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Zusammenfassung 

Paarweises Alignment von Proteinsequenzen ist eine grundlegende 

Analysemethode der Bioinformatik. Seit dem Aufkommen von Next-Generation-

Sequencing haben die anfallenden Sequenzdatenmengen einem exponentiellen 

Wachstum unterlegen. Insbesondere im Rahmen von Metagenomik-Studien wird 

DNA in der Größenordnung von Terabasen aus der Umwelt oder Wirtsorganismen 

sequenziert, und sensitives Sequenzalignment auf Proteinebene ist eine 

Schlüsselmethode, um die enorme Vielfalt mikrobiellen Lebens zu erforschen. Im 

Rahmen evolutionärer Studien ermöglicht es das paarweise Proteinalignment, 

entfernt verwandte Sequenzen zu erkennen, die über Milliarden von Jahren 

voneinander divergiert sind. Als Standardsoftware für Proteinalignment gilt NCBI 

BLAST, dessen rechnerische Leistungsfähigkeit nicht ausreichend ist, um 

gegenwärtig existierenden Datenmengen gerecht zu werden, und eine Rechenzeit 

von Jahrzehnten zur Auswertung großer Datensätze benötigen würde. Dies hängt 

mit der grundsätzlichen algorithmischen Schwere des Alignmentproblems auf 

Proteinen mit bis zu 20% Sequenzidentität hinunter ab, für das keine effizienten 

Lösungen bekannt sind. In dieser Arbeit wird der Proteinaligner DIAMOND 

vorgestellt, dessen erste Version bis zu 20.000-fach schneller als BLAST für das 

Alignment von Short Reads ist, sowie 650 bis 2.500-fach schneller in seinem 

sensitiven Modus, der bereits für ein breites Anwendungsspektrum geeignet ist. 

Darüber hinaus wird die Weiterentwicklung DIAMOND v2 vorgestellt, die einen 

Speedup von 80 bis 360 gegenüber BLAST bei vergleichbarer Sensitivität erreicht, 

sowie von 12 bis 15 gegenüber der Konkurrenzsoftware MMseqs2 und 6 bis 8 

gegenüber der ersten Version von DIAMOND. Algorithmisch zentrale Aspekte sind 

zum einen mehrfache spaced Seeds, mit denen die Spezifität des Seedings 

entscheidend verbessert wird. Zum anderen ist dies die doppelte Indexierung von 

Query- und Targetsequenzen, die eine effiziente Verarbeitung der Seedtreffer unter 

verbesserter Ausnutzung der CPU-Caches ermöglicht. Zuletzt ist die konsequente 

Optimierung der Verabeitungspipeline durch SIMD-Instruktionen und geeignete 

Heuristiken wichtig, um die Performance wesentlich über das Niveau elementarer 

Ansätze hinaus zu steigern. 
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Summary 

Pairwise alignment of protein sequences is a fundamental method of 

bioinformatics. Since the advent of Next Generation Sequencing, the arising 

quantities of sequence data have grown exponentially. In the context of 

metagenomics studies, DNA in the order of terabases is sequenced from the 

environment or host organisms, and sensitive protein alignment is a key method to 

investigate the enormous diversity of microbial life. In the context of evolutionary 

studies, pairwise protein alignment enables the detection of distantly related 

sequences that have diverged over billions of years. The standard software for 

protein alignment is NCBI BLAST, whose computational performance is not sufficient 

to process currently existing quantities of data, requiring decades to analyse large 

datasets. This is due to the fundamental algorithmic hardness of the alignment 

problem on proteins down to 20% sequence identity, for which no efficient solutions 

are known. In this work I present the protein aligner DIAMOND, whose first version 

was up to 20,000-fold faster than BLAST for short read alignment, and 650 to 2,500-

fold faster in its sensitive mode that was already suitable for a broad range of 

applications. Furthermore, I present the enhanced version DIAMOND v2 which 

achieves a speedup of 80 to 360 vs BLAST at comparable sensitivity, a speedup of 

12 to 15 vs the competitor tool MMseqs2, and a speedup of 6 to 8 vs the first version 

of DIAMOND. Central algorithmic aspects are multiple spaced seeds that drastically 

improve the specificity of seeding, and furthermore the double indexing of query and 

target sequences allowing the efficient processing of seed hits with improved use of 

the CPU caches. Lastly, the consequent optimisation of the processing pipeline using 

SIMD instructions and suitable heuristics is important to increase the performance 

substantially beyond the level of elementary approaches.                      
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1. Introduction 

1.1 Overview 

Sequence alignment is a fundamental operation in bioinformatics to identify 

evolutionarily related sequences and variation among organisms, supporting life 

scientists across a wide range of disciplines from agriculture to zoology. While the 

signal of DNA sequence comparisons gets blurry at around 60% sequence identity, 

the pairwise alignment of primary protein structures can detect sequences of 

common ancestry that have diverged over billions of years of evolution. 

Since the advent of Next Generation Sequencing, the field of metagenomics 

has made heavy use of large-scale protein sequence comparisons to explore the 

vast biodiversity of microbial life that may comprise up to one trillion species (Locey 

and Lennon 2016). Efforts such as the Human Microbiome Project (“Human 

Microbiome Project” 2013) and the Tara Ocean Foundation (Sunagawa et al. 2015) 

have sequenced and studied terabases of DNA in order to advance our 

understanding of microbiology and drive biotechnological and medical applications. 

The bacterial communities inhabiting the human gut are known to have a strong 

effect on our overall health, and an imbalanced gut microbiome has been implicated 

as a factor in various diseases, including rheumatoid arthritis, diabetes, asthma, 

inflammatory bowel disease, chronic kidney disease, and even neurological disorders 

by the means of the “gut-brain axis” (Vijay and Valdes 2022; Mayer, Tillisch, and 

Gupta 2015). Clinical metagenomic sequencing is employed for infectious disease 

diagnostics, antibiotic resistance prediction, outbreak surveillance and epidemiology, 

human host response analysis, and oncology to study viruses associated with cancer 

(Chiu and Miller 2019). 

Environmental habitats like soil or the ocean are abundantly populated by 

microorganisms which play an essential role in the nutrient cycles of these 

ecosystems and the health of our planet. A single gram of soil may contain billions of 

bacterial cells of 4,000 to 50,000 distinct species (Raynaud and Nunan 2014). Marine 

environments are dominated by microbes with respect to biomass and metabolic 

activity from photosynthesis to biodegradation (Kennedy et al. 2010). Metagenomic 

sequencing allows us to investigate the functioning of these communities comprised 
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of mostly unculturable organisms. Possible applications include the improvement of 

soil health and fertility for agricultural use, the bioremediation of contaminated soils 

and the screening of soil environments for molecules relevant to industrial processes 

and products such as cellulases, lipases or xylanases (Sabale, Suryawanshi, and 

Krishnaraj 2020). Oceanic microbes are a largely unexplored source of 

pharmaceutically relevant compounds that may exhibit anti-microbial, anti-viral, anti-

tumour, anti-parasitic, anti-inflammation, or neurological activity (Trindade et al. 

