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[bookmark: _6tlplzabg3di]Appendix 1: Pipeline implementation details
As input, UnCoVar requires short-read sequencing data in paired-end FASTQ format (e.g., produced by the Illumina platform) or long-read data in single-end FASTQ format (e.g., produced by the Oxford Nanopore platform), a sample sheet containing information about the reads, and a (predefined) configuration file. Several different Illumina platform protocols for SARS-CoV-2 sequencing exist. The spectrum ranges from shotgun, e.g., [1], to multiplex tiling PCR-based approaches, e.g., [2-5], each posing specific challenges for downstream processing.
If the raw data was generated via an amplicon procedure, e.g., multiplex tiling PCR sequencing, an additional alignment file containing primer pairs with genomic coordinates can be provided for gene-specific primer sequence clipping.
UnCoVar uses BWA-MEM [6] for read alignment and minimap2 [7] for contig and genome alignment. For preprocessing and quality control of the raw data, UnCoVar uses fastp [8], bwa [62], and BAMclipper [9] (in case of amplicon reads). First, reads with an average Phred quality less than 20 and a length less than 30 base pairs are excluded. The thresholds can be modified via the configuration file. Next, adapter trimming is performed. The adapter sequences to be trimmed can also be specified in the configuration file. Finally, any host contamination is removed by aligning the reads against a combined reference of the human (defaults to GRCh38.p13) and the SARS-CoV-2 reference genome (defaults to NC_045512.2). These references are adjustable via the configuration file. All reads mapping the human reference genome are discarded, and only sequences that are either unaligned or aligned to the SARS-CoV-2 reference genome are considered in subsequent steps. For reads generated by an amplicon procedure, gene-specific primer sequences are removed by hard-clipping.
Preprocessed and quality-controlled reads are de novo assembled using MEGAHIT [10] or, in the case of amplicon data, by metaSPAdes [11]. To improve the assembly results, the resulting contigs are subsequently scaffolded against the SARS-CoV-2 reference genome sequence using raGOO [12].
To detect candidate single and multiple nucleotide variants (SNVs, MNVs) as well as small insertions and deletions (indels), Freebayes [13] is employed, whereas for structural variants, Delly [14] is used. Once candidates are detected, Varlociraptor [15] is utilized to evaluate the candidates with a unified statistical model. Artifacts are separated from genuine variants via a false discovery rate control.
This variant calling approach is used in three different ways. First, we use it to polish de novo assemblies (thereby mapping and comparing reads against the assembly instead of the SARS-CoV-2 wild-type reference genome) by employing BCFtools consensus [16] (for Illumina data) and Medaka variants (for Nanopore data) to apply variants of sufficient allelic fraction to the assembled virus genome. Likewise, we mask unclear loci (using configurable thresholds for coverage and minimum major allele fraction) with the corresponding IUPAC codes. Second, we use the called variants to alter the SARS-CoV-2 wild-type reference genome, thereby generating a reference-guided consensus sequence. This can serve as a fallback solution in cases where the de novo assembly fails (e.g., due to missing coverage). However, de novo assembly should be preferred, as pseudoassembly naturally introduces bias toward the reference genome. Third, variant calling is used to report individual variants for detailed inspection.
SARS-CoV-2 lineage assignment of the assembly is done using Pangolin [17], which employs the dynamic nomenclature for SARS-CoV-2 lineages suggested by Rambaut et al. [18]. The underlying Pangolin database, used by pangoLEARN, is updated automatically for each run of the workflow to provide the most up-to-date nomenclature. The most current version of Pangolin should provide the best possible result. However, if the user wants to reproduce past analyses, it is still possible to downgrade the version of Pangolin and Pangolin-data by adjusting the respective Conda environment. Additionally, Kallisto [19] quantifies abundances of sequences belonging to SARS-CoV-2 lineages (which can be downloaded and prepared via GISAID) using preprocessed and quality-controlled short reads. These quantifications can be used to verify the predictions of Pangolin. In addition, this approach enables the detection of mixed infections with several lineages.
UnCoVar provides a comprehensive and interactive interface that aggregates data from various steps of the workflow into six main sections. The first section displays plots of lineage assignments across all patient samples over time (all plots are produced using Altair [20, 21]. A summary table is provided, which contains read counts for the raw, trimmed, and filtered reads, as well as the length of the longest initially assembled contigs. Additionally, the lengths of the scaffolded contigs and the reference-guided pseudoassembled sequences are displayed. An overview of contamination per sample based on the raw reads is provided (determined by Kraken2 [22], using the MiniKraken2 v2 8GB database). The assigned SARS-CoV-2 lineages and variant calls with their corresponding allele frequencies are displayed.
The second section of the report contains detailed information on variant calls, explorable using an interactive graphical interface. For each gene, the variants, impact, consequence, and allele frequency can be investigated. In addition, all the statistical evidence from Varlociraptor’s model and individual read alignments are visualized.
Section 3, “Sequencing Details”, provides a sanity check of the sequencing run and the assemblies. In addition to plots displaying the read coverage of the SARS-CoV-2 reference genome and the assembled sequence, MultiQC [23] is used to aggregate information throughout various stages of the workflow. For example, the raw short-read data is visualized by parsing the output from FastQC [24] and Kraken2. Several assembly metrics can be examined more closely by investigating the output from QUAST [25]. The necessary alignments of the contigs to the SARS-CoV-2 reference are performed by minimap2 [7].
The next two sections of the report focus on data access and provision. In addition to the final polished assembled sequences, variant call files are available for download. This data can be examined further, e.g., by uploading it to the UCSC SARS-CoV-2 Genome Browser [26].
The last section aggregates all sequences with at least 90% identity to the SARS-CoV-2 wild-type reference genome and whose proportion of Ns in the reconstructed genome is less than or equal to 5%. This section is aimed explicitly at health institutions (such as the German Robert Koch Institute), which require high-quality genome data, e.g., for molecular surveillance.

