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Computational HLA typing has surged as a cost-effective strategy to uncover questions regarding the 
evolution of the HLA system, enabling immunogenic characterization from ancient DNA (aDNA) data. 
Nevertheless, it remains to be seen whether these methods are suitable for analyzing aDNA generated 
without target-enrichment. To investigate this, we evaluated the performance of five HLA typing tools 
using present-day data with simulated profiles typical of aDNA, as well as from high-coverage aDNA 
genomes downsampled at different read depths. We found that characterization of Class I genes at the 
first field resolution is feasible at read depths as low as 2x, where it retains an accuracy of ≈ 80%. Next, 
we used this insight to characterize HLA evolution in Europe from 154 ancient genomes by detecting 
allele frequency changes throughout distinct prehistoric European populations. We observed important 
shifts in alleles associated with infectious and autoimmune diseases, most of which are found by 
contrasting the HLA landscape of Neolithic Farmers to that of present-day. Interestingly, several of 
these observations are in line with findings that have been previously reported by target-enrichment-
based studies. Our results highlight the feasibility of applying HLA typing on shotgun aDNA data to 
examine the evolution of this loci during important transitions.

The emergence of next generation sequencing has greatly transformed our understanding of immunogenetic 
variation and its relationship with disease. Notably, these technologies offer a wider scope for studying the 
genetics of the Human Leukocyte Antigen (HLA) system, allowing researchers to overcome the difficulties 
of characterizing this region using traditional PCR-based techniques, such as being labor intensive, relatively 
hard to scale, or presenting a lower typing resolution1. In the last decade, computational strategies to perform 
HLA typing have been developed by making use of the vast amount of HLA sequencing data available in 
public repositories2,3. These strategies generally work by aligning high-throughput sequencing reads mapped 
to the HLA region against a comprehensive panel of known alleles, followed by a prediction performed by a 
probabilistic model that determines the most likely allele pair for each gene4.

Key applications of HLA typing have already been brought to light by projects that focus on characterizing 
the HLA region of hundreds of present-day individuals to establish reference panels that comprehend the 
immunogenic variation of specific populations5,6. Other studies have reported associations between specific HLA 
alleles and some clinically relevant phenotypes such as susceptibility to infectious diseases7–10 or autoimmune 
and inflammatory disorders11–15. Furthermore, advances in DNA extraction techniques and sequencing methods 
have permitted the comprehensive study of the genetic material from ancient individuals (aDNA). These analyses 
are challenging because the genetic material of ancient individuals often presents low levels of endogenous DNA 
content and exhibit distinct patterns of degradation such as fragmentation and cytosine deamination16.

In view of this, recent efforts have harnessed the power of computational HLA typing methods onto 
paleogenomics data by making use of target-enrichment of the HLA region followed by sequencing. These 
methods enable the immunogenetic characterization of ancient individuals from different time periods and 
geographic origins. For instance, a study by Barquera et al.17 analyzed three ancient genomes from African 
individuals dated to 16th century Colonial Mexico and performed HLA typing, which further supported 
their Sub-Saharan African origin. Hepatitis B Virus genomes were recovered from these individuals and HLA 
alleles associated with poor response to this virus infection were characterized, providing key insights on 
their predisposition to infectious diseases and their overall health status. Similarly, Krause-Kyora et al.18 and 
Immel et al.19 recovered and studied ancient genetic data from 36 German and 68 Danish individuals retrieved 
from medieval cemeteries with victims of leprosy and plague, respectively. By characterizing the HLA system 
from these historical samples, they were then able to detect genetic signatures of susceptibility to their burial-
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associated disease and to contrast the observed frequencies of relevant HLA alleles to those present in present-
day populations.

Another study20 investigated the HLA genetic variation present in 42 individuals dated to the Late Neolithic 
period in Germany. Alleles associated with an increased predisposition to certain bacterial infections were 
overrepresented in the ancient population. It was also found that there have been major shifts in the diversity 
present in the HLA allelic pool between Neolithic farmers in Central Europe and that of present-day Germans. 
Those shifts are compelling given the context of the so-called “Neolithic Revolution’’, one of the most important 
events in our recent evolutionary history, where a transition from a hunter-gatherer lifestyle to sedentism 
occurred among prehistoric West-Eurasian populations. The spread of farming and agriculture shaped the 
genomic landscape of present-day Europe during this turnover. In particular, domestication processes may have 
enhanced the risk of infections by zoonotic pathogens, potentially driving selection in immune genes involved 
in response to such infections21–23.

Altogether, these results reveal the feasibility of examining host-pathogen interactions through time using 
data from specific historical contexts and show that the employment of target-enrichment sequencing strategies 
enables the precise typing of HLA alleles from tens of ancient individuals. However, we currently do not know 
if computational methods to perform HLA typing can also be applied using data generated by Whole Genome 
Sequencing (WGS) without HLA target-enrichment, particularly for aDNA data. Typically, the average read 
depth for most shotgun-sequenced ancient genomes is exceedingly low (≤ 1 × )24,25; nevertheless, a notable 
number of samples have been generated to higher depths of coverage19,26–45. Being able to employ such datasets 
would allow the screening of genetic data from individuals that lived through important events that might’ve 
had an impact on their immunogenetic makeup, such as the peopling of new environments46, epidemics47 or 
admixture events48.

