs, and the extent to which MHC-I alleles within a supertype have the same sized peptide repertoire. In order to approach these questions, it is appropriate to review what is known about peptide repertoires, beginning with chicken class I molecules.



The Chicken MHC: A Simple System for Discovery

The vast majority of what is known about the MHC and MHC molecules was discovered in humans and biomedical models like mice (1). In typical placental mammals (Figure 1), the MHC is several megabase pairs (Mbp) of DNA with hundreds of genes, separated into haplotype blocks by several centimorgans (cM) of recombination. The few MHC-I genes located in the class I region are separated from the few class II genes in the class II region by the class III region which contains many unrelated genes. Some genes involved in the class I antigen processing and presentation pathway (APP) are also located in the MHC, including two genes for inducible proteasome components (LMPs or PSMBs), two genes for the transporter for antigen presentation (TAP1 and TAP2) and the dedicated chaperone and peptide editor tapasin (TAPBP). However, these class I APP genes are located in the class II region and are more-or-less functionally monomorphic (19–21), working well for nearly all loci and alleles of MHC-I molecules. In humans, the three loci of MHC-I molecules may not be interchangeable: HLA-A and -B present peptides to CTLs with only some alleles acting as NKR ligands, while HLA-C is less well-expressed and mostly functions as an NKR ligand (22, 23). There is also evidence that HLA-A and -B may do different jobs, since HLA-B is more strongly associated with responses to rapidly evolving small (RNA) viruses, while HLA-A may be more involved with large double-stranded DNA viruses (24).




Figure 1 | The chicken MHC (BF-BL region) is smaller and simpler than the human MHC (HLA locus), with a single dominantly-expressed MHC-I molecule due to co-evolution with peptide-loading genes. Colored vertical lines or boxes indicate genes, with names above; thin vertical lines indicate region boundaries, with names above or below; location is roughly to scale, with the length of approximately 100 kB indicated. Thickness of arrows pointing up indicate level of expression, co-evolution between the TAP genes and the BF2 class I gene indicated by a curved arrow beneath the genes. Genes from the class I system, red; the class II system, blue; the class III or other regions, green; solid colors indicate classical genes while striped colors indicate genes involved in peptide loading. Figure from (9).



In contrast, the chicken MHC is small and simple (Figure 1), and evolves mostly as stable haplotypes (9, 25). The BF-BL region of the B locus is less than 100 kB and contains two MHC-I genes (BF1 and BF2) flanking the TAP1 and TAP2 genes, with the TAPBP gene sandwiched between two class II B genes nearby, and with the class III region on the outside. There is evidence only for historic recombination within this region, with no examples of recombinants from over 20,000 informative progeny in deliberate mating, although there is clear recombination just outside (in the so-called TRIM and BG regions) (26–28). As a result, alleles of these strongly-linked genes stay together for long periods of time, so that the APP genes are all highly polymorphic and co-evolve with the BF2 gene (9, 29). As an example, the peptide translocation specificity of the TAP is appropriate for the peptide binding specificity of the BF2 molecule encoded by that haplotype (30, 31). Apparently as a result, the BF2 molecule is far more expressed and also more polymorphic than the BF1 molecule (32, 33). Thus far, the evidence is that the BF2 molecule presents peptides to CTLs, while BF1 functions as a ligand for NK cells (34).

This simplicity of the chicken MHC can make it easier to discover phenomena that are difficult to discern in the more complicated MHC of humans and other placental mammals. For example, there are many examples of strong genetic associations of the B locus (and in some cases, the BF-BL region) with responses to economically-important diseases, including Marek’s disease caused by an oncogenic herpesvirus, infectious bronchitis caused by a coronavirus and avian influenza (9, 35). In contrast, the strongest associations of the human MHC are with autoimmune diseases, with the strongest associations with infectious disease being with small viruses like HIV (1). One hypothesis for this perceived difference is the fact that the human MHC has a multigene family of class I molecules which confer more-or-less resistance to most viral pathogens (reading out as weak genetic associations), while the chicken MHC has a single dominantly-expressed class I molecule, which either finds a protective peptide or not (reading out as strong genetic associations) (9, 36).

Other examples of discovery from the apparent simplicity of the chicken MHC will be described below, but it has become clear that other aspects of the avian immunity may be very complex, for instance the chicken NKR system.



Promiscuous and Fastidious Class I Alleles in Chickens

One of the discoveries that was facilitated by the presence of a single dominantly-expressed chicken class I molecule is an apparent inverse correlation between peptide repertoire and cell surface expression, along with strong correlations with resistance to infectious diseases. Some so-called promiscuous BF2 alleles bind a wide variety of peptides but have a relatively low expression on the cell surface cell, while other so-called fastidious BF2 alleles bind a much more limited variety of peptides but have higher cell surface expression (9, 32, 37, 38).

It is not clear whether there is a hierarchy or two general groups of alleles, or to what extent the cell surface expression levels are exactly an inverse of the peptide repertoire. The analysis of expression level by flow cytometry is quantitative, but the exact levels vary for different cell types. The peptide repertoires are far more difficult to quantify, with even immunopeptidomics that fairly accurately counts numbers of different peptides by mass spectrometry suffering from the drawback that the abundance of any given peptide is laborious to establish definitively. However, for certain well-studied standard B haplotypes, the peptide-motifs based on gas phase sequencing and on immunopeptidomics, as well as the pockets defined by crystal structures, give qualitative rationales for the peptide repertoires (9, 32, 37–41). The peptide translocation specificities of the TAP alleles from the few haplotypes examined provide additional support (30, 31).

The high expressing fastidious alleles typically bind peptides through three positions with only one or a few amino acids allowed (32, 39–41). For instance, the BF2 allele from the B4 haplotype (BF2*004:01) binds almost entirely octamer peptides with three acidic residues: Asp or Glu at positions P2 and P5, and Glu (with very low levels of hydrophobic amino acids) at position P8, which fits the basic amino acids forming the so-called pockets B, C, and F in wire models and the crystal structure. BF2*012:01 binds octamer peptides with Val or Ile at position P5 and Val at position P8, but with a variety of amino acids at position P2, which is an anchor residue as seen by structure. BF2*015:01 binds peptides with Arg or Lys in position P1, Arg in position P2 and Tyr (with very low levels of Phe and Trp) at positions P8 or P9. In fact, these BF2 alleles with fastidious motifs can bind a wider variety of peptides in vitro than are actually found on the cell surface (31, 39); the TAP translocation specificities are more restrictive than the BF2 peptide binding specificities.

In contrast, it would appear that a variety of binding mechanisms can lead to low expressing alleles with promiscuous motifs. BF2*021:01 has certain positions with small amino acids leading to a wide bowl in the centre of the binding groove, within which Asp24 and Arg9 can move, remodelling the binding site to accommodate a wide variety of 10mer and 11mer peptides with co-variation of P2 and Pc-2 (two from the end), along with hydrophobic amino acids at the final position. Interactions between P2, Pc-2, Asp24, and Arg9 allow a wide range of amino acid side chains in the peptide, with at least three major modes of binding (37, 38). Analysis of peptide translocation in B21 cells shows the specificity is less stringent than the BF2*021:01 molecule (31). In another mechanism, BF2*002:01 binds peptides with two hydrophobic pockets for P2 and Pc, but the pockets are wide and shallow, allowing a variety of small to medium-sized amino acid side chains (38). BF2*014:01 also has two pockets, accommodating medium to large-sized amino acid side chains at P2 and positive charge(s) at Pc (38). Binding many different hydrophobic amino acids allows a promiscuous motif, since hydrophobic amino acids are so common in proteins.

Another interesting feature of chicken class I molecules is C-terminal overhang of peptides outside of the groove. In placental mammals, one of the eight invariant residues that bind the peptide N- and C-termini is Tyr84, which blocks the egress of the peptide at the C-terminus. However, in chickens (and all other jawed vertebrates outside of placental mammals), the equivalent residue is an Arg (42, 43) and this change allows the peptide to hang out of the groove, as has been found in crystal structures of BF2*012:01 and 014:01 (28, 30). At least one low expressing class I allele with an otherwise fastidious motif shows lots of such overhangs (C. Tregaskes, R. Martin and J. Kaufman, unpublished), suggesting that the TAP translocation specificity (or perhaps the TAPBP peptide editing) controls the extent to which overhangs are permitted. Interestingly, the equivalent position in class II molecules is also Arg, allowing most peptides to hang out of the groove, with some of these overhangs recognized by TCRs (40, 43, 44). Thus, the presence of such overhangs may be a third mechanism for chicken class I promiscuity, and may affect both TCR and NKR recognition, as do peptide sidechains within the groove in humans (10, 16).

The reason for the inverse correlation of peptide repertoire with cell surface expression is not clear. Among the possibilities are biochemical mechanisms, which are highlighted by the fact that all chicken BF2 alleles have nearly identical promoters, and that the amount of protein inside the cell does not differ much, but that the amount that moves to the cell surface is more for fastidious than promiscuous alleles (31). Thus, the amount of time associated with the TAPBP and TAP in the peptide-loading complex (PLC) could be a mechanistic reason. Another potential biochemical mechanism might be stability and degradation; promiscuous alleles from cells are overall less stable than fastidious alleles in solution, but pulse-chase experiments of ex vivo lymphoctyes show no obvious difference in turn-over (31). As a second reason, the correlation could arise from the need to balance effective immune responses to pathogens and tumours with the potential for immunopathology and autoimmunity. A third possibility is the need to balance negative selection in the thymus with the production of an effective naïve TCR repertoire: more peptides presented would mean more T cells would be deleted, but since TCR signal depends on the number of peptide-MHC complexes, lower class I expression would mean fewer T cells would be deleted (9, 45). If true, the expression level would be the important property, since it would mirror the need for an effective T cell repertoire.

