Overview of HLA genotyping strategy used by 13 selected tools
General principles
Reads (or assembled contigs) are aligned to a panel of reference HLA allele sequences (originating from the IPD-IMGT/HLA database). For this task the algorithms rely on various existing alignment tools (column Alignment Method, Table S2).
Then, for each HLA gene, an allele pair is selected by optimizing a certain score function. Algorithms differ in how this optimization problem is modeled exactly (e.g., Bayesian interference, Integer Linear Programming, or as a graph problem) and which variables are considered in the score function (column Score function, Table S2). Commonly used variables of the score function are: the consistency of the alignment of the input reads to the reference panel, base quality scores (column PHRED score used) and whether they use prior population frequencies (column prior population frequencies, Table S2).
This score function can either be defined in function of allele pairs for multiple genes at once (e.g., Optitype), in function of an allele pair per gene (e.g., HLA*LA) or in function of individual alleles separately per chromosome (e.g., Polysolver) (column Jointly optimized for allele pair, Table S2). In the first two cases, heterozygosity / homozygosity are implicitly modeled in the optimization problem. In the latter case, a separate step is typically needed to determine whether the call is homozygous or not based on numeric thresholds (e.g., for HLA-VBSeq).
Tool-specific steps
The column tool-specific steps in Table S2 describes additional particularities of the tools:
HLA*LA
HLA*LA starts with a “linear alignment” step where the input reads are aligned using BWA‑MEM to a modified reference genome (composed of GRCh38, the MHC haplotypes and IMGT genomic sequences). These alignments are then projected onto a population reference graph (PRG) and further optimized. Finally, the HLA genotype is inferred by maximizing a likelihood function [1].
Kourami
Kourami is a graph-guided assembly tool. As a first step, reads are extracted from the BAM file and realigned to a reference panel (using BWA‑MEM). Similar as in HLA*LA these “linear alignments” are then projected onto a partial-order graph (POG) representing the known HLA alleles. During this projection step, the graph is modified to incorporate substitutions and indels that were identified during the alignment. This allows Kourami (as the only tool included in our benchmark) to discover new HLA alleles. Edges of the graph are weighted according to the read counts. Finally, the goal is to identify the best pair of alleles (paths in the graph) that maximizes the coverage and phasing support [2, 3].
arcasHLA
First, pseudoalignment with Kallisto is performed to determine for each read which HLA transcripts it is compatible with. Based on this output, a built-in transcript quantification step is performed that aims to identify an attribution of reads to alleles which maximizes a likelihood function. This is performed using an iterative read re-allocation procedure (an expectation-maximization algorithm): at every step, reads are distributed to alleles with the highest abundance, while the alleles with the lowest abundances are removed from the list of candidates. When after convergence more than two alleles remain, the allele pair that explains the greatest proportion of reads is selected. Finally, either a homozygous or heterozygous call is produced based on the non-shared read counts between the top two alleles [4, 5].
HLA-HD
First, reads are aligned to a database of reference HLA exon and intron sequences using Bowtie2. Reads are then assigned to candidate exons or introns based on certain filter criteria. A score is calculated per allele pair based on the number of reads that map to the corresponding sequences, considering the length of the overlap between input reads and exon sequences. The algorithm first calculates the score only based on exons in the peptide binding region and later extends to other exons. The allele pair that yields the maximum score is finally selected [6].
PHLAT
PHLAT starts by aligning the input reads to the human reference genome extended with various HLA allele reference sequences using Bowtie2. Following the alignment, candidate alleles are pre-selected using multiple filtering steps based on mapped read counts. Pairs of candidate alleles are then scored using a Bayesian likelihood model which considers the sequence consistency at SNP sites and phase consistency across adjacent SNP sites. The allele pair that best explains the observed data is selected [7, 8].
Polysolver
Reads are first mapped to the reference allele sequences using Novoalign. Polysolver relies on a Bayesian classifier to select the alleles that most likely explain the observed reads. Its model incorporates the base qualities of aligned reads, the observed insert sizes and (optionally) ethnicity dependent prior probabilities. For each gene, the calls for both alleles are determined in separate steps. Once the first allele is identified, the probabilities are updated based on that information and the second allele for that locus is identified [9].