2015). 

Beyond microorganisms, future ambitions include the Earth Biogenome 

Project (Lewin et al. 2018) which aims to sequence 1.8 million eukaryotic species 

within this decade. Large-scale comparative genomics and annotation will be the 

computational groundwork to make use of this dataset. Alignment sensitivity is crucial 

for comparing genomes across large evolutionary distances, as a large proportion of 

orthologous relations in the eukaryotic domain are highly diverged on the sequence 

level (Ruperti et al. 2023). The project is expected to advance a wide range of 

biotechnological and medical applications, such as drug discovery in marine 

eukaryotes or plants, the production of lignocellulose-derived biofuels (Lam et al. 

2021), the cleaning of waste streams, the replacement of synthetic industrial 

materials by biology-based alternatives like bioplastics or spider silk 

(Ramezaniaghdam, Nahdi, and Reski 2022; Rosenboom, Langer, and Traverso 

2022), or the production of food additives for meat substitutes (Voigt 2020; Lewin et 

al. 2018). Crops could be engineered that have higher yield, more nutritional value, 

are more resistant to heat, drought, or pathogens, and remove more CO2 from the 

atmosphere and store it in the ground (Exposito-Alonso et al. 2020). 

The Earth Biogenome dataset will also be an unprecedented opportunity to 

study questions of evolution on a large interspecific scale, and sensitive alignment in 

protein space will relate organisms and their genes across the tree of life. Studying 

the evolution of proteins can furthermore yield insights about their structure, function, 

and interactions. Gene age inference has been an important tool in studying 

developmental processes (Domazet-Lošo and Tautz 2010) (Quint et al. 2012). The 

emergence of cancer-associated genes has been strongly linked to the evolution of 

multicellularity and the origin of the first cell (Domazet-Loso and Tautz 2010), and the 

integration of phylogenetic and gene expression data has been used to study the 
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evolutionary patterns of cancer-associated pathways (L. Zhang et al. 2019). The 

recent breakthrough of AlphaFold2 (Jumper et al. 2021) demonstrated the use of 

evolutionary information at a large scale, where coevolving loci identified on the basis 

of multiple sequence alignments of related proteins enable the in-silico prediction of 

tertiary structure. The first step of the AlphaFold2 prediction is aligning the query 

sequence against MGnify (Mitchell et al. 2019) and the “Big Fantastic Database”, 

clustered databases each containing more than two billion protein sequences. 

The insights gained from sensitive sequence alignment in protein space come 

at the expense of the computational effort needed to generate them. The standard 

tool for this task has been considered NCBI BLAST (Altschul et al. 1990) for more 

than 30 years. Given current database sizes (NCBI non-redundant, 514 million 

sequences as of November 2022), BLAST aligns proteins at a speed of 2.1 

 

Figure 1. The growth of NCBI RefSeq since 2004 at logarithmic scale, from the U.S. National Center for 

Biotechnology Information. 

sequences/CPU hour1, rendering it impractical for large-scale computations. For 

example, analysing the 40 million protein sequences of an ocean microbial reference 

catalogue created from Tara Oceans samples (Sunagawa et al. 2015) in this way 

 

1 Measured using a sample of 3,000 sequences from UniRef50 on an Intel Xeon Platinum 
8360Y system with 64 cores. 
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would run for 34 years on a 64-core server. Meanwhile, ongoing sequencing efforts 

across the life sciences community have led to growth of publicly available data at a 

near-exponential rate (Fig. 1). This is still only the beginning of the possibilities and 

ambitions that exist, representing only a small fraction of the planet’s biodiversity. 

Computational efficiency is a key factor in addressing the challenges of biological big 

data which would otherwise overwhelm our research infrastructures and analytics 

pipelines. 

Considerable effort has been spent on developing faster BLAST alternatives 

(Kent 2002; Edgar 2010; Kiełbasa et al. 2011; Ye, Choi, and Tang 2011; Zhao, Tang, 

and Ye 2012; Hauswedell, Singer, and Reinert 2014; Hauser, Steinegger, and 

Söding 2016), but the problem of protein alignment remains computationally hard 

and further improvements are necessary to keep up with the pace of incoming data. 

Additionally, these efforts were focused on gaining speed at the expense of 

sacrificing sensitivity, mostly disregarding the “twilight zone” of protein alignment at 

below 35% sequence identity (Rost 1999). Meanwhile, fully replacing BLAST with a 

substantially faster tool for detecting distant similarities down to 20% pairwise identity 

has remained a longstanding unsolved problem. The algorithmic hardness of this 

problem is particularly clear by the fact that even exhaustive Smith Waterman 

searches can be computed at a similar speed than BLAST (Rognes 2011), exposing 

a lack of efficient solutions. 

In this work I will introduce the protein sequence aligner DIAMOND (Benjamin 

Buchfink, Xie, and Huson 2015; Benjamin Buchfink, Reuter, and Drost 2021) and 

discuss algorithms and code to solve the pairwise protein alignment problem more 

efficiently than possible with previous state-of-the-art software. I will show 

considerable advancements by combining algorithm design with an understanding of 

the underlying hardware. Fully making use of the capabilities of modern computing 

architectures and upholding technical code quality will result in actionable solutions to 

support the life science community. 

1.2 Basics of protein alignment 

The primary protein structure is defined by the linear chain of amino acid 

residues. The standard genetic code maps the coding space defined by 64 distinct 

codon triplets to the standard amino acid alphabet of size 20. Defining a pairwise 
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alignment of two sequences requires a measure of similarity for the amino acid 

residues, which is typically constructed based on a set of manually curated 

alignments (Henikoff and Henikoff 1992). From these alignments we can observe the 

target frequencies (𝑞𝑖,𝑗)𝑖,𝑗∈[1;20] of substitutions of amino acid i by amino acid j as well 

as the background frequencies (𝑝𝑖)𝑖∈[1;20] of the occurrence of amino acid i. We then 

define a 20x20 scoring matrix whose entries are defined as 

𝑠𝑖,𝑗 =
1

𝜆
ln

𝑞𝑖,𝑗

𝑝𝑖𝑝𝑗
      𝑖, 𝑗 ∈ [1; 20] 

with 𝜆 being a scaling factor and the 𝑠𝑖,𝑗 typically being rounded to the next integer. 

This log-odds ratio definition allows us to discretise the probability ratio between the 

foreground model (corresponding to alignments of homologous sequences) and the 

background model (corresponding to spurious similarities) and to quantify the 

statistical significance of alignments. The widely used BLOSUM substitution matrices 

were constructed in several flavours (e.g., BLOSUM62) denoting that only sequences 

of less than 62% pairwise identity were used for the initial seed alignments. 