What makes this inverse correlation so interesting is the association with resistance and susceptibility to economically-important pathogens. A correlation with low cell surface expression was first noticed for resistance to the tumours arising from the oncogenic herpesvirus that causes Marek’s disease, and later understood to correlate with a wide peptide repertoire (9, 36–38). Important caveats include the fact that the association of the B locus with resistance to Marek’s disease, while still true for experimental lines, have not been found for current commercial chickens (46–48); an explanation may be the fact that poultry breeders have strongly enriched for low expressing class I alleles in their flocks so that the MHC no longer has a differential effect (C. Tregaskes, R. Martin and J. Kaufman, unpublished). Another caveat may be that there are various measures of the progress of Marek’s disease, and the BF-BL region correlations may not be the same for all of them. A third caveat is that the BF-BL region is composed of strongly-linked genes, so that the gene (or genes) responsible for resistance are not yet definitively identified; an example is the evidence for the effect of the BG1 gene (49). An important counter to these caveats is that there is evidence that MHC haplotypes with low-expressing class I alleles confer resistance to other infectious viral diseases, including Rous sarcoma, infectious bronchitis and avian influenza (9, 50–52). Importantly, there is little recognized evidence that the high expressing alleles provide important immune benefit to chickens.



Promiscuous and Fastidious MHC Molecules in Humans: Generalists and Specialists

Having clear evidence of the inverse correlation of cell surface expression level with peptide repertoire of chicken BF2 alleles and infectious disease resistance, it was natural to ask whether these relationships are fundamental properties of class I molecules, as opposed to some special feature of chicken class I molecules. Such evidence for human HLA-A and B alleles with hints towards potential mechanisms was not hard to find.

Progression of human immunodeficiency virus (HIV) infection to frank acquired immunodeficiency disease syndrome (AIDS) is one of the best examples for an association of infectious disease with the human MHC. Some HLA alleles lead to fast progression and death, while others result in very slow progression, for which the individuals can be called elite controllers (53, 54). The number of peptides from the human proteome predicted to bind four HLA-B alleles was compared to odds ratio for AIDS, finding that the most fastidious alleles were the most protective. Although the correlation with disease resistance was the reverse of what was found for chickens (45), flow cytometric analyses of these four alleles on ex vivo blood lymphoid and myeloid cells showed that these human class I molecules had the same inverse correlation between peptide repertoire and cell surface expression as in chickens (38).

A mechanism of resistance by such elite controlling HLA-B alleles has been reported: the presentation of particular HIV peptides to CTLs which the virus can mutate to escape the immune response, but only at the cost of much reduced viral fitness. For such alleles, the virus is caught between a rock and a hard place (55, 56). The protection to the human host afforded by binding and presenting such special peptides led to a hypothesis (9, 38), in which the promiscuous class I alleles act as generalists, providing protection against many common and slowly evolving pathogens (as in chickens), while the fastidious alleles act as specialists, with particular alleles providing protection against a given new and quickly evolving pathogen (as in humans). There are some caveats to this story. One is that the predictions are only a reflection of reality, based on benchmarking the predictions made by such algorithms against experimental data from immunopeptidomics (57). Another is that other explanations are possible; a study calculating the number of peptides predicted for class II alleles concluded that promiscuous alleles would appear based on the number of pathogens in particular environments (58).

Another study determined the number of peptides from dengue virus predicted to bind 27 common HLA-A and -B alleles, concluding that there is a wide variation in peptide repertoire that is inversely correlated with stability (59), similar to what was found for chicken class I molecules. Three of the four HLA-B alleles analyzed in the human proteome study were also analyzed in this dengue study and followed the same hierarchy (Figure 2). Interestingly, more HLA-B alleles were found at the fastidious end of the spectrum and more HLA-A alleles were found at the promiscuous end, particularly HLA-A2 variants. It would appear that HLA-A and B alleles have a range of peptide repertoires but perhaps not as wide as in chickens. The fastidious chicken class I molecules typically have three fastidious anchor residues compared to two for human class I molecules, while the promiscuous HLA-A2 variants each allow two or three hydrophobic amino acids compared to five or more for BF2*002:01. Unlike chicken MHC-I molecules, peptide overhangs from human MHC-I molecules are relatively rare and require major re-adjustments of peptide-binding site, such as movement of α-helices that line the groove (60, 61), so this is not likely to be a general mechanism for promiscuity in humans.




Figure 2 | The predictive peptide repertoires for 27 common HLA-A and -B alleles [from (59), Copyright 2013. The American Association of Immunologists, Inc.] compared to the supertypes of these alleles [from (8)] show that the peptide motifs do not correlate well with peptide repertoire for some supertypes.





Mechanisms for Establishing Peptide Repertoires in Human Class I Molecules

The question arises whether the peptide motif determines the peptide repertoire for human class I molecules, given that the APP genes for human class I molecules are more-or-less functionally monomorphic so that all class I alleles will get a wide and promiscuous set of peptides and peptide editing. As mentioned above, supertypes of MHC-I molecules have been defined based on shared peptide motifs and on amino acids lining the pockets of peptide binding sites (8). A comparison of the peptide repertoires presented in the Dengue study (59) with such supertypes (Figure 2) shows that some peptide motifs correlate well with peptide repertoire (for example A2, A3, etc); for example, the alleles falling within the A2 supertype are all found at the promiscuous end of the repertoire. However, alleles from other supertypes (for example A1, A24, and B7), are found across the spectrum of repertoires. Thus peptide motifs do not equate with peptide repertoires, giving the possibility of discriminating between the two designations in terms of contribution towards disease.

A study on the dependence of cell surface expression of HLA-B alleles on TAPBP (also known as tapasin) may give a clue as to the discrepancy between peptide motif and peptide repertoire (62). There are many reports of particular pairs of alleles varying in TAPBP-dependence, and positions in the α2 and α3 domains have been identified that affect this dependence. A hierarchy of dependence was described for 27 HLA-B alleles (63), and a rough correlation with the hierarchy of peptide repertoire was found: fastidious alleles were by-and-large more dependent of TAPBP for cell surface expression, while promiscuous alleles were not (9). Such dependence would fit with the stability of class I molecules mentioned above: Peptide editing by TAPBP leads to the fastidious class I molecules retaining only the peptides that have the highest affinity, while promiscuous class I molecules would bind and move to the cell surface with any peptide with a minimal affinity. Moreover, the authors concluded that tapasin-independent alleles were linked to more rapid progression from HIV infection to death from AIDS (63).

Interestingly, this dependence of TAPBP correlated with the ease of refolding with peptides in vitro (in the absence of TAPBP), with both human and chicken promiscuous alleles refolding more easily (38, 62). Whether chicken class I alleles have the same dependence in vivo is not yet clear, since TAPBP is highly polymorphic, with the TAPBP and BF2 alleles in each haplotype likely to have co-evolved (64).



HLA-C and BF1: Flies in the Ointment?

The fact that there are relationships of cell surface expression, peptide repertoire and resistance to infection disease both for BF2 in chickens and for HLA-A and -B in humans suggested that these are fundamental properties of MHC-I molecules. However, the evidence for HLA-C in humans and BF1 in chickens, which have some intriguing similarities, may not fit this emerging paradigm (9).

HLA-C is the result of an ancient gene duplication of HLA-B, but the two differ in several important ways (22, 23). Both HLA-B and -C molecules are polymorphic, are up-regulated upon inflammation, and bind and present peptides to αβ T cells. However, HLA-B molecules are expressed at the RNA, protein and cell surface levels as well as HLA-A molecules. HLA-B molecules are major CTL ligands on virally-infected cells, but some alleles carrying the Bw4 epitope on the α1 helix of the peptide-binding domain are also recognized by NKRs, specifically the killer immunoglobulin receptors with three extracellular domains (3D KIRs).

In contrast, HLA-C molecules are expressed at a low RNA level and are found at about 10% of the level of HLA-A or -B molecules on the surfaces of cells where all three loci are expressed. However, they are also expressed on extravillous trophoblasts (EVT) in the absence of HLA-A and -B molecules. HLA-C alleles are known as important NKR ligands, by carrying either C1 or C2 epitopes on the α1 helix of the peptide-binding domain, which are recognized by different KIRs with two extracellular domains (2D KIRs). Moreover, different HLA-C alleles have different RNA and cell surface protein levels, for which those with higher expression are correlated with slow progression from HIV infection to AIDs, and with some evidence to suggest that this correlation is due to recognition by CTLs (65, 66). There have been no experiments reported to explicitly test the relationship of peptide repertoire and cell surface expression of HLA-C alleles, but the determination of cell surface expression has been reported to be very complex, including effects of promoters, miRNA, assembly, stability and peptide-binding specificity (67).