In this study we carried out an extensive evaluation regarding the performance of multiple HLA typing tools 
(Supplementary Table 1), focusing on the performance of these strategies on low-coverage WGS aDNA data. We 
estimated the performance of HLA typing using both a dataset where we introduced damage patterns akin to 
those present in aDNA, and another one consisting of high coverage aDNA samples downsampled at different 
levels of read depth. We then used these assessments to develop a framework for the characterization of Class-I 
HLA alleles from ancient individuals with a read depth ≥ 2x. We highlight the feasibility of performing HLA 
evolutionary analyses on low-coverage ancient WGS data by studying HLA Class I evolution in Europe, tracing 
their change in frequency in time and across prehistoric populations with different demographic origin, using 
data from: European Hunter Gatherers (HG), Neolithic Farmers (NF), Bronze Age (BA) (Fig. 1) and Present Day 
(PD) individuals from European descent.

Results
Assessment of HLA typing performance on present-day WGS data
We evaluated the accuracy achieved by five computational HLA typing strategies: HLA-HD49, HLAScan50, HLA-
HD51, OptiType52 and the implementation of a simple baseline for fully-automated allelic calls that we refer to as 
“Bowtie2 Multiple Alignment (Bowtie2 MA)”, which is partially based on the semi-automated pipeline described 
in Krause-Kyora et al., (2018)18 (Supplementary Information, Supplementary Table 1). We tested these strategies 
on a panel of 176 individuals from the One-Thousand Genomes Project (1KGP)53 that had experimental HLA 
typing available for classical Class I and II genes54,55 (Supplementary Data 1.1, 1.2) by performing allele calls 
with each method at different read depths(10x-1x) on these individuals (Supplementary Data 1.3). As expected, 
we noted that all methods displayed diminishing performance as read depth decreased (Supplementary Figure 
S1, Supplementary Data 1.4). We also found that the highest accuracy was consistently achieved by OptiType 
for Class I across all depths, with HLAScan scoring last for the typing of both Class I and II genes in every 
instance (Supplementary Data 1.4). With a mean accuracy of 0.97 both at the first and second fields of resolution, 
OptiType achieved the highest performance using samples at 10x read depth. The next best result here was 
obtained by HLA-LA with a mean accuracy of 0.97 at the first field and 0.88 at the second. Despite showing the 
best performance amongst all evaluated methods for Class I typing, OptiType does not currently support typing 
of Class II genes; thus, the highest accuracy for Class II typing results at 10x was achieved by HLA-LA with 0.91 
at the first field resolution and 0.77 at the second, with HLA-HD coming second with 0.86 and 0.71, respectively.

Given the overall sparse performance for Class II typing (Supplementary Fig.  1, Supplementary Data 
1.4), we decided to discard these genes for subsequent analyses. Regarding the influence of the demographic 
origin of the 1KGP screened samples in the performance of these tools, we noted no significant difference in 
the accuracy achieved regardless of their overall ancestry (Central European, Eastern Asian, Western African) 
(Two-Way ANOVA, Supplementary Information, Supplementary Data 2). On the other hand, when analyzing 
the performance of Class I typing per gene, we detected significantly lower accuracy obtained for HLA-B typing 
with respect to both HLA-A and HLA-C (Supplementary Information, Supplementary Data 2).

Evaluation of typing accuracy on simulated aDNA
We first assessed the performance of these tools on aDNA sequencing data by simulating DNA fragmentation 
and deamination patterns similar to those present in ancient samples due to DNA damage and degradation 
using gargammel56. We incorporated these aDNA profiles onto our samples from 1KGP to generate this 1KGP-
aDNA dataset, carried out HLA typing with the computational methods to be tested and measured the accuracy 
achieved by them. Comparing HLA typing between WGS with and without simulated aDNA profiles, we found 
an average difference in accuracy of around 0.07 and 0.14 for the first and second field typing resolution using 
OptiType, respectively (Supplementary Data 3). Moreover, on this evaluation we noted a similar trend to that 
found when evaluating 1KGP data without aDNA-like damage patterns, where typing accuracy correlated with 
the read depth of the samples (Fig. 2, Supplementary Figure S3). OptiType continually performed the best out 
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of all the typing methods implemented for the typing of Class I genes (Fig. 2). This method yielded accurate 
results at the medium (5x) and low (2x) read depths.; particularly for the HLA-C gene at the first field resolution, 
where this method achieved mean accuracy values of 0.86 and 0.75, respectively. In contrast, three out of the five 
methods tested were not able to provide a prediction for the data with artificially generated aDNA profiles. The 
only other method able to handle this type of data was the Bowtie2 MA pipeline, achieving lower accuracy than 
OptiType for all read depths tested (Fig. 2).