For the purpose of this thesis, I will only consider local alignments, meaning 

that only pairs of segments of the two sequences are aligned. In addition to the 

substitution scores given by the scoring matrix, we will manually define a gap open 

penalty Q and gap extension penalty R for scoring alignments with gaps. The optimal 

local alignment with affine-linear gap penalties of a query sequence q of length m 

and a database sequence d of length n is defined as the result of the Smith-

Waterman-Gotoh algorithm (Gotoh 1982): 

𝐻𝑖,𝑗 =

{
 
 

 
 
max

{
 

 
𝐻𝑖−1,𝑗−1 + 𝑠𝑞𝑖,𝑑𝑗

𝐸𝑖,𝑗
𝐹𝑖,𝑗
0

||𝑖, 𝑗 > 0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

𝐸𝑖,𝑗 = {
max {

𝐻𝑖,𝑗−1 − 𝑄

𝐸𝑖,𝑗−1 − 𝑅
|𝑗 > 0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

𝐹𝑖,𝑗 = {
max {

𝐻𝑖−1,𝑗 − 𝑄

𝐹𝑖−1,𝑗 − 𝑅
|𝑖 > 0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

𝑆 = max
𝑖∈[1,𝑚],𝑗∈[1,𝑛]

𝐻𝑖,𝑗 
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The final score S represents the score of the optimal local alignment between the 

sequences. This algorithm is a classic example of dynamic programming (DP) where 

the solution of a problem is recursively constructed based on the solution of smaller 

subproblems (here: subsequences). The concept of a single optimal local alignment 

can be generalized to that of a HSP (high-scoring segment pair) (Fig. 2) as any 

alignment of a pair of segments of the sequences whose score cannot be increased 

further by extending the segments in any direction, accounting for the fact that two 

sequences may in general share multiple independent regions that are locally similar. 

 Assessing the statistical significance of an alignment is typically done based 

on the e-value (Karlin and Altschul 1990; Altschul et al. 1990): 

𝑒𝑣𝑎𝑙𝑢𝑒(𝑆) = 𝐾𝑚𝑛𝑒−𝜆𝑆 

K is a statistical parameter of the scoring matrix, m is the length of the query 

sequence, and n is the total length of the search database (in amino acid residues). 

The expected value of the number of HSPs of score S or higher occurring for random 

query and database sequences of lengths m and n is a powerful statistical tool to 

distinguish between true alignments resulting from homology and spurious 

similarities that inevitably occur when searching through large sequence databases. 

Tools like BLAST and DIAMOND will by default filter their alignment output by an e-

value threshold to guide users in considering only hits that are statistically significant. 

1.3 Prior work 

NCBI BLAST (Altschul et al. 1990, 1997) is (to the best of my knowledge) the 

most highly cited bioinformatics tool of all time and still considered the “gold 

>hemoglobin, theta T2 [Mus musculus] 

Sequence ID: NP_778165.1 Length: 145 

Range 1: 4 to 135 

 

Score:75.5 bits(184), Expect:7e-15,  

Method:Compositional matrix adjust.,  

Identities:47/138(34%), Positives:70/138(50%), Gaps:8/138(5%) 

 

Query  5    TPEEKSAVTALWGKV--NVDEVGGEALGRLLVVYPWTQRFFESFGDLSTPDAVMGNPKVK  62 

            + +++  V ALW K+  NV     EAL R  V +P T+ +F         D   G+ +VK 

Sbjct  4    SQDDQWLVLALWKKMGSNVGIYTTEALERTFVAFPSTKTYFPHL------DLRPGSSQVK  57 

 

Query  63   AHGKKVLGAFSDGLAHLDNLKGTFATLSELHCDKLHVDPENFRLLGNVLVCVLAHHFGKE  122 

            AH +KV  A +    HLD+L  + + LS+LH  KL VDP NF+     L+  LA H+  + 

Sbjct  58   AHAQKVADALTLATQHLDDLPASLSALSDLHAHKLCVDPANFQFFSCCLLVTLARHYPGD  117 

 

Query  123  FTPPVQAAYQKVVAGVAN  140 

            F+    A     V+G  + 

Sbjct  118  FSGEKDACLLGHVSGSCD  135 

Figure 2. A HSP computed by NCBI BLAST for the human hemoglobin subunit beta (NP_000509.1). 
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standard” tool for pairwise protein alignment. Remarkably, BLAST has not been fully 

replaced by any other tool to date, despite the fact that its core algorithm has not 

changed for 30 years and the heavy computational burden it imposes. This speaks to 

the hardness of the problem it solves and its seeming resistance to better algorithmic 

solutions. 

BLAST was one of the first tools to pioneer the seed-and-extend approach of 

computing alignments as opposed to rigorous Smith-Waterman searches. Seeding 

here refers to matching short exact subsequences, which are then extended to 

longer, inexact alignments. The core idea of BLAST is to extract all 3-mers2 (seeds) 

from the query sequence and store them in an index data structure along with their 

neighbouring 3-mers. Two 3-mers are considered neighbours if their alignment score 

according to the substitution matrix is above a certain threshold. The BLAST 

algorithm scans linearly over the database sequences, looks up the 3-mers in the 

query index and triggers an extension if two 3-mer hits are found on the same 

diagonal3 within a 40-letter window. If an ungapped extension at the seed hit location 

satisfies a minimum score threshold, a gapped alignment anchored at the seed hit is 

computed using the X-drop approach, meaning that the computation of paths in the 

dynamic programming matrix will be abandoned if the score drops below a certain 

difference to the maximum along the path. 

Using the default thresholds, the BLAST algorithm comes close to the optimal 

sensitivity achievable by a full Smith-Waterman computation. The seeding strategy in 

this setup however produces many orders of magnitude more false positives hits 

than it finds significant alignments. For comparing two random sequences of length 

300, the expected value of the number of (ungapped) extensions triggered by the 

BLAST algorithm is approximately 7.4, making it barely more efficient than a brute-

force all-vs-all comparison4. In fact, it has been shown that a well-optimized and 

vectorized Smith-Waterman search can almost reach the search speed of BLAST 

(Rognes 2011). While most other alignment tools in use can be fast due to effective 

filtration of the search space by sufficiently long and specific seeds, the low filtration 

efficiency of a seeding sensitive enough to detect pairwise similarities down to 20% 

 

2 A k-mer is defined as a subsequence of k consecutive letters. 
3 For query position i and target position j, the diagonal is defined as i - j. 
4 An estimate for the expected value was empirically determined by running BLAST on 

randomly generated protein sequences and having it output the number of extensions computed 
(unpublished). 
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sequence identity precludes a fast solution of this problem. Consequently, BLAST 

has not been fully replaced by any other software over more than three decades, and 

the life sciences community is still investing considerable resources into operating it 

every day. 

FASTA (Pearson and Lipman 1988) was an even earlier tool that uses short k-

mers (usually k=2 for proteins) to filter sequences for regions of interest and 

determine initial diagonals as anchor points for extension. 