Much less is known about the chicken BF1 gene, but it has some similarities to the HLA-C. BF1 molecules are expressed at a much lower level than BF2 molecules, at the level of RNA, protein and antigenic peptide (32, 33). There are far fewer alleles of BF1 than BF2, with ten-fold less BF1 RNA found in most haplotypes and with some haplotypes missing a BF1 gene altogether peptide (32, 33). BF1 is also thought to be primarily an NKR ligand (34), and most BF1 alleles carry a C1 motif on the α1 helix of the peptide-binding domain (68, 69). Examination of sequences suggests that most BF1 alleles have similar peptide-binding grooves, with the few examples of other sequences likely to have been due to sequence contributions from the BF2 locus (C. Tregaskes, R. Martin and J. Kaufman, unpublished). An unsolved question is how BF1 alleles interact effectively with the highly polymorphic TAP and TAPBP alleles, for instance accommodating the very different peptides from translocated by TAPs in different haplotypes. Perhaps the typical BF1 molecule is highly promiscuous, but there are few data for either peptide repertoire or cell surface expression among BF1 alleles.



The Other Side of the Coin: Receptors on Natural Killer Cells

An enormous body of scientific literature describes the very complex evolution, structure and function of NKRs and NK cells in primates and mice (2, 70, 71). Two kinds of NKRs are found in humans, lectin-like receptors found in the natural killer complex (NKC) and the KIRs in the leukocyte receptor complex (LRC). The KIRs are a highly polymorphic multigene family with copy number variation, and share the human LRC with other immunoglobulin-like receptors, including leukocyte immunoglobulin-like receptors (LILRs) and a single receptor for antibodies (Fcμ/αR or CD351). Some of these transmembrane receptors have cytoplasmic tails with immune-tyrosine inhibitory motifs (ITIMs), others have basic residues in the transmembrane region which allow association with signaling chains bearing immune-tyrosine activating motifs (ITAMs), and a few have both. The polymorphic NKRs interact with polymorphic MHC-I molecules, 2D KIRs with HLA-C and 3D KIRs with certain HLA-A and HLA-B alleles. As mentioned above, the interactions of the particular alleles present in LRC and MHC, which are on different chromosomes, lead to differing outcomes, which read out as genetic epistasis with effects on immunity, autoimmunity and reproduction.

In chickens, almost all of the known immunoglobulin-like receptors related to KIRs are found on a single microchromosome, different from the one on which is found the MHC (72, 73). These chicken immunoglobulin-like receptors (ChIRs) include those with activating, inhibitory and both motifs (ChIR-A, -B, and -AB), and 1D, 2D, and 4D extracellular regions. Sequencing studies suggest there can be haplotypes with few ChIR genes in common, suggesting both copy number variation and polymorphism (74–76). However, a gene typing method for 1D domains suggested relatively stable haplotypes, with only some examples of recombination during matings (77). The only molecules that have clear functions are many ChIR-AB molecules that bind IgY, the antibody isotype that acts somewhat like IgG in mammals (78–80). It seems very likely that there are both activating and inhibitory NKRs among these ChIRs, but thus far no data for NKR function. Whether such putative NKRs recognize BF1, BF2, or both is as yet unknown, and whether there is epistasis between the ChIR and MHC microchromosomes is untested.

Among the lectin-like NKR genes located in the NKC in humans and mice are one or more NKR-P1 genes (also known as NK1.1, KRLB1, or CD161) paired with the lectin-like ligands (LLT1 in humans and Clr in mice). In chickens, there are only two lectin-like genes located in the region syntenic to the NKC, and neither of those appears to encode NKRs; one is expressed mainly in thrombocytes (81, 82). However, there is a pair of NKR-P1/ligand genes in the chicken MHC (25, 83), known as BNK (sometimes identified as Blec1) and Blec (sometimes identified as Blec2). The receptor encoded by the highly polymorphic BNK gene was assumed to interact with the nearly monomorphic Blec gene, but a reporter cell line with one BNK allele was found not to respond to BF1, BF2 or Blec, but to spleen cells bearing a trypsin sensitive ligand (84, 85). A trypsin-sensitive ligand on a particular chicken cell line was found to reproduce the result with the reporter cells, but the nature of that ligand remains unknown (E. K. Meziane, B. Viertlboeck, T. Göbel and J. Kaufman, unpublished). Possibilities include other lectin-like genes in the BG region or the Y region of the MHC microchromosome (28, 86).

The effect of peptide repertoire of class I molecules on NK recognition has not carefully examined in either humans or chickens, but some speculations may be worth considering. A wider peptide repertoire may increase the number (although unlikely the proportion) of peptides with appropriate amino acids to affect binding to KIRs and ChIRs, both at the level of response and potentially at the level of education (licensing or tuning), including the recently described phenomenon of cis-tuning (87). However, the increase in breadth of peptide repertoire may be balanced by the decrease of cell surface expression of the class I molecules, which may mean that peptide repertoire may not exert an enormous effect on inhibitory NK responses. In contrast, any increase in peptide repertoire may allow additional pathogen peptides to be recognized by activating NKRs. A special consideration are C-terminal overhangs, which may be particularly frequent in at least some alleles of chicken class I molecules. Such C-terminal overhangs in human class II molecules can directly affect T cell recognition (44), so it is possible that NKR interactions could also be affected.



Conclusions

The simplicity of the chicken MHC has allowed discoveries of phenomena that were harder to discern from analysis of the more complicated MHC of humans and mice (such as the existence of promiscuous and fastidious MHC-I alleles), but comparison between the immune systems of chickens and mammals has been fruitful (as in the development of the generalist-specialist hypothesis). For human MHC-I molecules, peptide motifs (as identified by supertypes) can be separated from peptide repertoire (as defined thus far by peptide prediction), but their impact on NKR recognition has not been tested. Moreover, careful analysis of Pc-1 and Pc-2 residues in promiscuous versus fastidious alleles with respect to peptide repertoire has not yet been carried for either humans or chickens. Given that the most basic understanding of NKR recognition in chickens has yet to gained, the importance of C-terminal peptide overhang from chicken MHC-I alleles for NKR recognition or NK function has not yet been assessed. Thus, it is clear that there is much work to do to understand NK cell function in chickens, and how that function relates to what is known in typical mammals including humans and mice.
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Heritability of Spondyloarthritis (SpA) is highlighted by several familial studies and a high association with the presence of human leukocyte antigen (HLA)-B*27. Though it has been over four decades since the association of HLA-B*27 with SpA was first determined, the pathophysiological roles played by specific HLA-B*27 allotypes are not fully understood. Popular hypotheses include the presentation of arthritogenic peptides, triggering of endoplasmic reticulum (ER) stress by misfolded HLA-B*27, and the interaction between free heavy chains or heavy chain homodimers of HLA-B*27 and immune receptors to drive IL-17 responses. Several non-HLA susceptibility loci have also been identified for SpA, including endoplasmic reticulum aminopeptidases (ERAP) and those related to the IL-23/IL-17 axes. In this review, we summarize clinical aspects of SpA including known characteristics of gut inflammation, enthesitis and new bone formation and the existing models for understanding the association of HLA-B*27 with disease pathogenesis. We also examine newer insights into the biology of HLA class I (HLA-I) proteins and their implications for expanding our understanding of HLA-B*27 contributions to SpA pathogenesis.
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INTRODUCTION

Spondyloarthritis (SpA) is a group of seronegative arthritides, which includes ankylosing spondylitis (AS), psoriatic arthritis (PsA), reactive arthritis (ReA), undifferentiated SpA and enteropathy related arthritis (EA) (1). The global prevalence of SpA ranges from 0.2 to 1.61% in the general population. The numbers depend on the geographic area, the study population, data sources and the case definition used to classify SpA, which has evolved considerably over the years (2). The above subtypes of SpA share several phenotypic characteristics (Figure 1), which include inflammatory lesions in the axial and peripheral joints, enthesitis (inflammation at the insertion sites of tendons and ligaments into the bone), uveitis (inflammation in the eye) and enteritis (inflammation in the small intestine), in varying combinations and frequencies. Clinically, individuals with SpA present with low back ache, alternating gluteal pain and stiffness of the spine, all of which worsen with rest and improve upon exercise. Along with these axial symptoms, individuals with SpA also have inflamed peripheral joints and entheseal sites. The skeletal manifestations are often associated with several extra-articular features in the eye, skin and gut, depending on the subtype of SpA. The features start off insidiously and progress chronically in most of the subtypes of SpA except in ReA. ReA presents with an acute onset of ankle or knee inflammation along with dactylitis (combined inflammation of the joint and soft tissues in fingers or toes), enthesitis, conjunctivitis and skin lesions like keratoderma blennorhagicum (mucous-laden skin lesions) (Figure 1) and circinate balanitis (skin inflammation around the glans penis) (3). PsA is an SpA phenotype which occurs in individuals with psoriatic skin lesions. It is characterized by a variable combination of sacroiliitis (inflammation of the sacroiliac joints), which is usually asymmetrical, oligo (affecting 2–4 joints) to polyarthritis (affecting > 4 joints), enthesitis, dactylitis (Figure 1) and chronic anterior or posterior uveitis (4). AS is considered as the prototype SpA and it presents with bilateral symmetric sacroiliitis, acute anterior uveitis, peripheral arthritis and enthesitis (5). SpA can have varying degrees of bowel inflammation ranging from microscopic asymptomatic colitis to overt inflammatory bowel disease (IBD) in 7–10% of AS and PsA (6). Besides this, 3% of patients with IBD have AS, 10% have subclinical sacroiliac joint involvement and 30% of the cases have SpA-like musculoskeletal symptoms (7).