Assessment of HLA typing performance on high-coverage ancient genomes
Next, we evaluated the performance of these HLA typing strategies on a dataset consisting of 56 high-coverage 
(> 10x) aDNA genomes that were downsampled to 10 different levels of read depth (10-1x) (Supplementary 
Data 4.1). We compared the typing obtained at each level against the typing produced at high-coverage, which 
were used as benchmark reference to compare the typing at lower read depths (Supplementary Information) 
(Supplementary Data 4.2–4.3). In agreement with our evaluation on simulated aDNA profiles, we found a clear 
association between the concordance and the read depth of the samples, with OptiType consistently attaining 
the best results for HLA typing on empiric aDNA data (Fig. 3, Supplementary Figure S4). Markedly, this typing 
tool kept providing results concordant with those obtained at high coverage even when downsampled at read 
depths as low as 2x, particularly at the first field of resolution, where it achieved mean concordance values of 
0.77, 0.68 and 0.89 for HLA-A, HLA-B and HLA-C, respectively (Supplementary Data 3). For this evaluation, 
the Bowtie2 MA pipeline also displayed poor concordance results relative to OptiType (Fig. 3, Supplementary 
Figure S4).

Shifts in HLA allele frequencies traced to neolithic farmers
We decided to leverage the availability of ancient genomes from prehistoric Europe with ≥ 2x average read depth 
to investigate the evolution of classical HLA Class I allele frequencies across prehistoric populations with a 
different demographic origin. Using the insight provided by our evaluations, we created a dataset composed of 
154 individuals dated to different temporal periods from prehistoric Europe and grouped them based on their 
genetic affinities to European HG, NF or BA populations as reported in the literature31,35,45 (N = 48, 89 and 17; 
respectively) (Supplementary Figures S6-S8, Supplementary Data 5.1, 5.2). We conducted HLA typing for Class 

Fig. 1.  Panel (A). Geographic distribution and population labels based on genetic affinity of 154 prehistoric 
European samples employed in this study. Panel (B). PCA plot of the 154 ancient individuals from different 
prehistoric populations. Panel (C). ADMIXTURE plot of the 154 ancient individuals at K = 8.
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Fig. 3.  Mean and range of concordance values achieved on high-coverage aDNA data by HLA typing for Class 
I genes at first field resolution, for different read depth levels: 10x-1x (N = 56).

 

Fig. 2.  Mean and range of accuracy values achieved on data with artificially introduced aDNA profiles by HLA 
typing for Class-I genes at first field resolution, for different read depths: 10x-1x (sample size for each read 
depth were 20, 26, 44, 66, 91, 131, 153, 163, 175 and 176, respectively).
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I genes using OptiType and estimated the allelic frequencies present in each prehistoric population. Then, we 
estimated present-day HLA allele frequencies following a similar process on a subset of 1KGP individuals of 
European descent (CEU and GBR). Additionally, we screened HLA allele frequencies of present-day Germany, 
England, France, and Ireland from the Allele Frequencies Database3 (Supplementary Table S3); all of which 
were found to work as statistically similar proxies for estimates of present day frequencies (Chi-Squared Test of 
homogeneity, Supplementary Data 6). To emphasize the validity of using low-coverage data, we also performed 
this analysis after downsampling the original depth of coverage of all 154 prehistoric European genomes to 2x. 
HLA typing for Class I genes was again carried out using OptiType, and the allelic frequencies were estimated 
for each prehistoric and present day population and annotated accordingly.

From these analyses, we identified six alleles at the first field resolution (HLA-A: 1, HLA-B: 3, HLA-C: 2), 
as well as two at the second field (HLA-A: 1, HLA-B: 1) that showed shifts in frequency across the prehistoric 
and present day European populations, and fell outside the 95 CI of a background distribution comprised of 
frequency changes from a panel of ≈ 50k genome-wide SNPs used to discern statistically significant shifts. Most 
of these signals are observed when contrasting the frequencies of NF to that of PD Europe (Fig. 4, Supplementary 
Data 5.3, 5.4).

Several of these observations have been reported in studies that investigated HLA evolution using target-
enrichment HLA generated data derived from geographically-localized archeological sites20,23. Notably, these 
HLA alleles have also been associated with susceptibility or resistance to various infectious pathogens, as well 
as autoinflammatory diseases57–72 (Table 1). Nevertheless, we observe that, after correcting for multiple testing 
(Benjamini-Hochberg procedure to control for the False Discovery Rate, q = 0.1), only one allele had a significant 
frequency change: HLA-C*07 (Table 1, Supplementary Data 7).

Immunologically relevant SNPs display different patterns of change in time
Due to the pivotal role that HLA genes play in immunity, we wanted to contrast the changes in frequency 
observed for these loci with other SNPs involved in immunological processes73–79 and further characterize 
changes in the immunological landscape of Europeans across time. Analogous to our analysis on HLA alleles, we 
employed a distribution of frequency changes from a panel of genome-wide SNPs (N = 36,636) to test for variants 
that have sustained a significant shift in frequency through time (95% CIs, Table 2, Supplementary Figure S9). 
We found a total of 37 SNPs that displayed significant changes in frequency (12 increases, 25 decreases) ranging 
from 19% to up to 52% in allele frequency difference magnitude, most of which also correspond to shifts that 
seemed to arise when contrasting frequencies present in European Hunter Gatherers and Neolithic Farmers 
from prehistoric times to those from present-day Europeans (Supplementary Data 8).