Many faster BLAST alternatives were proposed over the years. Since the full 

search sensitivity down to the twilight zone is not necessary for many downstream 

applications, it is an attractive option to sacrifice sensitivity to gain speed. This is 

mostly accomplished by choosing longer, more specific seeds in combination with a 

basic design that most alignment tools follow: 

1. Index the seeds of the reference database in some suitable index data 

structure e.g. hash tables, suffix arrays, or the FM-Index (Ferragina and 

Manzini 2000). 

2. Read linearly over the query sequences, extract seeds and look them up in 

the index. 

3. Compute gapped extensions at the seed hit locations. 

Tools that fall into this category include BLAT (Kent 2002), USEARCH (Edgar 

2010), LAST (Kiełbasa et al. 2011), RAPSearch (Ye, Choi, and Tang 2011), SANS 

(Koskinen and Holm 2012), RAPSearch2 (Zhao, Tang, and Ye 2012), SANSparallel 

(Somervuo and Holm 2015), SWORD (Vaser, Pavlović, and Šikić 2016), MMseqs 

(Hauser, Steinegger, and Söding 2016), MMseqs2 (Steinegger and Söding 2017) 

and TOPAZ (Medlar and Holm 2018). 

BLAT uses k-mers of length of 3-7 that are indexed in a table or hash table, 

also requiring multiple hits per target sequence to increase specificity. USEARCH 

uses a similar strategy of ranking target sequences based on the counts of seed hits 

and only evaluating the most promising candidates. LAST leverages the suffix array 

data structure to use seeds of variable length, limiting the search space by increasing 

the seed length for each lookup position until the hit count is below a user-defined 

threshold. RAPSearch uses the suffix array in a similar way as LAST combined with 

a reduced alphabet, while RAPSearch2 indexes 6-mers in a hash table. SANS 

(“suffix array neighbourhood search”) also uses a database suffix array to scan for 
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seeds that inexactly match the query, so do its successor tools SANSparallel and 

TOPAZ. SWORD indexes database k-mers of length 3-5 in a hash table and 

reportedly achieves a speedup of 8-16 over BLAST with comparable sensitivity. 

Similar to BLAST, it also indexes neighbouring seeds and requires at least two seed 

hits on the same diagonal for triggering an extension. Speed is gained by ranking the 

target sequences based on their seed hits for each query and only considering a 

certain number of best candidates. MMseqs indexes database 6-mers in a hash 

table and ranks target sequences by their prefilter score derived from seed hits, while 

the search sensitivity is controlled by also conducting inexact seed lookups. 

MMseqs2 simplified this idea by scanning for two adjacent seed hits on the same 

diagonal (“double-match criterion”), which can in practice be evaluated faster due to 

a more cache-friendly implementation. It offers a wide range of sensitivity settings 

and reportedly comes close to the sensitivity of BLAST at a 36-fold speedup. 

Tools that deviate from this standard algorithm design include PLAST 

(Nguyen and Lavenier 2009) which proposed the use of two index data structures for 

both queries and targets and computing alignments in seed-by-seed order, reportedly 

achieving a speedup of 3-6 vs BLAST with similar sensitivity. PSimScan (Kaznadzey 

et al. 2013) is more similar to the original BLAST algorithm as it indexes batches of 

queries instead of the database using 5-mers. It reportedly is 5-100 times faster than 

BLAST but does not match its full sensitivity. Lambda (Hauswedell, Singer, and 

Reinert 2014) also makes use of double-indexing, indexing the query seeds in a trie 

and the targets in a suffix array. GHOSTX (Suzuki et al. 2014) uses double-indexing 

with suffix arrays and reportedly achieved a speedup of 131 to 165-fold of BLASTX 

for short read alignment only. PAUDA (Huson and Xie 2014) is not an alignment tool 

in itself, but solves protein alignment by reducing the protein sequences to a four-

letter alphabet and using the Bowtie2 DNA aligner (Langmead and Salzberg 2012) to 

align the reduced sequences. 

The only of these tools that strive for search sensitivity close to BLAST are 

FASTA, PLAST, SWORD and MMseqs2. Most of the time, better performance is paid 

for by reduced sensitivity. Despite the considerable effort that was invested into 
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developing all of these tools, wide adoption by the research community5 has only 

been achieved by FASTA, BLAST, BLAT, USEARCH, LAST and MMseqs2.  

 

5 Defined here as >500 literature citations according to Google Scholar. 
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2. Algorithms 

2.1 DIAMOND version 0 

In this subchapter I will describe the algorithms of the original DIAMOND 

software as published in November 2014 (Benjamin Buchfink, Xie, and Huson 2015). 

I will refer to this software as DIAMOND v0 in accordance with the public release 

version numbers. At the time, Next Generation Sequencing (NGS) technology was 

relatively new and heavily employed in metagenomics studies to produce large 

quantities of sequencing reads from both environmental and host-associated 

samples. At the same time, researchers lacked the means for efficient computational 

analysis of such vast amounts of data. For one such study conducted by the U.S. 

Department of Energy Joint Genome Institute (Mackelprang et al. 2011), the authors 

produced 190 million Illumina reads from Alaskan permafrost and computed for two 

weeks on a supercomputer (totalling 800,000 CPU hours) to annotate these reads 

against the KEGG database (Ogata et al. 1999) using BLASTX (Jansson 2011). 

Spurred by this analytics bottleneck was the development of the DIAMOND6 protein 

aligner, among other tools. 

2.1.1 Alphabet reduction 

An alphabet reduction maps the 20 standard amino acid residues to a smaller 

alphabet by grouping similar residues (Edgar 2004). Reducing the protein sequences 

in this way prior to extracting seeds is commonly used by many alignment tools, as it 

is known to improve the sensitivity/specificity trade-off (Ye, Choi, and Tang 2011). 

The original version of DIAMOND v0 used a hand-crafted reduction of size 11, while 

later versions used the Murphy10 reduction (Murphy, Wallqvist, and Levy 2000). 

2.1.2 Spaced seeds 

Spaced seeds are extracted out of a sequence according to a pattern of 

“match” and “don’t care” positions (Ma, Tromp, and Li 2002) (e.g. “111101110111”), 

skipping over some letters as opposed to a simple k-mer consisting of k consecutive 

letters in the sequence. They are well known to exhibit better sensitivity for the same 

 

6 An acronym for “Double Indexed AlignMent Of NGS Data”, name conceived by Daniel 
Huson. 
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value of k than a corresponding consecutive seed (here k is the number of match/1 

positions in the seed, also denoted as the weight of the spaced seed). What makes 

them most interesting is the fact that a set of such patterns or seed shapes can be 

designed in a way to complement each other (Ilie and Ilie 2007; M. Li et al. 2004). 