[image: Figure 1]
FIGURE 1. Clinical manifestations of Spondyloarthritis. (A) Resolving recurrent acute anterior uveitis of right eye in a case of ankylosing spondylitis. Solid arrow: mild circum-corneal congestion. Arrowhead: posterior synechiae. (B) Dactylitis of third toe of the right foot in a case of Psoriatic arthritis. (C) Enthesitis involving the Achilles tendon in a case of ankylosing spondylitis. Solid arrow: retrocalcaneal bursitis, which co-occurs with Achilles enthesitis. Arrowhead: site of plantar fasciitis. (D) Keratoderma blennorrhagica involving the sole of a patient with Reactive arthritis. (E) Psoriasis (arrowhead) with deforming peripheral arthritis of hand joints. Solid arrow: arthritis and deformity of distal interphalangeal joint.


The skeletal manifestations progress from inflammatory lesions to a combination of erosive, destructive and proliferative pathology. The proliferative pathology, characterized by new bone formation, progresses partly independent of the inflammatory process. In particular, the axial skeletal involvement progresses to cause severe disability as a result of irreversible fusion of vertebral bodies and formation of marginal syndesmophytes (calcification and new bone formation in ligaments). This results in a stiff spine referred to as the “bamboo spine” even in patients whose inflammation is fairly controlled. The reason for this progression is still not elucidated and remains as an important unanswered question in the management of SpA.

In inflammatory arthritic diseases, such as Rheumatoid Arthritis (RA), the commonly used and most effective immunosuppressive agents are glucocorticoids (GC) and conventional synthetic disease-modifying anti-rheumatic drugs (csDMARDS). For unknown reasons, these drugs have negligible benefit in SpA. On the other hand, non-steroidal anti-inflammatory drugs (NSAIDs) have excellent efficacy in relieving pain and spinal stiffness in SpA. Besides NSAIDs, monoclonal antibodies against tumor necrosis factor alpha (TNFα) and IL-17 are the current standard of care in SpA (8). Even though these biological agents reduce inflammation, it remains unclear if these drugs can reduce new bone formation. The response to the cytokine-targeted therapies are not uniform and there are a substantial number of patients who do not respond to either of these drugs. It is unclear who will respond to each drug and there is no convincing basis for one drug choice over the other. It is likely that numerous factors including genetic factors have a role in determining the differences in the onset, progress and response to treatment in SpA.

As discussed below, the association between SpA and HLA-B*27 is one of the strongest known associations between an HLA allele and disease. Several studies have highlighted the importance of this association for diagnosis, predicting disease phenotype and prognosis of SpA. However, our current understanding of the pathophysiologic pathways linking HLA-B*27 and SpA is still incomplete. In this review, we summarize the clinical associations between HLA-B*27 in patients with SpA and among their family members. We also examine the role of HLA-B*27 in enthesitis, new bone formation and gut pathology encountered in SpA. Finally, we elaborate on the unique properties of HLA-B*27 and highlight the newer findings related to HLA-B*27 biology which may partially explain the relevance of HLA-B*27 to SpA.



HLA-B*27 AND DISEASE PHENOTYPE OF SPA

The occurrence of AS in a first degree relative (FDR) or other family members of the proband was known much before the identification of HLA-B*27-SpA association (9). The strength of association between HLA-B*27 and various SpA categories are variable (Table 1). The presence of HLA-B*27 results in the onset of AS symptoms at an early age (10, 11). The presence of HLA-B*27 also determines the distribution of inflammation across various organs in SpA. Uveitis, hip arthritis and sacroiliitis are more common among HLA-B*27+ individuals (12), whereas the presence of HLA-B*27 in AS is negatively associated with peripheral arthritis and dactylitis (11).


Table 1. Association of HLA-B*27 and various classes of Spondyloarthritis.
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Recent reports studying the broader classification of SpA, which include the non-radiographic phenotype, have found higher disease activity and worse functional scores in the B*27− patients (11, 13) suggesting that HLA-B*27− patients are likely to have worse disease at baseline, possibly as a result of delay in diagnosis. The presence of HLA-B*27 is likely to result in a prolonged course of illness as reflected by radiographic damage. Studies involving MRI imaging of sacroiliac joints have shown higher structural damage and inflammatory edema among HLA-B*27+ patients (14). Moreover, when followed over several years, the progress in structural damage of sacroiliac joints and the propensity to develop marginal symmetric syndesmophytes along the vertebral column are higher among the HLA-B*27+ individuals (15, 16).

HLA-B*27 is associated with onset of arthritis in individuals who developed psoriasis after 40 years of age (17). The presence of HLA-B*27 is also associated with bilateral sacroiliitis which otherwise is asymmetrical and unilateral in PsA (18). Inflammation in the sacroiliac joints detected by MRI is higher in HLA-B*27+ PsA patients, which is similar to that seen in AS (18). In EA, presence of HLA-B*27 is associated with higher incidence of lower limb arthritis (19).

SpA in children and adolescents are currently classified either as enthesitis related arthritis (ERA) and juvenile psoriatic arthritis (jPsA) or as juvenile Spondyloarthritis (jSpA). The presence of HLA-B*27 among these individuals predisposes to development of skeletal deformities (20). Unlike their adult counterparts, patients with ERA have lower limb-predominant oligoarthritis, and late onset of axial involvement (21).

Overall, the data associate HLA-B*27 with uveitis and early onset disease, with radiologically severe axial manifestation in AS. The non-AS SpA group is predisposed to develop axial and peripheral in the presence of HLA-B*27. Among the jSpA, HLA-B*27 appears to be associated with a poorer prognosis.


Gut Inflammation in SpA

SpA is characterized by inflammation in mainly four tissues, either in isolation or in combination. The gut, entheses, anterior chamber of the eye, and axial skeleton including the sacroiliac, intervertebral, costotransverse and facet joints are the tissues predominantly affected. The gut and entheses are proposed as the sites where inflammation is initiated (22, 23). Evidence garnered from histo/immuno-pathological studies, animal studies, and in vitro cell-based studies involving these tissues have furthered our understanding of SpA and are summarized here.

The epithelial barrier along with the mucosa-associated lymphoid tissue and the microbiota of an individual controls the delicate equilibrium between immune tolerance and activation. The gut involvement in SpA can range from overt IBD, to subclinical microscopic colitis, to dysbiosis in almost all patients with SpA (6, 24). Early experiments demonstrated that HLA-B*27 transgenic mice failed to develop SpA phenotype when reared in a germ-free environment (25). Reports have also shown that HLA-B*27 may alter the composition of the gut microbiota. Bacteroides vulgatus, for instance, is abundantly present in the HLA-B*27 transgenic Lewis lines as compared to the wild-type controls (26). Similarly, studies on gut biopsies of humans with AS have demonstrated higher colonies of certain bacterial communities (Lachnospiraceae, Rikenellaceae, Porphyromonadaceae, and Bacteroidaceae) (27) and a strong positive correlation of genus Dialister (28) and Ruminococcus gnavus (27, 29) with disease activity. The latter study also showed significant differences in microbiota composition between HLA-B*27+ and HLA-B*27− siblings of AS (29), further suggesting a role for B*27 in determining the composition of microbiome in humans. These findings indicate that HLA-B*27 may have a role in altering immune responses by modifying the gut microbiome. The development of gut inflammation in HLA-B*27 transgenic rats can be altered by administering oral antibiotics. This treatment also reduces IL-1α and CCL2 levels and the number of Lin−CD172a+CD43low monocytes, subsets shown to have osteoclastogenic potential (30). A recent study investigating the role of metabolites in the gut of HLA-B*27 transgenic rat found that HLA-B*27 expression alters the intestinal metabolome of rats even before the onset of SpA symptoms. Moreover, administration of microbial metabolite propionate could attenuate development of SpA phenotype in these rats (31). It is, however, still not clear if the dysbiosis is due to inflammation or vice-versa.

Dysbiosis and presence of invasive bacteria in gut of AS alters the gut epithelial and gut vascular barrier along with dysregulated zonulin and tight junction expression. The leakiness due to altered tight junction in the gut results in increased levels of zonulin and bacterial products such as lipopolysaccharide (LPS), LPS-binding protein (BP), and intestinal fatty acid-BP in the serum of patients with AS (32) which can influence the differentiation of circulating monocytes.

The IL-23 and IL-17 pathways are linked to many autoimmune and auto-inflammatory diseases including AS (33–35). Genetic studies have suggested links between IL-23R, autoimmunity (33), gut inflammation (36) and AS (34), and some studies have reported increased IL-23 expression in AS (37, 38). Overexpression of IL-23 in the gut is thought to be a marker of intestinal inflammation, with Paneth cells (PC) being a major source of IL-23 (37). Studies with HLA-B*27 transgenic rats have demonstrated links between HLA-B*27 misfolding, the unfolded protein response (UPR) and IL-23 hyper-production (39). Other studies have indicated that misfolding of HLA-B*27 induces autophagy in the gut and downstream regulation of the production of IL-23 in AS (40). IL-23 can then activate Th17 cells, ILC3 cells, mucosal-associated invariant T (MAIT) cells, and γδ T cells involved in type 3 immunity (41). Overall, it seems that HLA-B*27, dysbiosis and activation of the IL-23/IL-17 axis at the gut are primal for inducing inflammation at remote sites including the joints and enthesis. However, the presence of all the SpA features including gut inflammation in HLA-B*27− SpA suggests that the precise role of B*27 in regulating the IL-23/IL-17 axis needs to be further explored. Other possible links between HLA-B*27 and IL-23/IL-17 axis will be further discussed below.