Discussion
In this study we gauged the use of five computational strategies for the allelic characterization of HLA genes on 
WGS aDNA samples. Our evaluations show that OptiType is the most useful tool for computational Class I HLA 
typing at different levels of read depth and suggest that the allelic characterizations of these genes on aDNA data 
is attainable. This is especially true at the first field of resolution, which is often enough to find clinically-relevant 
associations80 and for which we observe mean concordance values of ≥ 0.95 when analyzing data at medium (5x) 
to high (10x) read-depths, and still achieve mean accuracy results as high as 0.89 for HLA-C at read depths as low 
as 2x. The typing of the HLA-B was found to be significantly less reliable than other Class I genes, a remark that 
is in accordance with other observations that have found this gene particularly difficult to type81,82, arguably due 
to it being the most polymorphic of them as well as having the highest recombination rate2,83.

While our validation highlights meaningful findings at both resolutions, it is clear that typing at the second-
field is far less reliable due to the inherent challenges of using low-coverage aDNA data, and more information is 
needed to provide an accurate result. In line with this, an approximation that standardizes HLA frequency data 
by collapsing allele calls to the more robust first field resolution seems to help achieve greater accuracy as well 
as circumvent some of the confounding effects that might arise from variations in sample size or demographic 
origin, as it’s been reported when comparing the HLA frequencies of hundreds of populations worldwide84. On 
the other hand, for medium-to-high levels of genomic coverage, the use of OptiType still provides a decent lead 
for the typing at the second field (Figs. 2 and 3). If needed, manual annotation of variants at this resolution is 
made easier by first exploring the calls provided by these tools and then using other software to manually validate 
them (e.g., comparing the typing results and multiple allelic reference sequences using a manual alignment 
visualizer as described in Pierini et al. (2020)82).

Notably, none of the existing fully-automated typing tools were designed to provide HLA typing of ancient 
genomes. We believe that there is an area of opportunity in the development of HLA typing computational 
tools that consider aDNA-specific features into account during the mapping process to improve the accuracy 
of the reconstructed ancient immunogenetic profiles. Some of the shortcomings arise from the usual intricacies 
of reference mapping of reads coming from ancient genomes, like an unalterable default behavior that expects 
reads of a fixed length as input51 or being optimized for present day data available at explicitly high levels of 
genomic depth of coverage49–51. However, we also identified some aspects of certain tools that may hinder their 
performance, such as the use of outdated HLA allele references for mapping52 or not considering the intronic 
regions of the HLA region to infer the type50.

In spite of this, we were able to observe promising results for Class I typing using OptiType, showcasing 
the feasibility of adapting such tools to accommodate some of the difficulties that come with analyzing aDNA. 
Our study also draws attention to the challenge of typing classical Class II genes on this kind of data, which is 
not supported by the vast majority of computational typing methods. It is worth noting that studies carried out 
by a handful of research groups that analyzed these genes on ancient genomes have relied on an unpublished 
“OptiType 2” version of this tool19,74,85, that has yet to be made publicly available and benchmarked. Although 
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Fig. 4.  Change in frequency observed between different prehistoric populations (N = HG: 48, NF: 89, BA: 
17) and present day Europeans for HLA Class I alleles that presented shifts outside the 95 CI of a distribution 
of frequency changes from a panel of genome-wide SNPs. Panel A describes the trajectory as derived from 
frequencies obtained from typing at the original ≥ 2x read depth. Panel B describes the trajectory as derived 
from frequencies obtained from typing downsampled data at 2x read depth. Present-day frequencies are 
represented by the estimates from 99 CEU individuals, 91 GBR individuals, and the average of four European 
populations reported in the AlleleFrequencies Database (N = 20,980).
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OptiType has proven to be the most reliable tool for the characterization of HLA alleles, we found that Class 
II genes seem to be notably troublesome to type accurately. It would then be sensible to take caution with any 
results produced by a tool that hasn’t been openly evaluated on this type of data, and every instance of its use 
should probably be validated with manual verification of the allelic calls.

Regarding the application of this framework to study the evolution of Class I genes in Europe, we found that 
the largest shifts in HLA allele frequencies happen between Neolithic farmers and present-day populations. 
These groups present the largest sample sizes, and population genetic analyses suggest that these observations 
are not caused by population structure, as individuals grouped together in these periods have a similar 
demographic origin (Fig. 1). The variants with the most pronounced shifts in frequency might reflect the result 
of selective forces acting on human immunity genes and are mainly associated with susceptibility or resistance 
to infectious and autoinflammatory diseases in the European population. These results are supported by the fact 
that we recover half of the signals found when we downsampled the depth of coverage for all individuals to 2x 
(HLA-B*07, HLA-B*51, HLA-C*07, Supplementary Data 5.4), with the observed trends clearly persisting despite 
the fact that half of the signals marginally fell outside of the threshold imposed in this study to discriminate 
statistical significance (Fig. 4; Table 1, Supplementary Data 7).

While our experimental design based on shotgun data from individuals across Europe only detected one 
significant frequency shift (HLA-C*07; p value = 0.002, Supplementary Data 7) across prehistoric groups 
and present day (after correcting for multiple tests), we consider that this approach of contrasting changes 
in HLA allele frequency against the allele frequency of a background distribution of genome-wide SNPs is 
rather stringent (see methods). Using less strict methods to denote important changes such as a simple test 
for difference of proportions casts a greater amount of statistically significant changes such as those noted in 
Immel et al. (2020)20. (Chi-Squared Test for homogeneity of proportions with Bonferroni correction for multiple 
comparisons, Supplementary Data 9). Nonetheless, the fact that we have replicated such patterns (generated 
through target-enrichment and sampled at localized regions i.e. Central Europe) using shotgun generated data 
across Europe, suggests that our observations might be of evolutionary interest. As it implies that these signals 
might not be restricted to shifts in the HLA frequency to a very localized European region, but instead could be 
linked to adaptive or demographic events that shaped the genetic landscape across prehistoric Europe. Further 
studies investigating the HLA repertoire of Hunter-Gatherer, Neolithic Farmer and Bronze Age individuals at 
larger scales and in regions of Europe will help shed light on this matter.