This effect can be quantified as shown by (Fig. 3). We observe that the sensitivity of 

one spaced seed of weight 11 is roughly equivalent to the sensitivity of a set of two 

spaced seeds of weight 12, or four spaced seeds of weight 13, and so on. 

 

Figure 3.The sensitivity of sets of 1 to 16 spaced seeds with increasing weight depending on the 

similarity of a homologous region of length 70, from (Ilie et al. 2011). 

Doubling the number of spaced seeds and simultaneously increasing their weight by 

one thus maintains equal sensitivity, which is a powerful property of multiple spaced 

seeds: while twice the number of seeds will double the computational cost, an 

increase of the weight by one is expected to reduce the number of false positive hits 

by a factor of roughly the size of the alphabet. Thus, multiple spaced seeds are a key 

instrument to increase the filtration efficiency of the seeding and speed up sensitive 

protein alignment where the biggest challenge is to process an overwhelming 

number of random hits. The initial version of DIAMOND v0 used a set of 4 seed 
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shapes of weight 12 for its default mode and 16 seed shapes of weight 8 for its 

sensitive mode. 

2.1.3 Double indexing 

The basic seed-and-extend paradigm is implemented most of the time as 

outlined in the last chapter: an index is built for the database seeds, the queries are 

scanned linearly, the seeds are looked up in the index, and extensions are computed 

at the seed hit locations. This approach works well as long as seeds can be chosen 

sufficiently long and specific such that most of the search space is already eliminated 

at this stage, leaving only a few candidate locations for further evaluation. This is the 

case for typical read mappers designed to map reads against a reference genome of 

the same organism. 

In contrast, sensitive protein alignment across the tree of life presents a 

different problem class. While we did not venture to achieve the sensitivity of BLAST 

when creating DIAMOND v0, the sensitive alignment mode attempts to provide good 

sensitivity for hits of 40% sequence identity and above, which is already much more 

demanding than the typical task of a read mapper. When DIAMOND operates in 

sensitive alignment mode, it may need to process 200 million seed hits to align a 

single query protein sequence, with only 1 in 4,000 seed hits yielding a significant 

alignment7. When dealing with false positive hits of this magnitude, memory latency 

incurred from querying the seed index becomes the limiting factor of the computation. 

The standard seed lookup approach as described above exhibits a quasi-random 

memory access pattern to an index data structure and sequence database many 

gigabytes in size, with little chance of successful utilization of the CPU cache 

memories. Since main memory loads may have latencies of hundreds of clock cycles 

on modern CPUs8, this approach is poorly adapted to modern hardware 

architectures. 

 

7 Numbers empirically determined by aligning a sample of 1,000 sequences from UniRef50 
against the NCBI non-redundant database (514 million entries), unpublished. 

8 For example, the latency was measured at 105 ns on the AMD 3rd generation EPYC Milan 
architecture (https://www.anandtech.com/show/16529/amd-epyc-milan-review/4). 

https://www.anandtech.com/show/16529/amd-epyc-milan-review/4
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Figure 4. Double indexing builds a pair of indexes for the queries and targets and processes them 

together in seed-by-seed order. 

The idea of double-indexing attempts to restructure this computation and 

determine and process seed hits in a cache-aware manner. DIAMOND v0 builds two 

lists of (seed, location)-pairs for the query and target sequences respectively. These 

lists are then sorted on the seed and processed in seed-by-seed order. This 

approach corresponds to the classic sort-merge join algorithm known from database 

systems and was first suggested (to my knowledge) in the context of sequence 

alignment by PLAST (Nguyen and Lavenier 2009). The algorithm reads the index 

data structures linearly, which can be efficiently handled by the hardware prefetcher, 

and completely avoids a random memory access pattern with respect to the index. 

Further, when evaluating the hits of one particular seed, all query and target 

sequences containing it are processed together. As seeds are chosen reasonably 

long in a multiple spaced seeds configuration, this sequence data associated with a 

single seed will usually be limited in size and can therefore be cached and reused by 

the CPU for the full all-vs-all comparison of the query and target locations (Fig. 4). 

2.1.4 Hamming distance filter 

As outlined before, sensitive protein alignment is dominated by the occurrence 

of false positive seed hits, and their rapid elimination is crucial to achieving high 

throughput. Full extension by the means of Smith Waterman of every seed hit 

candidate location is prohibitively expensive, and fast heuristics are essential. Before 

evaluating a seed hit by gapped extension, we will at least require that an ungapped 

extension at the hit location satisfies a certain minimum threshold score. Even this 

computation is relatively expensive however, since for each pair of letters to be 

scored, a separate load from the scoring matrix is required. DIAMOND v0 therefore 
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disregards amino acid substitution scores in the first stage of evaluating seed hits, 

and instead counts the number of identical letters over a 48-letter window aligned at 

the seed hit location. This count is required to be above a certain threshold 

parameter, which is a fixed constant to be empirically determined in order to reach a 

given target sensitivity9. The hamming distance operation can be efficiently computed 

using vector instruction sets, loading 16 (for SSE2) or 32 (for AVX2) sequence letters 

into one SIMD register. My implementation uses the pcmpeqb instruction to test for 

equality, the pmovmskb instruction to move the comparison result to an integer mask, 

and the popcnt instruction to count the number of bits set to 1. The timing for this 

code is about 16 picoseconds per letter compared to 170 picoseconds per letter for 

my own vectorized implementation of ungapped extension using the BLOSUM62 

matrix (created for DIAMOND v2), or 630 picoseconds per letter for scalar ungapped 

extension10. 

2.1.5 Gapped extension 

SIMD vectorisation is essential to achieve high performance when computing 

gapped extensions. The initial version of DIAMOND v0 used my own implementation 

of a modified SWIPE (Rognes 2011) approach to compute gapped extensions that 

are anchored at seed hit locations. The SWIPE approach vectorises the Smith 

Waterman algorithm by aligning multiple target sequences against the same query. 

This algorithm in its published form precludes the computation of banded11 or 

anchored alignments, since each column of the dynamic programming (DP) matrix 

has to span over the whole query sequence by design. I have generalised this 

algorithm to compute alignments of multiple independent query/target pairs by using 

score profiles that are arrays of substitution scores along the query sequences 

against a fixed residue and interleaving the scores from these profiles using a 

vectorised matrix transpose (refer to (Benjamin Buchfink et al. 2023) for a more 

detailed description). This redesign enables the computation of banded and 

anchored alignments. The initial version of DIAMOND v0 computed its extensions 

 

9 DIAMOND has one such constant hard-coded for each of the sensitivity modes that can be 
chosen on the command line, and optionally allows the user to set it manually. 

10 The timings were measured using microbenchmarks included in DIAMOND on an AMD 
Ryzen Threadripper 2970WX system, unpublished. 