Enthesitis in SpA

The enthesis is a fibrocartilaginous part of a ligament or tendon that inserts to the bone surface. Besides acting as a structure anchoring the muscle, tendon or capsule to the bone, the enthesis is a complex organ that efficiently transmits mechanical forces from muscles to bones across joints. Chronic inflammation of the entheseal complex (enthesitis) is a common clinical occurrence in SpA. In patients with SpA, enthesitis in the lower limbs (Achilles tendon and plantar fascia) is more common than that in upper limbs, probably due to the microtrauma burden at the former sites. In the TNFΔARE mouse, which lack on-off regulation of TNF biosynthesis (42), enthesitis and new bone formation were promoted only upon inducing biomechanical stress (43), suggesting a key role for mechanical stress in the pathogenesis of SpA. Indeed, many sites subject to high mechanical stress, including the aortic root, the ciliary body of the eye, skin extensor surfaces, and the lung apex are target sites in the SpA group of diseases (44).

IL-23 seems to play an important role in precipitating enthesitis and resulting bone remodeling in SpA. Sherlock et al. found that entheseal sites of mice expressing IL-23 contained a population of CD3+CD4−CD8−IL-23R+, RAR-related orphan receptor γt (ROR-γt)+ T cells. They further demonstrated that IL-23 overexpression was sufficient to precipitate enthesitis which predated the structural changes in joints, induced by prolonged inflammation. The IL-23 mediated pathology was dependent on the presence of CD3+CD4−CD8−IL-23R+ROR-γt+ T cells and was independent of the presence of CD4+ T cells including the Th17 cells. IL-23 induced expression of TNFα, IL-17 and IL-22 by the newly described subset of entheseal T cells (45). Furthermore, IL-22 was the dominant effector cytokine driving bone remodeling at the site of entheseal inflammation (45).

The clinical trial results of anti-IL-23 and anti-IL-17 in SpA indicate different effects. While anti-IL-17 agents had good outcomes in patients with axSpA (46, 47), anti-IL-23 agents failed to show benefits over placebo (48, 49). On the other hand, IL-23 inhibitors were beneficial in treating enthesitis in PsA (50), but the efficacy in improving arthritis and axial symptoms was not as impressive as those with anti-TNFs (46). These results have led to several untested hypotheses about the role of IL-23 in SpA. IL-23 may be an initiator for IL-17A and TNFα release, and axSpA may represent a chronic and mature form with a predominant IL-17-related phenotype. The other hypothesis is that the pathways driving the axial inflammation and peripheral inflammation have distinct etiologies and that IL-23 predominantly drives the peripheral SpA phenotype.

Another important finding in SpA is the detection of innate-like lymphocyte 3 (ILC 3) cells and γδ T cells at entheseal sites. Human entheses are shown to contain ILC3, based on expression of RORγt and IL-23R, and these cells induced IL-17A transcripts upon stimulation with IL-23 and IL-1β (51). These experiments were carried out on entheseal tissues of healthy individuals who had spinal surgeries and whose HLA-B*27 status was not known. It remains to be elucidated whether and how HLA-B*27 and chronic inflammation will alter this response. γδ T cells are also known to be a major source of IL-17 and TNFα. Experiments using mouse models and human enthesis have demonstrated that subsets of entheseal γδ T-cells may be maintained as self-renewing tissue resident cells. These cells upregulate IL-17A production in an IL-23-independent (52) or dependent (53) manner when activated, making them important players in local inflammation. Even though an earlier study in humans showed higher levels of IL-23R+ γδ T cells in the peripheral blood of HLA-B*27+ AS patients (54), their role as entheseal resident cells in humans is yet to be established. Biomechanical or unknown infective stressors are likely the triggers for enthesitis. These stressors possibly trigger IL-23-mediated responses at the entheseal site, which is self-perpetuating in some cases leading to widespread inflammation. More precise information about the entheseal resident cell populations, their interactions with HLA-B*27 and their role in injury and healing may provide us with better insights into the pathophysiology of enthesitis in SpA.



New Bone Proliferation

In SpA, the process of intense inflammation and repair is accompanied by formation of bony spicules from the underlying trabecular bone. New bone formation is not limited to HLA-B*27-mediated disease. Non-HLA-B*27 transgenic animal models like the Dilute, Brown and non-Agouti (DBA) 1 (55), Ankylosing enthesopathy (ANKENT) mice (56), and mouse models with overexpression of IL-23 show evidence of new bone formation, while TNF overexpressing models like the TNFΔARE mice do not show osteoproliferation (43, 45). Data from long term follow-up of patients treated with anti-TNF agents have not been conclusive about prevention of osteoproliferation (57). These findings suggest that there are factors beyond inflammation that are likely to result in new bone formation. The presence of HLA-B*27 appears to increase the severity and magnitude of osteoproliferation in AS (15, 16) and PsA (18). Inflammation, neoangiogenesis, and new bone formation are visualized in clinical practice even in asymptomatic entheseal sites of SpA patients using ultrasound power doppler, MRI, and radiographs, and are HLA-B*27-dependent (58). The process of new bone formation in AS appears to be a result of trans-differentiation followed by ossification of cartilage and direct bone formation (59). The common understanding is that new bone formation is facilitated by bone morphogenic proteins (BMPs) and Wnt proteins. In DBA/1 mice, new bone formation was driven by BMP signaling, which was inhibited by Noggin, a BMP antagonist (60). Studies in humans using immunohistochemistry of synovial tissue showed higher expression of BMP-2 and BMP-6 in inflamed SpA tissue, but not non-inflamed tissue (61). These genes were up-regulated in fibroblast-like synoviocytes by IL-1β and TNFα, which are important cytokines in SpA pathogenesis. Another study in AS patients showed abnormal secretion of Noggin and BMP2, by mesenchymal stem cells (MSC), causing an imbalance that is suggested to induce abnormal osteogenic differentiation (62). The IL-17 and IL-22 accumulated at the enthesis during acute inflammation may also facilitate the proliferation, migration and osteogenic differentiation of MSCs (63).

As noted above, Sherlock et al. attributed new bone formation to be IL-23 and IL-22 driven (45). Some recent studies have shed light on a potential direct pathway linking HLA-B*27 and osteoproliferation. Expression of HLA-B*27:04 and B*27:05 but not B*07:02 along with human beta2-microglobulin (hβ2m) in Drosophila resulted in the loss of cross veins in the wings. This phenotype resulted from a dominant-negative effect on the BMP receptor saxophone, and elevated phosphorylation of a Drosophila receptor mediated Smad. The human saxophone ortholog ALK2 and HLA-B*27 were shown to interact in lymphoblastoid cells from AS patients. Active ALK2 inhibits BMP signaling via phosphorylation of Smads. HLA-B*27-mediated inhibition of ALK2 is suggested to result in uncontrolled activation of TGF-β/BMP signaling pathway, resulting in osteoproliferation (64). Yet another study using MSCs from the spinal entheseal sites of AS patients demonstrated that mineralization of MSCs was increased by the HLA-B*27–mediated spliced X-box–binding protein 1 (sXBP1)/retinoic acid receptor-β (RARB)/tissue-nonspecific alkaline phosphatase (TNAP) axis (65). Further elucidating the relationship between HLA-B*27 and the ALK2 and TNAP axes will be important for a better understanding the pathogenesis of new bone formation in SpA.




ROLE OF HLA-B*27 IN SPA PATHOGENESIS

HLA-I molecules are highly polymorphic, comprising a heavy chain, a light chain [β2-microglobulin (β2m)] and a short peptide. The connections between HLA-B*27 and SpA must correlate with their distinct properties from the other HLA-I allotypes. HLA-B*27 allotypes have a preference for peptides with an arginine at the P2 position, as do some other allotypes. A genetic study argues that the strongest association with SpA was a unique asparagine at residue 97 in HLA-B*27, which lies on the floor of the peptide-binding groove and determines the specificity for C-terminal residue of the peptide (66). In addition, quantitative repertoire differences at the peptide C-terminus were also identified between SpA-linked and non-SpA-linked HLA-B*27 allotypes (67). If peptide specificity is the basis for connection between HLA-B*27 and SpA, C-terminal residues might be critical. On the other hand, different from many other HLA-I allotypes, HLA-B*27 allotypes have a free cysteine at the residue 67, which was shown to promote the formation of misfolded versions, including free heavy chains (FHC) and intermolecular disulfide bond-mediated heavy chain homodimers (B*272) (68). It was reported that the non-SpA-linked allotype HLA-B*27:09 show reduced HLA-B*27 dimer formation, compared with SpA-associated HLA-B*27 allotype HLA-B*27:05 (69). However, a more recent study examining the abilities of eight HLA-B*27 allotypes to form homodimers suggests that homodimer formation does not reflect different associations with SpA (70). In line with these features of HLA-B*27, there are three main hypotheses of the role played by HLA-B*27 in SpA pathogenesis, as illustrated in Figure 2.
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FIGURE 2. Possible roles of HLA-B*27 in the pathogenesis of AS. After transport into the ER by the transporter associated with antigen processing (TAP), peptides are assembled onto nascent MHC class I molecules by the peptide loading complex (PLC), comprising TAP, tapasin (Tpn) calreticulin (CRT) and ERp57, and further trimmed by ERAP. The presence of certain ERAP haplotypes results in a significantly decreased number of peptides optimal for HLA-B*27, leading to accumulation of misfolded proteins in the ER or expression of sub-optimally or neoantigen-loaded HLA-B*27 on the cell surface. Neoantigen loaded HLA-B*27 on the cell surface could induce activation of CD8+ T cells. Protein misfolding in the ER can cause ER stress and activation of the unfolded protein response (UPR) to induce IL-23 secretion. IL-23 further activates the IL-23/IL-17 axis. On the other hand, free heavy chains or disulfide bond-linked homodimers of HLA-B*27 can be formed and expressed on the cell surface during HLA-B*27 recycling via the endocytic pathway. Engagement of these aberrant species by KIR3DL2 on the surface of Th17 cells is known to enhance their survival, proliferation, and IL-17 expression. IL-17 can promote the release of proinflammatory cytokines to establish inflammation.