Although most of the signals observed were deemed as not statistically significant from our approach after 
correction for multiple comparisons, some interesting observations can be drawn by inquiring into the alleles 
that displayed the greater shifts in frequency across prehistoric and contemporary Europe. For instance, alleles 
HLA-B*07 and HLA-B*27, which seemed to be common in European HG populations, appear to fade away 
with the more recent demographic events that shaped the genetic landscape of present day Europe. In line with 
previous findings20,23, some of the variants that appear to be less frequent today seem to confer protective effects 
against viral infections were more frequent in Neolithic farmers, such as HLA-B*27, HLA-B*51 and HLA-C*02, 
underscoring the clinical relevance of these results. Particularly intriguing are also some of the more distinct 
signals regarding autoimmune diseases, such as the surge of frequency in allele HLA-C*07 first displayed in 
Neolithic farmers and its correspondence with the consistent decrease in frequency of HLA-B*27 across time. 
Both of these alleles are linked to Spondylarthritis, though in the former case it has been described as a protective 
variant70, while in the latter as a risk factor63. Other alleles related to autoimmune disorders, such as HLA-A*24 
or HLA-B*51 (associated to Behçet’s disease susceptibility64,71), show a steady decline in frequency across the 
different periods; whereas HLA-B*07, which has been linked to a predisposition to Type-1 Diabetes62, seems to 
be steadily rising in frequency.

HLA Allele
Freq. shift (org. 
depth) (%)

Freq. shift (2x depth) 
(%)

P Value (org. 
depth) P Value (2x depth) Clinically-relevant associations

A*24 −18 −17 0.0096 0.032 Type 1 diabetes, Severe Lupus, Thymoma in M. gravis, 
Behçet’s disease57,58,69

B*07+ + 18 + 18 0.0174 0.0174 Cervical Cancer, Frontal Fibrosing Alopecia, High BMI59–62

B*27+ −28 −26 0.0227 0.0302 Spondylarthritis63

B*51+ −27 −26 0.0144 0.0102 Behçet’s disease64

C*02+ −16 −14 0.0188 0.0522 Psoriatic Arthritis, Pulmonary Sarcoidosis, Demodicosis65–67

C*07 + 28 + 28 0.0023 0.0023 Graves’ disease, Celiac disease co-occurrence, 
Spondyloarthritis68–70

A*24:02 −17 −14 0.0228 0.0515 Prostatic Cancer, Behçet’s disease71,72

B*51:01+ −20 −19 0.0206 0.0180 Behçet’s disease71

Table 1.  HLA alleles that exhibit changes in frequency outside the 95 CI of a distribution of frequency changes 
from a panel of genome-wide SNPs, across different prehistoric and present day populations. The magnitude of 
the change observed is reported both for the analysis using allelic calls from the original ≥ 2x coverage genomes 
as well as from data downsampled to 2x depth of coverage. Reported associations to disease in the literature 
are also shown. Highlighted in bold is HLA-C*07, the only variant that exhibits a significant change in 
frequency after correcting for multiple comparisons in this study. +HLA alleles with frequency shifts reported 
elsewhere20,23. RAssociation to resistance to disease/rapid clearance of infection.
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Expanding beyond the analysis of classical HLA alleles, we enriched our study by also considering 
immunologically relevant SNPs to investigate the immunological landscape of ancient Europe in a more 
comprehensive manner. The patterns of change, as revealed by these SNPs, complement our observations in the 
frequency of variants linked to autoimmune and autoinflammatory diseases. Taken together, they offer a more 
comprehensive understanding of the evolving immune repertoire in European populations through different 
historical periods. There still exists a need for a more comprehensive understanding of how HLA and other 
immunologically relevant variants have changed over time, and we hope that these findings can help underline 
the importance of growing the repertoire of paleogenomic data in order to have a more complete picture of the 
complex demographic events that have sculpted the diverse immunological landscape that we see in the present 
day. Other complementary analyses, such as using proxy SNPs or HLA genotype imputation could further 
extend the scope of paleogenomic studies that intend to examine immunogenic information of ancient genomes.