11 The Smith Waterman algorithm normally computes a DP matrix of size m*n (m = length of 
the query, n = length of the target). A banded alignment will only evaluate the cells (i, j) of the DP 
matrix between two diagonals, i.e., for which d0 ≤ i – j ≤ d1 holds. 
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anchored at seed hits with a static band depending on the length of the query, which 

saves considerable time compared to a full-matrix Smith Waterman that incurs a 

quadratic cost in the lengths of the sequences. 

2.2 DIAMOND version 2 

In this subchapter I will describe the algorithms of the DIAMOND v2 software as 

published in (Benjamin Buchfink, Reuter, and Drost 2021). While DIAMOND v0 had 

already gained a substantial user community over the years, it still fell short of being 

suitable as a full replacement for BLAST. DIAMOND v0 operates efficiently not least 

due to a seeding configuration that still allows reasonable filtration of the search 

space, thereby compromising with respect to alignment sensitivity. 

To make full use of protein sequence comparisons, sensitivity has to be 

maximised, as related sequences diverge over long evolutionary timescales up to a 

point of being undetectable on the sequence level, while function and structure may 

still be conserved (Ruperti et al. 2023). The general pairwise alignment formulation 

permits the detection of pairwise sequence similarities down to approximately 20% 

sequence identity. As discussed in the “prior work” subchapter, seeding with respect 

to this target sensitivity as implemented by BLAST is barely more efficient than brute-

force, all-vs-all comparison and would overwhelm any naïve alignment algorithm 

design. For DIAMOND v2, we set out to solve the technical challenges associated 

with this problem class and fully replace BLAST for sensitively detecting remote 

homologs across the tree of life. 

I will sketch the most important algorithmic aspects of DIAMOND v2 in this 

chapter but refer to (Benjamin Buchfink, Reuter, and Drost 2021) for a more 

elaborate and exhaustive discussion. 

2.2.1 Double Indexing and multiple spaced seeds 

DIAMOND v2 uses the same basic design as described in the previous 

chapter of double indexing in combination with multiple spaced seeds. When 

attempting to increase sensitivity, seeds inevitable must be chosen shorter, and the 

amount of false positive hits increases exponentially. The synergy of double indexing 

and multiple spaced seeds is key to coping with this problem: the cache-aware 

double indexing reduces the cost of seed lookups and allows us to cheaply use a 
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larger number of multiple spaced seeds, which in turn lets us achieve the same 

sensitivity with longer and more specific seeds, limiting the amount of false positives. 

In addition to the default mode using 2 spaced seeds of weight 10 and the 

sensitive mode using 16 spaced seeds of weight 8, for DIAMOND v2 we have added 

the very-sensitive mode using 14 spaced seeds of weight 7 and the ultra-sensitive 

mode using 64 spaced seeds of weight 7. 

2.2.2 Hamming distance filter 

Shorter seeds necessarily have more occurrences in the query and target 

sequences, increasing the amount of data associated with a seed that must be 

cached and processed together. This data may well exceed the cache capacity 

available on the CPU, and optimal use of the different levels of the cache hierarchy is 

desirable. The hamming distance filter (see previous subchapter) functions at the first 

stage in the pipeline and processes the largest amount of data as it ingests the raw 

seed hits. We have optimised this stage using a loop-tiling strategy  (Wolfe 1989), 

recursively partitioning the seed hit data into work packages such that cache reuse 

across the different levels of the cache hierarchy is maximised. To avoid cache 

pollution by subsequent computations of the pipeline in this stage, seed hits that pass 

the hamming distance filter are buffered prior to further processing. 

2.2.3 Ungapped extension 

A minimum ungapped extension score is required for any seed hit that passes 

through the hamming distance filter stage, which was naively implemented in 

DIAMOND v0 with scalar instructions. We have vectorised this operation for 

DIAMOND v2 using AVX2 instructions to align one query sequence against 32 

targets simultaneously, based on a vectorized 32x32 matrix transpose operation to 

interleave target letters for one query position into an AVX2 register. The matrix 

transposition is implemented as a series of 160 vpunpckh and vpunpckl instructions, 

using the vperm2i128 instruction for 128-bit operations12. Substitution scores against 

target letters interleaved into one register are then loaded using the vpshufb 

instruction. 

 

12 Matrix transposition using SIMD instructions was described previously, e.g. in the SWIPE 
(Rognes 2011) source code. 
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2.2.4 Chaining 

As a prerequisite of computing a banded Smith-Waterman alignment as 

opposed to evaluating the full DP matrix, the seed hits must be used to infer regions 

of interest and the most likely trajectory of the optimal local alignment. To this end, 

DIAMOND v2 will chain the diagonal segments obtained from ungapped extensions 

at the seed hit locations to longer gapped alignments, effectively computing a 

dynamic program on the level of these diagonal segments instead of amino acid 

residues. Such a chaining can be seen as a scaffold for the final alignment to be 

computed and is used to determine the band geometry for a banded Smith 

Waterman alignment. 

2.2.5 Gapped alignment using Smith Waterman  

Targets that passed through the filtering pipeline and satisfied internal 

sensitivity-dependent threshold values in each stage are subjected to banded Smith 

Waterman alignment to produce the final output. As for most of the performance-

critical code in DIAMOND v2, SIMD-vectorisation is essential to achieve good 

performance in this stage. The fastest vectorisation algorithm that has been 

described in the literature is SWIPE (Rognes 2011), which in its basic design is only 

suitable to compute full-matrix local alignments. For DIAMOND v2, I have designed 

and implemented a modified version of the SWIPE algorithm to allow banded 

alignments. While the simple SWIPE approach iterates over the complete query 

sequence for each column of the DP matrix computed, my implementation will 

overlay the columns of the individual targets based on their query ranges (as implied 

by the band defined for the target) and for each column only evaluate the minimum 

query range enveloping these combined query ranges. Geometrically, this cannot be 

fitted ideally most of the time causing extra cells to be computed as overhead, but we 

empirically observed an efficiency of 80%-90% when processing larger databases. 

The main difference of this approach to the approach described in the previous 

subchapter is that no matrix transposition is needed to load the target scores, so the 

performance is closer to the original SWIPE implementation. 
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3. Results and discussion 

3.1 DIAMOND version 0 

3.1.1 Results 

We benchmarked DIAMOND v0.4.7 against BLAST (v2.2.28+) and 

RAPSearch2 (v2.18) (Zhao, Tang, and Ye 2012) on a total of six short-read and long-

read datasets in translated search (BLASTX) mode. We considered RAPSearch2 the 

state-of-the-art tool at the time and therefore omitted benchmarks against any other 

tools. The benchmark datasets were five million Illumina reads (100bp) from the 

Human Microbiome Project (“Human Microbiome Project” 2013), six million Illumina 

reads (average length 114bp) from permafrost (Mackelprang et al. 2011), long-read 

metagenomic datasets sequenced using Ion Torrent, 454 Titanium, and Sanger 

sequencing, as well as 30,000 ORFs predicted from a microbial assembly (Wilson et 

al. 2014). We searched these datasets using BLAST (v2.2.28+), DIAMOND (v0.4.7) 

and RAPSearch2 (v2.18) against the NCBI non-redundant database containing 25.9 

million protein sequences at the time on a 64-core AMD Opteron server with 512 GB 

of RAM. DIAMOND and RAPSearch2 were run in two different modes, indicated as 

fast and sensitive. 