Arthritogenic Peptide Theory: HLA–B*27 Presents Specific Antigens to CD8+ T Cells

Given the strong associations between SpA and HLA-B*27 and the major role of HLA-I in antigen presentation to CD8+ T cells, SpA was initially considered as a disorder of adaptive immunity. The “arthritogenic peptide theory” proposed that, under certain conditions, some HLA-B*27 allotypes present self-peptides to specific CD8+ T cells, causing damage to self-tissues. An early study showed that higher levels of CD8+ T cells in the entheses of SpA patients (71). A recent study also showed that CD8+ T cells are recruited to synovial fluid from the blood of AS patients (72). Additionally, self-peptide-responsive CD8+ T cells have been identified in the peripheral blood mononuclear cells (PBMCs) or synovial fluid of some AS patients (73, 74). However, the arthritogenic peptide theory is challenged by the findings in transgenic rat models. Onset and severity of SpA manifestations were not affected in CD8α-deficient rat model (75), indicating that CD8+ T cells are not essential for the development of SpA, nudging investigators to look beyond the classical functions of MHC-I molecules to better understand disease precipitation.



HLA-B*27 Induces ER Stress

Based on recent models, SpA is suggested to be more related to innate rather than adaptive immune responses. As described above, specific properties of HLA-B*27 are known to cause the accumulation of unfolded and misfolded HLA-B*27 in the ER, which are suggested to potentially activate UPR. UPR is a set of intracellular pathways that signal the presence of ER stress upon sensing of misfolded proteins. Sustained over-activation of the UPR has been implicated in multiple inflammatory diseases. The possible relationship between HLA-B*27 misfolding, UPR and SpA pathogenesis was first investigated in an HLA-B*27 transgenic rat models. The rat line 33-3 expressing 55 copies of HLA-B*27:05 and 66 copies of hβ2m had predominant gut disease. High copies of B*27 in this model lead to protein misfolding in the ER resulting in UPR activation in bone marrow-derived macrophages and in the gut. In contrast, similar experiments with HLA-B*07, which is from a different supertype with different folding properties, did not show HLA-I misfolding and UPR activation (76). HLA-B*27 misfolding-activated UPR in bone marrow-derived macrophages augmented IL-23 expression induced by LPS. Increase of UPR in the colon of HLA-B*27 transgenic rats was associated with increased activation of the IL-23/IL-17 axis (39). These findings provide possible links between HLA-B*27 misfolding and dysregulation of immune responses in SpA patients. However, inconsistent with the HLA-B*27 misfolding-UPR theory, increasing β2m copy numbers (which promotes HLA-B*27 folding in the ER and mitigates UPR) enhanced the severity of AS symptoms in HLA-B*27 transgenic rats (77). These results argue against the crucial role of HLA-B*27 misfolding in the ER for SpA development.

Studies from human subjects are also inconclusive. While in one study, elevated ER stress and UPR activation was observed in monocytes/macrophages from peripheral blood and synovial fluid of AS patients (78), ER stress or UPR activation was not seen in other studies with peripheral blood monocyte-derived macrophages from HLA-B*27+ AS patients (79, 80). UPR activation was also not observed in the gut of individuals with AS (40). Of note, HLA-B*27 has recently been shown to lower the threshold for UPR induction, and UPR might be activated in AS patients by a combination of HLA-B*27 misfolding and infection by certain bacteria (81). In addition, there appears to be a relationship between autophagy and IL-23 expression in the ileum of HLA-B*27+ AS patients (40).



Cell Surface HLA–B*27 FHC and B*272 Regulate Immune Responses

HLA-B*27 FHC or B*272 are expressed on the cell surface, and these aberrant forms of HLA-B*27 could be generated in the endosomes during the constitutive recycling of the cell surface HLA-B*27 molecules (82). These non-conventional HLA-B*27 conformers are suggested to be more readily detected in HLA-B*27+ AS patients than HLA-B*27+ healthy donors (83). Inhibiting HLA-B*272 with the monoclonal antibody HD6 prevented IL-17 secretion by PBMCs from HLA-B*27+ SpA patients (83). These findings suggest cell surface aberrant HLA-B*27 conformers might be induced in SpA and play important roles in SpA pathogenesis.

Leukocyte immunoglobulin (Ig)-like receptors (LILR), such as LILRA1, LILRB2 (84), and LILRB5 (85) are shown to recognize HLA-B*27 FHC or B*272. B*272 also binds to the paired immunoglobulin-like receptors (PIR) in rodents (86), which share homology in their ligand binding domains to the LILR families in humans. How the interaction between B*272 and LILR/PIR connects to enhanced inflammation is not yet well-established. On the other hand, HLA-B*27 FHC and B*272 were reported to bind the killer cell immunoglobulin-like receptor (KIR)-KIR3DL2 more strongly than other ligands (87). Engagement of KIR3DL2 by B*272 promotes the survival of KIR3DL2+ NK cells, and peripheral blood NK cells from SpA patients showed higher cytotoxicity than those from RA patients and healthy controls (88). In addition to NK cells, KIR3DL2 is also expressed on CD4+ T cells. The engagement of KIR3DL2 by HLA-B*27 FHC and B*272 was shown to increase the survival and proliferation of Th17 cells from AS patients (89), consistent with the finding that Th17 cells are enriched in the peripheral blood and synovial fluid of patients with early axSpA (90). Importantly, if the interaction between aberrant HLA-B*27 conformers and a specific receptor is critical for AS pathogenesis, this receptor is likely to be conserved across species, given that HLA-B*27 induces AS or AS-like disease in both human and rodent animals.



Role of ERAP

Although there is a strong association between HLA-B*27 and AS, a majority of the HLA-B*27 individuals never develop disease, implying that HLA-B*27 is not the only risk factor. In addition to cytokine pathways discussed previously, GWAS studies have shown that the ER aminopeptidase ERAP1 has strong genetic association with AS, in addition to HLA-B*27 (34). ERAP1 and ERAP2 are ER-localized aminopeptidases, which trim ER peptides at the N-terminus to produce peptides of optimal length for HLA-I binding and presentation (91). ERAP1 association is only significant in specific subsets of individuals who are HLA-B*27+ (92) or HLA-B*40+ (66), implying that AS development depends on the combined effect of HLA-B and ERAP1. The association between ERAP1 and HLA-B*27 has been widely studied. As an ER-localized aminopeptidase, ERAP1 influences both the quality and quantity of peptides available for HLA-B*27 in the ER, and thus, influences the peptide repertoire of HLA-B*27 expressed on the cell surface. ERAP1 single nucleotide polymorphisms (SNP), which are distinctly associated with AS, are proposed to cause differences in peptide cleavage efficiency and substrate selectivity, further emphasizing the importance of peptide loading of HLA-B*27 in AS pathogenesis. The most significant ERAP polymorphisms associated with AS include rs30187, that encodes the K528R variant, and rs27044, that encodes the Q730E variant (33, 93). In general, K528 is associated with more efficient cleavage, while Q730 is associated with increased preference for shorter peptides. However, the effect of each residue on peptide cleavage efficiency is not absolute, but rather is dependent on ERAP1 polymorphisms at other residues (94, 95). Early studies have shown that ERAP1 allotypes with high cleavage efficiency are risk factors for AS development, while allotypes with diminished activity are protective. Follow-up studies from Reeves et al. suggest that, based on their cleavage efficiencies, ERAP1 variants can be roughly divided into hyperactive (over-trimming), normal and hypoactive (inefficient trimming) allotypes. Hyperactive allotypes are always detrimental and hypoactive allotypes are detrimental when two are co-expressed, and these scenarios are uniquely present in AS patients (95). The study also found that ERAP1 allotype combinations from AS patients are less efficient in promoting HLA-B*27:05 expression than those from non-AS controls, suggesting abnormal peptide cleavage (either too strong or too weak) and inefficient peptide loading of HLA-B*27 are responsible for AS onset (95). However, this theory was challenged by analysis of ERAP1 SNP haplotypes from a larger cohort of AS patients and RA controls, which argues that ERAP1 allele combinations in AS patients reported by Reeves et al. are pretty rare, and that most ERAP1 allele combinations from AS patients are shared with RA controls and do not necessarily contain one hyperactive allotype or two hypoactive allotypes (96). Clearly, further studies are needed to better understand ERAP variant prevalence and functions in SpA.