HLA-VBSeq
Reads are aligned to the reference panel using BWA‑MEM. These alignments are then further optimized using a Bayesian framework. HLA types are subsequently called based on the expected number of reads that are mapped to each allele. A threshold on the depth of coverage is used to filter out candidate alleles. Either a heterozygous or homozygous call is outputted based on the depth of coverage of the top two ranked alleles [10].
seq2HLA
seq2HLA uses a two-stage approach to accomplish HLA genotyping at 4-digit resolution: genotypes are first called at 2-digit resolution before further refining them in a separate round. The algorithm starts by aligning RNA-seq reads to the reference HLA panel with Bowtie (v1). Then, for each HLA gene the allele group with the greatest number of reads is determined and considered to be the winner of the first round. The second allele group for that gene is then determined by removing all reads associated with the winner of the first round and repeating the previous step. Either a heterozygous or homozygous call is outputted depending on the ratio between the number of reads mapping to the winner of the second round and the median number of reads mapped to alleles in the first round [11]. Finally, the allele calls at 2-digit resolution are further refined to the 4-digit resolution by considering the amount of reads aligned to alleles within the winning group at 2-digit resolution [12].
Optitype
First, reads are mapped to a panel of reference HLA allele sequences, limited to the exons encoding the peptide binding region of MHC-I (exon 2 and 3) and the flanking introns. Partial HLA sequencing information in the reference panel was reconstructed using phylogenetic information. Optitype then models the scoring of HLA alleles as an Integer Linear Programming (ILP) problem that aims to find the set of MHC-I allele pairs (for all major and minor MHC-I genes) that simultaneously explain the input data the best [13].
xHLA
xHLA maps the sequencing reads to the HLA reference sequences using the Diamond aligner and subsequently identifies candidate alleles by applying Optitype’s ILP strategy using only the exons encoding the peptide binding region (for both MHC-I and MHC-II genes). This set of candidate alleles is subsequently extended to sets of alleles that explain the alignments nearly as well and then further refined using an iterative procedure. This strategy allows HLA genotyping at a finer resolution than Optitype. When finally two alleles remain, an additional check is performed to determine whether a homozygous or heterozygous call should be outputted by comparing the amount of reads supporting both alleles [14].
HLAscan
After aligning reads to the reference sequences (BWA‑MEM), HLAscan selects candidate alleles based on a score function that represents the distribution of aligned reads in the region of interest. Alleles are discarded based on the number of consecutive positions in the mapped HLA sequence with no read aligned to it. Out of the remaining alleles, the resulting allele pairs for each gene are determined based on which alleles have the highest read count and a check for heterozygosity [15]. 
HLAforest
Reads are mapped to the HLA reference allele sequences using Bowtie (v1). For each read a tree is constructed that represents all possible mappings for that read. The first level of the tree represents the different HLA genes, each subsequent level represents a different field of the HLA nomenclature. Sum of mismatch qualities (SMMQs, based on the PHRED qualities at mismatches between the read and reference sequence) are assigned to the leaf nodes of the tree. This score is than propagated upwards the tree where the probability value assigned to a parent node is the maximum probability of its children. These probability values are then converted into weights, which are distributed downwards through the tree. The final allele pair is then selected via an iterative tree pruning algorithm [16].
HLAminer
HLAminer supports both a de novo assembly-based (HPTASR) and an alignment-based (HPRA) pipeline. In the de novo assembly-based pipeline (not evaluated in this benchmark) reads are first assembled into larger contigs and are subsequently aligned to the panel of reference HLA sequences (using BLAST). In the alignment-based pipeline the reads are directly aligned to the reference allele sequences using BWA. Alleles are scored based on the contig length, depth of coverage and similarity to reference sequences of all contigs that align to it [17]. HLAminer does not incorporate a method to impute heterozygosity / homozygosity.
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