 

Figure 5. Benchmark of DIAMOND and RAPSearch2 against BLAST on six datasets. (a) the speedup 

over BLASTX (b) the percentage of query sequences that were aligned relative to BLAST (c) the percentage of 

alignments that were found relative to BLAST. See appendix (p. 56) for the source data of this figure. From 

(Benjamin Buchfink, Xie, and Huson 2015) (Figure created by C. Xie). 

We configured the tools to report the best 250 alignments per query sequence 

and used the BLAST result as the ground truth for evaluating the other two tools (Fig. 

5). DIAMOND-fast was 20,000-fold faster than BLAST on the short-read datasets 
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and at least 3,000-fold faster on the long-read datasets, and 6 to 38-fold faster than 

RAPSearch2-fast. DIAMOND-sensitive was 650 to 2,500-fold faster than BLAST and 

23 to 58-fold faster than RAPSearch2-sensitive. DIAMOND-fast mapped 91% 

(Illumina permafrost) to 98% (Illumina human microbiome) of the query sequences 

relative to BLAST, while DIAMOND-sensitive mapped more than 97% of queries on 

all datasets. The percentage of the BLAST alignments recovered was in the range of 

53% to 79% for DIAMOND-fast and 78% to 95% for DIAMOND-sensitive. In both 

modes, DIAMOND consistently outperformed RAPSearch2 in terms of sensitivity. 

3.1.2 Discussion 

Analysing short-read data in the order of terabases produced by 

metagenomics projects used to be a major computational bottleneck for such studies, 

which was addressed by DIAMOND v0 aligning short reads 20,000-fold (fast mode) 

to 2,000-fold (sensitive mode) faster than BLAST at close to its full sensitivity. While 

not recovering all alignments found by BLAST, for the purpose of functional 

annotation it is usually sufficient to find some of the best hits for a query, making the 

fast mode of DIAMOND v0 an attractive option for rapid annotation. 

The performance of the tool was generally much better on short reads due to 

the fact that the protein alignment problem becomes a lot less challenging on shorter 

sequences (here less than 40 amino acids in length). This happens because 

alignments on these short sequences must be above roughly 60% sequence identity 

in order to be statistically significant (as measured by the e-value), which in turn 

makes it easier to find longer and more specific seed hits. The more challenging task 

of finding distant similarities down to 20% identity goes away on these short reads, 

making the problem accessible to efficient solutions. 

In practice, this version of DIAMOND has also proven itself useful to annotate 

reads from long-read technology, assembled contigs, or full-length proteins in 

BLASTP mode. We have shown that its fast mode generally has good sensitivity for 

alignments above 60% sequence identity, and its sensitive mode for alignments 

above 40% identity13. While not fully penetrating the twilight zone of protein 

alignment, these levels of sensitivity have been considered sufficient for many 

applications. Confidently assigning structure and function to proteins based on low-

 

13 Not shown in the first DIAMOND publication, refer to (Benjamin Buchfink, Reuter, and Drost 
2021). 
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identity alignments becomes more difficult (Rost 1999), so the impact of losing this 

information often seems acceptable14. Even the sensitive mode of DIAMOND v0 still 

ran at a 650 to 2,500-fold speedup relative to BLAST, and made many computations 

possible that would not have been viable using BLAST, especially for researchers 

with limited resources. RAPSearch2, which we considered the state-of-the-art BLAST 

alternative at the time, was also surpassed by DIAMOND v0 in speed and sensitivity 

by large margins. 

I note that the benchmark design of this publication was still a bit rudimentary, 

and raw alignment output of the three tools may not always be perfectly comparable. 

I refer to (Benjamin Buchfink, Reuter, and Drost 2021) for a more elaborate 

benchmark. 

3.2 The DTRA challenge 

In 2013, I was part of the winning team of the U.S. Defence Threat Reduction 

Agency’s $1 Million Algorithm Challenge15, together with Daniel Huson and Chao Xie 

(with each team member sharing 1/3 of the award). Participation in this challenge 

was a part of precursory work for DIAMOND v0. DTRA is a combat support agency of 

the U.S. Department of Defence charged with defending against nuclear, chemical, 

and biological weapons, including weaponized pathogens. It sought a software 

solution to detect pathogens in clinical samples based on raw DNA sequence. Ten 

test datasets with reads derived from PacBio, Ion Torrent, Roche-454 and Illumina 

sequencing technology (containing 100,000 to six million reads) were provided and 

had to be characterised by the competitors according to their organism composition 

and gene content. The challenge was twofold: mapping the DNA reads against a big 

database comprising all genomes of known microorganisms rapidly for real-time 

diagnosis (max. one hour per sample), and characterising the organisms contained in 

the sample down to strain level based on these raw DNA alignments. 

At the time, nucleotide-level sequence alignment using BLASTN was already 

too slow for this task. Fast mappers such as Bowtie2 (Langmead and Salzberg 2012) 

or BWA (H. Li and Durbin 2009; Heng Li and Durbin 2010) were tailored towards 

read alignment in an intra-species setting with a single reference genome, not 

 

14 As evidence for this statement, I refer to the studies that have used and cited DIAMOND v0. 
15 Official press release: 
https://www.prweb.com/releases/dtra/algorithmchallenge/prweb11150852.htm 

https://www.prweb.com/releases/dtra/algorithmchallenge/prweb11150852.htm
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mapping metagenomic reads to large redundant databases or handling long, error-

prone reads in this context. My main contribution to the challenge was the 

development of the SASS DNA aligner suitable for this application, mapping each 

test dataset to the microbial part of GenBank (Benson et al. 2011) within minutes. It 

was based on a hash-table index (Zaharia et al. 2011) instead of the slower, 

compressed FM-index (Ferragina and Manzini 2000) to accelerate the seed lookup 

step and efficiently use shorter, more sensitive seeds. For seed extension, it used the 

fast Myers bit vector algorithm (Myers 1999) as a heuristic filter prior to computing 

Smith Waterman extensions using SeqAn (Döring et al. 2008). 

Alignments produced by the SASS aligner were fed into an analyser 

component that profiled the organisms and genes contained in the sample. Together, 

the software package was called MetaScope and described in a preprint (B. 

Buchfink, Huson, and Xie 2015) after having won the DTRA challenge. Due to limited 

time and human resources, development of the SASS DNA aligner was not followed 

up upon, and it has since been surpassed by other aligners such as minimap2 (Heng 

Li 2018). 