Appendix 2: Runtime
Runtime tests were carried out on an Intel Xeon Silver 4216 CPU (64 cores, 2.1 GHz) with 191 GB of memory. When using UnCoVar for the first time, various environments are installed, databases are downloaded, and indexes are created. This fully automated initial setup took approximately one hour (57 min ± 4.2 min) and only needed to be carried out once. To evaluate the runtime of UnCoVar, four datasets with 20 samples per set were simulated. The sizes of the datasets were varied by generating different numbers of reads per sample. These sizes correspond to the 25%, 50%, 75% and 100% quantiles of numbers of reads per sample seen in historical clinical data. UnCoVar was executed ten times on each dataset, and the runtime for running the complete workflow (excluding time for initial setup) was measured (Figure A1).
The median processing times of UnCoVar were as follows:
· 18 minutes for a sample with 130,000 reads per paired-end FASTQ file,
· 24 minutes for a sample with 300,000 reads,
· 46 minutes for a sample with 540,000 reads, and
· 2 hours and 2 minutes for a sample with 5,000,000 reads.
Since UnCoVar is based on Snakemake, computing steps are automatically parallelized based on user specified resource constraints and the utilized underlying computing infrastructure (workstation, compute server, cluster, cloud, see [27]).UnCoVar can parallelize the processing of several samples.
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[bookmark: _1ksv4uv]Figure A1: Distribution of UnCoVar’s average runtime per sample depending on the input size of the sample.
[bookmark: _rmmtsrcbjc7k]Appendix 3: Additional information about the Benchmark Dataset
The clinical dataset was compiled from available SARS-CoV-2 qPCR-positive patient samples from the University Hospital of Essen covering the period from February to September 2021. All samples were processed with NGS on two different sequencing instruments for whole-genome reconstruction and Sanger sequencing for specific regions of interest within the virus spike protein.
Illumina MiSeq instrument:
· EasySeq™ RC-PCR SARS CoV-2 Whole Genome Sequencing Kit, NimaGen, Netherlands
· AmpliSeq™ SARS-CoV-2 Research Panel for Illumina®, Illumina, USAIllumina COVIDSeq Assay Kit, Illumina Inc., USA
Oxford Nanopore GridION instrument:
· ARTIC nCoV-2019 Amplicon Panel v3, Integrated DNA Technologies, USA