One possible consequence of the presence of risk ERAP1 allotypes is that they exclusively produce arthritogenic peptides, while the other possible consequence is that they induce HLA-B*27 misfolding and expression of aberrant forms of HLA-B*27, resulting from abnormal peptide trimming in the ER, which causes a shortage of optimal peptides for HLA-B*27 loading. The current data on the effect of ERAP1 polymorphisms on the cell surface expression of misfolded HLA-B*27 are still controversial (97–99). This is at least in part due to the complex effects of polymorphic residues on the function of ERAP1. Predictions of the cleavage efficiencies of ERAP1 allotypes based on individual residue occurrences, frequently adopted in the literature, may not be fully accurate, and the effects of altered cleavage efficiencies could be variable for different HLA-B allotypes. In addition, the combined effects of ERAP1 and ERAP2 should be considered. ERAP1 and ERAP2 can form heterodimers to trim peptides with enhanced efficiency (100). Polymorphisms of ERAP2 also affect its activity (91) and thus the genotype of ERAP2 is an important consideration while studying the effect of ERAP1 on HLA-B*27 misfolding.




CONCLUDING REMARKS

HLA-B*27 associated with the development of articular and extra-articular manifestations of SpA. Presence of HLA-B*27 also drives structural damage in the axial skeletal of individuals with axSpA. These clinical associations have brought to focus the role of HLA-B*27 in the pathogenesis of SpA. Since HLA-I molecules are highly polymorphic, the unique properties of HLA-B*27 have drawn much attention. Accumulating evidence implicates HLA-B*27 molecules in disease through a number of mechanisms, including presenting arthritogenic peptides, misfolding and induction of UPR, and producing aberrant conformers on the cell surface that engage innate immune receptors. However, the primary causal factor is yet to be identified. Misfolding and aberrant structural variants of HLA-B27 are linked to the IL-23/IL-17 axis, which was shown to be critical from GWAS studies and trials of novel biologic therapies. Recent advances indicate that SpA is caused by a combination of HLA-B*27 and other genetic factors. It is important to recognize that, although the association with HLA-B*27 is strong, various forms of SpA also occur in individuals carrying other HLA-B alleles. Studies of the common characteristics of HLA-B*27 with such allotypes might shed further light on the pathogenesis of SpA.
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A/B nomenclature HT code 3DL3 2DS2 2DL2 2DL3 2DP1 2DL1 3DP1 2DL4 3DL1 2DS4 3DS1 2DL5 2DS3  2DS5 2DS1 3DL2 Frequency

cB02~tA01 P10.08 003 001c 003 NEG NEG NEG 00ic 001 002 001c NEG NEG NEG NEG NEG 002c 0.029046
CAO1~AOT P10_.01 001 NEG NEG 002 003 00ic 006 008 004 006 NEG NEG NEG NEG NEG 005 0.023675
CAO1~AO1 P10.01 002 NEG NEG 001 NEW 003c 00ic 011 005 010 NEG NEG NEG NEG NEG 001c 0.023363
CcAO1~AO1 P10_.01 001 NEG NEG 001 002 003c 00ic 001 015c 001c NEG NEG NEG NEG NEG 002c 0.022692
CAO1~AO1 P10.01 009 NEG NEG 001 NEW 003c 00ic 011 005 010 NEG NEG NEG NEG NEG 001c 0.020308
CcAO1~AO1 P10.01 008 NEG NEG 001 005 003c 00ic 008 001c 003 NEG NEG NEG NEG NEG 001c 0.017089
cBO1~tBO1 P10.06 003 001c 001 NEG 001 004 001c 005 NEG NEG 013c 002c+002c 001c+002 NEG 002c 007 0.014089
CAO1~AO1 P10.01 001 NEG NEG 002 003 00ic NEW 001 002 001c NEG NEG NEG NEG NEG 002c 0.012025
CAOT~AOT P10.01 009 NEG NEG 001 002 003c 001c 011 005 010 NEG  NEG NEG ~NEG NEG 010 0012025
CcAO1~AO1 P10.01 018 NEG NEG 002 003 00ic 006 008 004 006 NEG NEG NEG NEG NEG 009 0.009494
CAOT~AOT P10.01 013 NEG NEG 002 003 00ic NEW 006 007c 004 NEG  NEG NEG NEG NEG 008 0.008861
CAO1~tAO1 P10.01 019 NEG NEG 002 003 00ic 006 008 004 006 NEG NEG NEG NEG NEG 005 0.008861
CAOT~AO1 P10.01 001 NEG NEG 002 003 00ic NEW 008 001c 003 NEG  NEG NEG  NEG NEG 001c 0.008861
CAO1~AO1 P10_.01 002 NEG NEG 001 002 003c 00ic 008 001c 003 NEG NEG NEG NEG NEG 001c 0.008769
cA01~tBO01 P10.03 001 NEG NEG 001 002 003c 00ic 005 NEG NEG 013c 001c NEG 002 002c 007 0.007493
CAO1~AO1 P10.01 001 NEG NEG 002 003 00ic 006 011 005 010 NEG NEG NEG NEG NEG 001c 0.007104
CAOT~AOT P10.01 002 NEG NEG 001 005 003c 00ic 008 00ic 003 NEG  NEG NEG ~ NEG NEG 001c 0.006962
CcA01~tBO01 P10.03 009 NEG NEG 001 002 003c 00ic 005 NEG NEG 013c 001c NEG 002 002¢c 007 0.006842
cBO2~A01 P10.08 003 001c 003 NEG NEG NEG 00ic 008 001c 003 NEG NEG NEG NEG NEG 001c 0.006329
CAO1~AO1 P10.01 001 NEG NEG 002 003 00ic 005 001 002 001c NEG NEG NEG NEG NEG 002c 0.006329

Framework genes are shaded in gray. Alleles of present loci are indicated in bold letters. A/B haplotype nomenclature according to Pyo et al. (48). HT code, code of the copy number
haplotype pattern (see Supplementary Information S2); ¢, centromeric; t, telomeric; ~, point of separation between framework genes KIR3DP1 and KIR2DLA,
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3DL3 2DS2 2DL2 2DL3 2DP1 2DL1 3DP1 2DL4 3DL1 2DS4 3DS1 2DL5 2DS3 2DS5 2DS1 3DL2 Frequency HTcode A/B nomenclature

1 0 0 1 b 1 i 1 1 1 0 [ 0 0 0 1 0.69564  P10_01 CAO1~tAO1

1 1 1 0 0 0 1 1 1 1 o 0 0 0 0 il 0.09810  P10_08 cBO2~tA01

1 0 0 1 1 1 1l 1 0 0 1 1 0 1 1 1 0.07603  P10_03 cA01~tBO1

1 1 1 0 1 1 il 1 i 1 o) 1 1 0 0 il 0.05190  P10_04 cBO1~tAO1

i 1 1 0 1 1 1 1 0 0 1 2 2 0 1 1 0.02870 P10_06 cBO1~BO1

1 1 1 0 1 1 1 1 0 0 1 2 1 1 1 1 0.01518  P10_07 cBO1~tBO1

1 ] 1 0 0 0 1l 1 0 0 1 1 0 1 1 il 001266  P10_10 cB02~tBO1

1 0 0 1 1 1 1l i 0 0 1 1 1 0 1 1 001245  P10_02 cA01~BO1

1 1 1 0 0 0 1 1 0 0 1 1 1 0 1 1 0.00253  P10_09 cB02~BO1

1 1 1 0 i 1 2 2 1 1 1 1 ¥ 0 0 1 0.00253  J12_13 B~

1 [ 0 1 i [ 0 0 0 0 o [ 0 o 1 0 000258 J12.22 CA'~B*

1 1 1 0 0 0 0 0 0 0 0 1 0 1 £} 1 0.00190  J12_12 cB*~B*

1 0 0 1 1 [ 1 1 1 1 o [ o [¢] [¢] 1 000127 J12_27 CA*MAT

1 1 0 1 i 1 1l il 1 1 0 0 0 0 0 1 0.00127  J12.53 cB*~tA1

il 0 1 0 0 0 il 1 1 1 0 [ 0 0 0 1 0.00127  J12_65 CA*~AT

1 o 0 1 il 1 0 0 0 1 o 0 0 0 [ 1 0.00083 P12.01  cAO1~tAO1-dels
1 0 0 1 1 1 2 2 0 0 2! 1 0 1 1 il 0.00083  J12.28 CA'~B"

i 1 1 0 0 1 1 il 1 o | 0 [ 0 0 0 1 0.00063 P12_04 cBO1[tAO1-deld
0 0 0 ¥ 1 1 1 1 1 1 0 0 0 0 0 1 0.00083  J12_60 CcA*~MAT

1 0 0 1 1 1 2 2 1 1 1 0 0 0 0 il 0.00083  J12_16 cA~th

1 1 1 0 0 0 2 2 1 1 1 0 0 0 ) il 0.00083  J12_30 cBO2JtAO1-ins4

Framework genes are shaded in gray. /B haplotype nomenclature according to Pyo et a. (48, 50) was added where the assignment was possible. HT code, code of the copy number
haplotype pattern; c, centromeric; 1, telomeric; ~, point of sepration between framework genes KIRSDP1 and KIR2DL4; ", affiation to a general A or B structure but deviation from the
established nomenclature; *, distinction between A and B not possible.
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Allele group Alleles

MICA

MICA"0094# MICA*009, MICA"049

MICA"010# MICA*010, MICA*065, MICA*069
MICA*027# MICA*027, MICA*048

micB

MICB*004# MICB*004, MICB*028

MICB*005# MICB*003, MICB*005, MICB*006, MICB*010
MICB*014# MICB*014, MICB*015

Allles which cannot be distinguished from each other by the workflow are combined in
an allele group marked with a hash symbol (#).
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MHC-A MHC-B MHC-C
# genes KIR-epitopes # genes KIR-epitopes # genes KIR-epitopes
Human 1 A3/A11, Bw4 1 Bw4, C1 1 C1,C2
Chimpanzee 1 - 1 Bw4, C1 1 C1,C2
Bonobo 1 e 1 Bw4, C1 1 c2
Gorilla 129 Bw4 1-2 Bw4, C1 1 C1,C2
Orangutan 1 = 2-4 Bw4, C1 0-1 C1
Macaque 1-3 Bw4, Bw6 1-3(<19) Bw4, Bw6 - -