By examining historical transitions and their influence on our immunologic architecture through time, 
it is possible to obtain key insight on the molecular basis of our immune repertoire, as well as the interplay 
that is carried out between them and pathogens. We find it encouraging that using WGS low-coverage aDNA 
we were able to observe some of the results depicted in other studies20,23,74 that employed target-enrichment 
techniques, which are more sensitive to accurate HLA typing than shotgun-generated data. This observation 
is of great significance for projects that aim to investigate the evolution of the immunological landscape in 

SNP Direction Magnitude (%) Gene Group

rs2227564 Decrease −0.21 PLAU Intracellular Modulators

rs3750920 Increase 0.19 TOLLIP Intracellular Modulators

rs11230563 Increase 0.29 CD6 Intracellular Modulators

rs11235559 Increase 0.37 PDE2A HLA/infectious Disease

rs3184504 Increase 0.43 SH2B3 Other

rs653178 Decrease −0.45 ATXN2 Autoinflammatory Disorders

rs11066188 Increase 0.35 HECTD4 Autoinflammatory Disorders

rs10774679 Decrease −0.36 OAS3 Autoinflammatory Disorders

rs1156361 Decrease −0.48 OAS3 HLA/infectious Disease

rs1873613 Increase 0.26 LRRK2 Intracellular Modulators

rs6538678 Increase 0.34 CCDC38 Systemic Lupus Erythematosus

rs11150610 Increase 0.28 ITGAM Systemic Lupus Erythematosus

rs11574637 Decrease −0.26 ITGAM Systemic Lupus Erythematosus

rs2779249 Decrease −0.27 NOS2A Intracellular Modulators

rs492602 Increase 0.47 FUT2 Autoinflammatory Disorders

rs1429411 Decrease −0.42 ANKRD44 Systemic Lupus Erythematosus

rs2305619 Decrease −0.23 PTX3 Intracellular Modulators

rs708567 Decrease −0.29 IL17RC Systemic Lupus Erythematosus

rs3775291 Decrease −0.32 TLR3 Pattern Recognition Receptors

rs11096957 Increase 0.38 TLR10 Pattern Recognition Receptors

rs4833095 Decrease −0.24 TLR1 Pattern Recognition Receptors

rs5743810 Decrease −0.52 TLR6 Pattern Recognition Receptors

rs2188962 Increase 0.40 IRF1-AS1 Autoinflammatory Disorders

rs2549794 Decrease −0.25 ERAP1 Autoinflammatory Disorders

rs6920220 Decrease −0.32 – Systemic Lupus Erythematosus

rs9468413 Increase 0.21 – Other

rs805297 Decrease −0.23 APOM Autoinflammatory Disorders

rs9271366 Decrease −0.19 – HLA/infectious Disease

rs2647012 Decrease −0.30 – Systemic Lupus Erythematosus

rs2856718 Decrease −0.25 – HLA/infectious Disease

rs7756516 Decrease −0.52 HLA-DQB2 HLA/infectious Disease

rs7453920 Decrease −0.36 HLA-DQB2 HLA/infectious Disease

rs2051549 Decrease −0.38 HLA-DQB2 Systemic Lupus Erythematosus

rs13277113 Decrease −0.38 BLK Systemic Lupus Erythematosus

rs2618476 Decrease −0.33 BLK Systemic Lupus Erythematosus

rs1478897 Decrease −0.37 – Systemic Lupus Erythematosus

rs4077515 Decrease −0.28 CARD9 Intracellular Modulators

Table 2.  Immunologically relevant SNPs that exhibit changes in frequency outside the 95 CI of a distribution 
of frequency changes from a panel of genome-wide SNPs, across different prehistoric and present day 
populations. Present-day frequencies are represented by the estimates from 99 CEU individuals.
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human populations, as it provides the potential to leverage a larger sample size to explore the allelic composition 
of Class I HLA genes throughout time, and takes advantage of the fact that there exist hundreds of partial 
and complete shotgun-generated ancient genomes publicly available that were not previously considered for 
HLA typing characterization. As the field of paleogenomics continues to advance, it holds the promise of 
uncovering how particular past evolutionary events forged the genetic variation of the immunogenic system of 
human populations. This comprehensive exploration of computational HLA typing strategies on low-coverage 
aDNA data contributes to the ever-growing body of knowledge in this field, laying some ground for a deeper 
understanding of the immunogenetic evolution of human populations and its relevance to health and clinical 
research.

Methods
Assembly of reference panels for HLA-typing analysis
We downloaded Whole Genome Sequencing (WGS) data from the 1KGP53 database for individuals that had 
available their HLA typing information determined experimentally by previous studies54,55. We obtained this 
information for a total of 176 individuals for Class I genes and 48 individuals for Class II genes. We then used 
their PCR-based typing results as our Gold Standard (GS) HLA allele reference panel both at the first and second 
field of resolution (Supplementary Data 1.1–1.2).

Obtention and processing of 1KGP and high coverage aDNA samples
For all individuals from the GS reference panel, their corresponding WGS FASTQ files were downloaded from 
the 1KGP database. After sample pre-processing (trimming and quality control), reads from all individuals were 
aligned to the human reference genome GRCh37/hg19 with the Burrows-Wheeler Aligner (BWA) (v0.7.10)86 
using bwa-aln with parameters -l 16,500 -n 0.01 and -o 2. BAM files were generated, and all reads that aligned 
to the HLA system and had a mapping quality greater than 30 were extracted using SAMTools (v1.19)88 using 
parameters -F 4, -q 30 and -L to bed coordinates corresponding to the HLA region (6 28477700 33448400). For 
each individual, we generated a subdataset at different levels of read depth according to the original read depth 
present (10x-1x), using samtools view -s.