The reference dataset can be downloaded from the European Nucleotide Archive: https://www.ebi.ac.uk/ena/browser/view/PRJEB73579

[bookmark: _pb548op87lgw]Appendix 4: Comparison of Assemblers
Using the benchmark dataset, which was additionally prepared with shotgun sequencing (data not shown in the main results), nine different short-read assembly options from four assemblers were tested to determine the most suitable options for SARS-CoV-2 genome assembly. The metrics used for assessment were the N50, the length of the longest contigs after assembly, the length of the sequence after reference-guided scaffolding and the concordance of the contigs with the SARS-CoV-2 reference genome (Figure A2).
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Figure A2: Histograms of SARS-CoV-2 reference genome fractions represented inRelative portion of the assembledthe contigs generated with the different tested assemblers matching the SARS-CoV-2 reference genome (evaluated with QUAST; bins=20). for a) Ssamples of the clinical SARS-CoV-2 benchmark dataset sequenced processed withvia a) shotgun sequencing and b) those prepared with multiplex tiling PCR (Amplicon). Colors represent different assemblers. The desired result for a high-quality assembly is 100 percent representation of the reference genome in the assembled contigs. Mismatching contigs result in the abundance of the bins with lower percentage.
For shotgun sequencing, MEGAHIT, with default settings, produced the highest N50 values and assembled the largest contigs. The resulting scaffolded sequences showed the smallest deviation from the 30 kb length of the reference sequence (Figure 2a). Additionally, the reads of all clinical samples covered at least 95% of the reference genome (Figure A2a).
For multiplex tiling PCR data, SPAdes and metaSPAdes were able to assemble the longest initial contigs (Figure A2b). With slightly longer scaffolded sequences and at least 90% (Figure A2b) reference genome fraction, metaSPAdes was chosen for amplicon-based data. Both selections are in accordance with the findings of Islam et al. (Islam et al., 2021), where MEGAHIT and metaSPAdes outperformed all other assemblers.
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Figure A3: Comparison of MEGAHIT, SPAdes, Trinity and Velvet for SARS-CoV-2 assembly. The x-axis shows the median length (N50) from all contigs per sample, the length of the longest contig after assembly (initial) and the length of the sequence after reference-guided scaffolding (scaffolded), each in number of base pairs; a) represents patient samples from the clinical benchmark dataset, sequenced with shotgun sequencing, whereas b) the samples were sequenced with a multiplex tiling PCR (amplicon) procedure.
Appendix 5: Specificity on Non-SARS-CoV-2 Coronaviruses
UnCoVar was tested on six non-SARS-CoV-2 coronaviruses to determine whether the workflow produced false positive results. Using mason2 [28], reads were generated based on the genome sequences of two Alphacoronaviruses and four Betacoronaviruses lineages, namely:
· human coronavirus NL63 (NCBI Reference Sequence: NC_005831.2),
· human coronavirus 229E (NCBI Reference Sequence: NC_002645.1),
· human coronavirus OC43 strain ATCC VR-759 (NCBI Reference Sequence: NC_006213.1),
· human coronavirus HKU1 (NCBI Reference Sequence: NC_006577.2),
· middle East respiratory syndrome-related coronavirus (NCBI Reference Sequence: NC_019843.3) and
· severe acute respiratory syndrome-related coronavirus Tor2 (NCBI Reference Sequence: NC_004718.3).
As expected, assembly was successful, but scaffolding did not generate consensus sequences, except for the SARS-CoV-Tor2. All viruses tested were not assigned to a SARS-CoV-2 lineage, indicating that UnCoVar does not produce false-positive results for non-SARS-CoV-2 coronaviruses.
Appendix 6: Sequencing Depth Required for Lineage Calling
To investigate how much sequencing effort must be invested for successful lineage calling, we created several samples with varying numbers of reads (ranging from 100 to 1,000,000 reads per sample) and with three different read lengths (100 bp, 150 bp, 250 bp). For each combination, 100 samples were generated using mason2. UnCoVar was executed on these samples., Cand correct lineage calls on theobtained from preprocessed reads, the largest assembled contig, the scaffolded sequence, the variant called the polished, scaffolded sequence, and the pseudoassembled sequence awere summarized in Figure A4.