Indicated are the number of genes present on a single chromosome and the KIR-recognizing epitopes that may be encoded by allotypes. The frequencies of the
different epitopes vary per gene and species. In macaques, on average 1-3 MHC-B genes are highly transcribed (majors), whereas the total number of genes on a
single MHC haplotype can reach up to 19 copies, including low transcribed genes (minors) as well as pseudogenes (15-20). *Gorilla’s have an additional MHC-A related

gene, named Gogo-Oko.
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Lineage | Lineage Il Lineage Ill Lineage V Total
Inhibi- Activa- Pseudo- | Inhibi- Activa- Pseudo- | Inhibi- Activa- Pseudo- | Inhibi- Activa- Pseudo- | Inhibi- Activa- Pseudo- | Total
tory ting* gene tory ting gene tory ting gene tory ting gene tory ting gene

Human Hosa 2 1 0 2 1 0 3 5 2 1 0 0 8 Z 2 17
Chimpanzee Patr 1 1 0 1 0 0 6 3 0 1 0 0 9 4 0 13
Bonobo Papa 1 1 0 3 1 0 2 0 0 1 0 0 ] 2 0 g
Gorilla Gogo 1 1 0 1 0 0 B 1 0 1 0 0 8 2 0 10
Bornean Popy 1 1 0 1 1 0 2 3 0 1 0 0 5 5 0 10
orangutan

Sumatran Poab 1 1 0 1 1 0 3 3 0 1 0 0 6 5 0 11
orangutan

Rhesus Mamu 0 1 0 31 23 0 1 0 1 1 0 0 33 24 1 58
macaque

Cynomolgus Mafa 0 1 0 26 30 0 1 0 1 1 0 0 28 31 1 60
macaque

*KIR2DL4 is considered an activating KIR gene.
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Diseases

Ankylosing Spondylitis (AS)

Non-Radiographic Spondyloarthritis (Nr-SpA)
Reactive arthritis (ReA)
Psoriatic Arthritis (PsA)

Enteropathy/Inflammatory bowel diseases
related arthritis (EA/ IBD-SpA)

Enthesitis related arthritis (ERA)

Undifferentiated peripheral Spondyloarthritis
(USPA)

HLA-B*27
frequency

75-90% (12)

75-90% (11,18)
30-60% (3)
20-50% (18)

10-40% (7)

50-80% (21)

25-70%

Comments

Prototypical SpA, which is classified based on the modified New York
criteria, heavily banks on X-ray changes of sacrailiac joints.

This subclass was earlier classified as undifferentiated SpA.

Few reports have linked HLA-B"27 with chronicity of ReA.

HLA-B"27 positive patients with psoriatic arthritis have higher incidence of
enthesitis, dactylitis and symmetric sacroilitis.

HLA-B"27 is likely to increase the likelihood of having axSpA features in
those with inflammatory bowel disease.

The juvenile counterpart of spondyloarthits. They have predominant oligo
arthritis in the beginning and a few patients gradually progress to have axial
symptoms in the early adulthood.

This class is now limited to enteropathy related arthritis without overt
features of IBD or PsA before the onset of psoriatic skin lesions.
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Loci

2DL1-3DP1
2DL2-2DP1
2DL3-2D0L1
2DL3-20L1
2DL3-2DP1
2DL3-3DP1
2DL4-2DL5
2DL4-2DS1
2DL4-2D84
2DL4-2D84
2DL4-2DS4
2DL4-2085
2DL4-3DL1
2DL4-3DL1
2DL4-3DL1
2DL4-3DL1
2DL4-3DL2
2DL4-3DL2
2DL4-3DS1
2DL5-2D0S5
2DP1-2DL1
2DP1-3DP1
2DS2-2DL2
2DS4-3DL2
3DL1-2DS4
3DL1-2084
3DL1-2DS4
3DL1-2084
3DL1-3DL2
3DL3-2DL3
3DL3-2D0L3
3Ds1-2DS1

Haplotype ab

2DL1*001¢-3DP1*006
2DL2001-2DP1*001
2DL3*001-2DL1*003¢c
2DL3"002-2DL1*001c
2DL3"002-2DP1*003
2DL3"002-3DP1°006
2DL4*006-2DL5*001¢c
2DL4*005-2D81*002¢
2DL4*008-2DS4"006
2DL4*001-2DS4*001¢c
2DL4"011-2D84°010
2DL4"005-2DS5"002
2DL4*008-3DL1°004
20L4"011-3DL1*005
2D1L4*008-3DL1*001¢c
2DL4*001-3DL1*002
2DL4*001-3DL2"002¢
2DL4*005-3DL2°007
2DL4"006-3D81"013¢
2DL5"001¢-2DS5*002
2DP1*002-2DL1*003¢c
2DP1*003-3DP1*006
2D$2*001¢-2DL2*003
2D84*001¢-3DL2°002¢
3DL1004-2DS4°006
3DL1"001¢-2DS4°003
3DL1"005-2D84°010
3DL1"002-2D84°001¢
3DL1*002-3DL2*002¢c
3DL3"002-2DL3°001
3DL3"009-2DL3°001
3D81*013¢c-2D81*002¢

f (ab) observed

0.1691
0.1038
0.3794
0.2916
0.2871
0.1661
0.1078
0.1056
0.1908
0.1899
0.1595
0.1272
0.1737
0.1699
0.1620
0.1039
0.1705
0.1658
0.1810
0.1127
0.1967
0.1572
0.1023
0.1712
0.1766
0.1634
0.1563
0.1060
0.1074
0.1203
0.1047
0.1039

f(a)

0.3080
0.1395
0.4107
0.3036
0.3036
0.3036
0.1882
0.1882
0.3646
0.2106
0.1772
0.1882
0.3646
0.1772
0.3646
0.2106
0.2106
0.1882
0.1882
0.1134
0.2070
0.3063
0.2180
0.1971
0.1791
0.1656
0.1724
0.1104
0.1104
0.1207
0.1082
0.1908

f(b)

0.1681
0.1095
0.4004
0.3080
0.3063
0.1681
0.1134
0.1127
0.1975
0.1971
0.1620
0.1354
0.1791
0.1724
0.1656
0.1104
0.1794
0.1767
0.1908
0.1354
0.4004
0.1681
0.1067
0.1794
0.1975
0.1810
0.1620
0.1971
0.1794
0.4107
0.4107
0.1127

D

0.9225
0.9400
0.9109
0.9428
0.9214
0.9830
0.9388
0.9223
0.9466
0.9532
0.9810
0.9252
0.9523
0.9822
0.9656
0.9250
0.9367
0.9241
0.9524
0.9925
0.9165
0.9064
0.9592
0.9429
0.9824
0.9837
0.9574
0.9501
0.9662
0.9948
0.94556
0.9033

f (ab) expected

0.0518
0.0153
0.1645
0.0935
0.0930
0.0510
0.0213
0.0212
0.0720
0.0415
0.0287
0.0255
0.0663
0.0306
0.0604
0.0233
0.0378
0.0333
0.0359
0.0154
0.0829
0.0515
0.0230
0.0354
0.0354
0.0300
0.0279
0.0218
0.0198
0.0496
0.0444
0.0215

P

6.21E-13
4.78E-15
1.43E-22
1.05E-24
9.27€-24
3.36E-14
1.30E-13
4.05E-13
5.77E-13
9.42E-22
1.19E-20
2.58E-15
6.61E-12
6.13E-22
3.75E-11
6.27E-12
2.10E-19
7.40E-20
6.21E-22
6.55E-17
1.88E-11
1.00E-12
1.83E-11
1.24E-20
1.15E-21
3.67€-21
3.96E-20
1.24E-12
7.04E-14
1.54E-07
2.38E-06
7.11E-13

pte)

2.33E-06
3.97E-06
3.30E-06
3.30E-06
3.35E-06
3.27E-06
1.68E-06
1.53E-06
1.54E-06
1.54E-06
1.54E-06
1.55E-06
1.66E-06
1.66E-06
1.66E-06
1.66E-06
1.43E-06
1.43E-06
1.64E-06
1.21E-06
2.80E-06
2.77E-06
4.65E-06
1.10E-06
1.34E-06
1.34E-06
1.34E-06
1.34E-06
1.26E-06
5.14E-05
6.17E-05
1.24E-06

Shown are the 32 significant cases which fulfl the fitering criteria (D' > 0.9, f ab) > 0.1, both loci present).  (ab) = haplotye frequency; f (a) and f (b), frequency of allee (groups) a
and b, respectively: [, relative linkage disequilibrium; p, p-value (Fisher's exact test); pM8), p-value after Holm-Bonferroni correction.
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cen-B1

cen-B2

tel-A

0.503
0.089
ns.
0.096
-0.253
<0.01
0.156
0.692
<0.05

tel-B1

0.129
0.546
<0.05
0012
—0.534
ns.

0.011
-0.574

ns.

N.s., non-significant. Bold, statistically significant D’ values.

tel-B2

0.012
-0.727
<0.0001
0.054
0.702
<0.0001
0.003
-0.775
ns.