BAM files from 56 high coverage aDNA genomes were obtained from their corresponding publication 
repositories (Supplementary Data 4.1) and reads mapped to the HLA region were extracted. For typing methods 
that required FASTQ files as input, we converted the BAM file from the HLA region to the FASTQ format 
using samtools fastq. A subdataset consisting of differential read depth instances (10x-1x) was generated for each 
individual in a similar manner to the processing of the 1KGP dataset.

Incorporation of artificial aDNA profiles onto a 1KGP dataset
We generated a dataset composed of HLA reads from samples obtained from the 1KGP53 database that exhibit 
damage patterns akin to those present in aDNA samples (1KGP-aDNA) using gargammel56, a suite of programs 
aimed at simulating ancient DNA fragments and deamination patterns from modern data. From these tools, 
we adapted and made use of fragSim to simulate aDNA fragmentation in our samples, following a log-normal 
distribution with location 4.2 and scale 0.16 by using parameters: --norev --loc 4.2 --scale 0.16.

Subsequently, we employed deamSim to specify the deamination patterns to be present in our artificially 
damaged samples providing a misincorporation matrix that represents the empirical rates of misincorporation 
present in aDNA due to cytosine deamination; this misincorporation matrix is made available with the rest of 
the gargammel suite and is based on the profile of an individual found in La Braña who lived approximately 
7,000 years ago87. Finally, for each individual we generated a subdataset of instances at different read depths 
(10x-1x) using samtools view -s.

Computational HLA typing
We implemented publicly available computational methods for HLA typing that have been reported in the 
literature to perform well on WGS data18,49–52 (Supplementary Table 1). All methods were run on each subdataset 
of the 1KGP, 1KGP introduced-aDNA profiles and the high coverage aDNA samples using default parameters 
or those recommended in their respective software documentation (Supplementary Table 1, Supplementary 
Information). After each successful run, the typing results for the supported HLA genes were annotated at both 
the first and second-field resolution. Computational typing methods evaluated were HLA-HD49, HLAScan50, 
HLA-LA51, OptiType52 and a pipeline based on the semi-automated method first described in a study of aDNA 
signatures of leprosy susceptibility18, that in this study we refer as “Bowtie2 Multiple Alignment (Bowtie2 
MA)” (Supplementary Information). For each of the 176 1KGP individuals, the allelic predictions produced by 
these methods were compared against the GS reference at the first and second field resolution for HLA Class I 
(HLA-A, HLA-B, HLA-C) to assess their typing accuracy. Class II (HLA-DRB1, HLA-DQB1) typing accuracy was 
measured in a similar manner with the aforementioned computational tools for the 48 individuals with typing 
results present in the GS reference.

Assessment of computational HLA typing performance
For both the 1KGP and 1KGP-aDNA datasets, HLA typing results from all methods were directly compared 
to the PCR-based HLA genotyping reported in the GS reference panel at the first and second-field resolution. 
For each sample, typing accuracy was calculated as the ratio between the number of correctly typed alleles and 
the total number of alleles. This approximation was undertaken at the first and second field resolution across 
classical Class I (HLA-A, HLA- B, HLA-C) and Class II (HLA-DRB1, HLA-DQB1) genes. Assessment of the 
accuracy achieved by each method was carried out on every subdataset. The accuracy values of all methods were 
annotated for each group of genes and averaged to the total number of samples typed (Supplementary Data 1.3).
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For the evaluation of typing of ancient genomes that have been sequenced at high coverage (> 10x) and 
had their WGS data publicly available18,24–43 (Supplementary Data 4.1),  these samples were typed using the 
evaluated strategies (OptiType and Bowtie2 MA) at their original read depth, and these allelic calls were used 
as the reference to measure the concordance at different read depths(10x-1x), calculating the proportion of 
allelic calls at that particular read depth that matched the typing at high coverage (> 10x) both at the first and 
second resolution fields. These results were annotated and summarized as described above (Supplementary Data 
4.2–4.3).

Generation of aDNA dataset to assess HLA evolution in Prehistoric Europe
We employed 154 aDNA samples derived from people that lived in Europe at three different time periods: 
European hunter-gatherers (HG, N = 48), farmers from the Neolithic (NF, N = 89), and Bronze Age (BA, n = 17) 
individuals. Ancient genomes were downloaded from their respective publication repositories (Supplementary 
Data 5.1) as BAM files. Reads that aligned to the HLA region were extracted using SAMTools. Additionally, for 
the subsequent analysis at low coverage, these BAM files were downsampled to a standardized read depth of 2x, 
which corresponds to the read depth that entailed a high enough number of individuals from each period while 
still comprising enough read depth to achieve ≈ 80% of accuracy from computational HLA typing.

Principal component analysis
PCA was performed using smartpca from the EIGENSOFT package using the “numoutlieriter: 0” and “r2thresh: 
0.2” parameters. For each ancient individual (N = 154), a PCA was conducted together with 991 present-day 
individuals from 67 European (EU), Near Eastern (NE) and Caucasian (Cau) populations extracted from the 
Human Origins panel v289,90 and each ancient sample (Supplementary Data 5.1). Individual .evec files were 
plotted using Procrustes transformation21 using all SNPs as described in Sanchez-Quinto et al. (2019)28. The 
result was displayed using an in-house R script from the vegan library. A preliminary PCA (Supplementary 
Figure S8) incorporating a larger panel (N = 184) of ancient individuals from prehistoric Europe was carried out 
to refine our dataset so that it was constituted by genetic affinities to prehistoric European populations: HG, NF 
and BA (Supplementary Information).