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[bookmark: _3j2qqm3]Figure A46: Number of correct lineage calls on samples with varying number and length of reads. The x-axis shows the length of the reads in the simulated samples; the y-axis shows the length of the reads in the simulated samples. The columns show the different processing states of the simulated samples across the workflow. The numbers in the boxes and their colors correspond to the correct lineage calls of the respective tools.
As can be seen in Figure A4.1, Kallisto could identify the correct lineage based on the preprocessed reads in most cases, even for samples with a low read count and length. For lineage calls that are conducted with Pangolin (Figure A4.2-4), greater sequencing effort must be made, as sufficient data must be available for good-quality assembly. It is also apparent that scaffolding after assembly is beneficial for lineage calling, as more samples could be correctly called with lower read counts and lengths. Furthermore, polishing of the scaffolded sequences did not affect the determination of lineage (Figure A4.3+4). Last, lineage calling on the pseudoassembled sequences required even more data than lineage calling on the assembly. As these results derive from artificially generated reads, the outcome could differ with the use of real data, as those can be more complex. The variant calls need a certain probability, which cannot be determined accurately with insufficient coverage of the respective base. These "weakly" represented variants are evaluated with a nonsignificant variant allele frequency and therefore are not used for constructing the reference-guided pseudoassembly. Moreover, the reference-guided pseudoassembly requires 10x coverage (this factor can be changed in the configuration file).
Based on this result, we would recommend a minimum sequencing depth of 3000 reads per sample with a read length of 100 bp, 700 to 1000 reads with a read length of 150 bp and 500 reads if you use a read length of 250 bp, to obtain a correct lineage identification based on assembled genomes.The data presented in Figure 5 can be used to allocate the limited sequencing budget of the Illumina instruments and thus help determine the potential number of samples per sequencing run. For example, if 90% of the reads per sample are SARS-CoV-2 related and 2% are duplicates, more than 9,000 to 16,000 samples could be sequenced on a MiSeq instrument depending on the chosen reagent kit. However, the theoretical number of samples that can be multiplexed is limited by index availability. Thus, Illumina devices can be fully loaded when analyzing the resulting data with UnCoVar. However, if that sequencing depth is not achieved, Kallisto can provide an adequate fallback, with as little as 100 reads.
[bookmark: _dzni9a6h1937]
[bookmark: _q600iixmwh71][bookmark: _d3p491sfd44e]








[bookmark: _ritsdumixp84]
Appendix 7: Other Pipelines
Table A1: Overview of all pipelines tested for comparison, * indicates the availability of methods for processing both Illumina and Nanopore reads.
	Pipeline
	Used
	Variant caller version for Nanopore data
	Sequencing technology

	Artic
	No, only reporting empty vcf-files
	nanopolish
	Nanopore

	
	yes
	medaka
	

	ncov2019-artic-nf*
	no, medaka minion failing
	nanopolish
	

	
	no, medaka minion failing
	medaka
	

	nf-core-viralrecon*

	no, medaka minion failing
	nanopolish
	

	
	no, medaka minion failing
	medaka
	

	poreCov
	no vcf-output
	
	

	CovPipe
	yes
	
	Illumina

	nf-core-viralrecon*
	yes
	
	

	ncov2019-artic-nf*
	No, Nextflow preview function is deprecated
	
	

	signal
	No, fails because of Pangolin update, which uses GitHub API, which rate is limited to 60 requests
	
	

	Snakelines
	No, bowtie 2 cannot find a reference, required by the default software dependencies
	
	

	V-pipe
	yes
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