Unsupervised ADMIXTURE
Ancestry components were inferred using ADMIXTURE v1.391 based on: 1,758 present-day individuals 
from 179 world-wide populations from the Human Origins panel v2, 99 CEU individuals from the 1KGP53 
and the 154 ancient individuals incorporated in this study (Supplementary Data 5.1). SNPs were ascertained 
using transversions as in Sánchez-Quinto et al. (2019)28 from the Human Origins panel v2. Common modes 
among the different runs were identified, and clusters were aligned across different values of K using pong 
(Supplementary Figure S6). Pong results suggested that K = 8 was the last greatest K at which more than 80% 
of runs produced the same model solution. A preliminary ADMIXTURE analysis (Supplementary Figure S7) 
incorporating a larger panel (N = 184) of ancient individuals from prehistoric Europe was carried out to refine 
our dataset so that it was constituted by genetic affinities to prehistoric European populations: HG, NF and BA 
(Supplementary Information, Supplementary Data 5.2).

Estimation of HLA allele frequencies throughout time in Europe
HLA typing was conducted using OptiType on our European aDNA dataset. Then, we simply computed the 
estimated allele frequencies at both the first and second field of resolution for each period. Manual validation of 
a subset of the calls produced by OptiType for six European high-coverage genomes was done using TARGT82, 
downsampling HLA reads present to high (10x), medium (5x) and low (2x) coverage. This validation involved 
manually assessing 108 alleles (six individuals screened at three different depth of coverage thresholds, assessing 
whether the corresponding alleles made by OptiType at each coverage level was concordant with the typing 
made at high-coverage at the first and second field resolution (Supplementary Table 5).

Present-day allelic frequencies for Class I HLA alleles were calculated using a panel of 99 CEU and 91 GBR 
individuals from 1KGP. Additionally, the frequency of HLA alleles that displayed significant changes throughout 
time was contrasted to those reported in the AlleleFrequencies Database3 for populations from Central/
Northwestern Europe (Supplementary Table 6). We found no significant difference between the HLA allelic 
frequencies from any of these present-day different sources for HLA allele frequencies (Supplementary Data 6).

Generation of a background distribution of shifts in HLA allele frequency
To discern which changes in frequency from the HLA alleles investigated we would deem as significant, a 
set of background distributions was constructed for each pairwise comparison of scores of changes in allelic 
frequencies between European hunter-gatherers, Neolithic farmers, and Bronze Age and present-day individuals, 
respectively. Starting from a panel of 2,412,321 genome-wide SNPs transversions with a MAF of 5% in 1KGP 
populations53, we used plink v. 1.9392 to prune variants that were in approximate linkage disequilibrium with each 
other using --indep-pairwise 200 25 0.4. After this, we filtered out instances that had a minor allele frequency of 
less than 0.01 and a call rate greater than 80% across the different periods evaluated, using --maf 0.02 and --geno 
0.2 as parameters in plink v. 1.9392, respectively. Lastly, we kept only SNPs that exhibited values of background 
selection and recombination rate similar (located in the same percentile ± 10) to those present in classical Class 
I HLA genes, as described in McVicker G. et al. (2009)93 and The International HapMap Consortium (2005)83. 
After all these filters, the frequency of 36,616, 60,031 and 56,588 variants (corresponding to HLA-A, HLA-B 
and HLA-C counts, respectively) were used to calculate differences in frequency between each of the periods 
evaluated. We used these values of difference in frequency between periods to generate a distribution of scores 
for each of the six following pairs of time periods per gene: HG-NF, HG-BA, HG-PD, NF-BA, NF-PD and BA-
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PD. We compared the observed changes in frequencies for HLA alleles with those distributions to discern which 
HLA alleles suffered a significant change in frequency than what would be expected by chance (95% Confidence 
Intervals (CIs), Supplementary Information).

Changes in frequency of immunologically relevant SNPs
We screened SNP alleles using our dataset of ancient individuals and compiled a total of 209 variants that have 
been previously described to play a role in distinct immunological processes73–79 and described in the literature 
before May 2023 (Supplementary Data 7.1).

In a similar way to the analysis of HLA allele frequencies, a distribution of scores of changes in frequency 
was constructed for changes between periods (HG-NF, HG-BA, HG-PD, NF-BA, NF-PD and BA-PD). Starting 
from a panel of 2,412,321 genome-wide SNPs, we used plink v. 1.9392 to prune variants that were in approximate 
linkage disequilibrium with each other using --indep-pairwise 200 25 0.4. After this, we filtered out instances 
that had a minor allele frequency of less than 0.01 and a call rate greater than 80% across the different periods 
evaluated, using --maf 0.02 and --geno 0.2 as parameters, respectively.

Statistical analyses
All statistical tests presented in this work were performed using the software R, v3.6.2.

Data availability
Sequence data for all ancient genomes employed in this work were obtained from their respective publications, 
which are referenced in Supplementary Data 4.1 and Supplementary Data 5.1. Sequence data for 1KGP individ-
uals were obtained from the official database: The International Genome Sample Resource (IGSR).
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