3.3 DIAMOND version 2 

3.3.1 Results 

We benchmarked DIAMOND v2 against BLAST (v2.10.0), DIAMOND v0 

(v0.7.2), MMseqs2 (release 11) (Steinegger and Söding 2017) and (at the request of 

a reviewer) QuickBLAST (v0.0.0). We considered MMseqs2 the state-of-the-art 

competitor tool at the time, which we still do as of the day of submitting this thesis. 

The MMseqs2 publication contains a benchmark against LAST (Kiełbasa et al. 2011), 

RAPSearch2 (Zhao, Tang, and Ye 2012), UBLAST (Edgar 2010), SWORD (Vaser, 

Pavlović, and Šikić 2016), SWIPE (Rognes 2011), DIAMOND v0 (Benjamin Buchfink, 

Xie, and Huson 2015) and BLAST. 

When benchmarking protein aligners, comparing raw alignment output to a 

standard tool like BLAST has the inherent problem of disregarding the possibility of 

false positives, which are known to occur abundantly (Frith 2011). A false positive in 

this context refers to a pair of sequences with significant similarity that does not stem 

from actual (biological) homology. While in general we have no way to determine 

whether an alignment is a false positive or not, we can measure false positive rates 
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by aligning against random, reversed, shuffled or other sorts of decoy sequences 

(Frith 2011). In addition, we can be fairly certain about this fact when two sequences 

are of different origin according to expert curation. 

To design a benchmark that is informed by a meaningful biological ground 

truth, we created query and target datasets annotated with SCOP (Fox, Brenner, and 

Chandonia 2014) domains. SCOP is an expert curation effort to hierarchically classify 

protein domain sequences into classes, folds, superfamilies, and families. We used 

SWIPE16 (Rognes 2011) at an e-value threshold of 10-5 against the SCOPe 

ASTRAL40 set of domain sequences spanning 4,850 families to annotate the 

benchmark sequences with one or multiple SCOP domains. For the database, we 

used 37.5 million protein sequences from UniRef50 (September 2019 release) 

(Suzek et al. 2015), yielding 7.74 million annotated sequences. For the query set, we 

annotated the NCBI non-redundant database and selected a maximum of 1,000 

sequences for each SCOP superfamily17 for a combined dataset of 1.71 million 

sequences. We randomly shuffled all unannotated ranges in the sequences to allow 

an unequivocal evaluation18. We define a positive as an alignment between a query 

and a target sequence with at least one matching SCOP family annotation, and a 

negative as an alignment between sequences annotated with disjoint sets of SCOP 

folds (other cases are ignored). 

Given this annotation of query and target datasets, we align the queries 

against the targets permitting unlimited hits at an e-value threshold of 1,000, such 

that the result list for each query will almost always contain a false positive. We 

define the AUC1 sensitivity value for a query as the number of targets matching the 

query’s protein family, considering only targets in the result list until the first false 

positive, divided by the total number of targets in the database annotated with the 

query’s protein family19,20. To obtain a composite AUC1 value for the whole dataset, 

 

16 SWIPE computes exhaustive Smith Waterman alignments against all database sequences 
and has optimal sensitivity on the pairwise level. 

17 This selection was made by computing a UPGMA clustering for all sequences annotated 
with the same superfamily, merging clusters until reaching a quantity of 1,000. 

18 Otherwise, alignments between unannotated ranges cannot be clearly identified as positives 
or negatives. Even when ignoring such cases, alignments that partially span an annotated and an 
unannotated range would still be ambiguous, while ignoring such cases too would likely lose too much 
information. 

19 If the query has multiple domain annotations, the AUC1 value is computed for each domain 
and averaged. 
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we average the AUC1 value over all queries. In addition to considering this single-

number benchmark metric, we also produced ROC curves for our benchmark runs 

plotting the errors (false positives) per query against the coverage of the query’s 

protein family depending on the e-value threshold (likewise an average over all 

queries). 

 

Figure 6. Benchmark of DIAMOND v2, DIAMOND v0, MMseqs2, BLAST and QuickBLAST in various 

sensitivity modes as labeled (s=7.5** using the parameter --max-seqs 100000). (a) The recall of the query’s 

protein family until the first false positive (AUC1) against the speedup vs BLAST, (b) ROC curves showing the 

number of errors per query against the recall of the query’s protein family. From (Benjamin Buchfink, Reuter, and 

Drost 2021) (Figure created by H.-G. Drost). 

The benchmark runs were conducted aligning the query set of 1.71 million 

sequences against the target database of 7.74 million sequences on a 24-core 

workstation using various sensitivity modes of the tools21. Absolute run times ranged 

from 46 days for BLAST to 8 minutes for DIAMOND v2-fast. (Fig. 6) shows the 

sensitivity as measured by AUC1 against the speedup vs BLAST as well as the ROC 

curves. The fast and sensitive modes of DIAMOND v2 were 8,000-fold and 1,200-

fold faster than BLAST respectively. The newly added very-sensitive mode was 360-

fold faster than BLAST while being close to its sensitivity (AUC1 of 0.601 vs 0.622), 

and the ultra-sensitive mode was still 80-fold faster with equivalent sensitivity. 

At comparable sensitivity levels, DIAMOND v2 was 12 to 15-fold faster than 

the competing MMseqs2 tool. At close to BLAST sensitivity, MMseqs2 was 27-fold 

 

20 This benchmark design is largely identical to the design used in the MMseqs2 publication 
(Steinegger and Söding 2017). 

21 The BLAST run was conducted on a compute cluster and its runtime on the benchmark 
machine estimated based on a sample of 10,000 queries. 
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faster (s = 7.5) compared to a 360-fold speedup of DIAMOND v2 (very-sensitive). In 

its most sensitive setting (labelled as s=7.5**), MMseqs2 did not reach the sensitivity 

of BLAST while running 13-fold faster. 

The default and sensitive modes of DIAMOND v2 were 8-fold and 6-fold faster 

than the corresponding modes in DIAMOND v0. It must be noted here that the 

BLAST version we used for this benchmark (v2.10.0) is about four times faster than 

the version used for the benchmark of the DIAMOND v0 publication (v2.2.28), mostly 

due to better multi-threading efficiency. This means that the speedups we observed 

here for DIAMOND v0-fast (983-fold) and DIAMOND v0-sensitive (241-fold) are 

roughly consistent with the speedups reported by the DIAMOND v0 publication for 

longer sequences. 

Based on the ROC curves for the same benchmark (Fig. 6b) we observe that 

both the very-sensitive and the ultra-sensitive mode of DIAMOND v2 perform better 

than BLAST for searches at error rates below 1, while being slightly surpassed by 

BLAST at error rates above 1. The better performance at lower error rates is 

explained by the more sophisticated tantan (Frith 2011) repeat masking employed by 

DIAMOND v2. 

 

Figure 7. AUC1 sensitivity (distribution over the queries) as reported for our main benchmark, resolved 

by sequence identity of the query-target association under our SCOPe annotation (middle = median, 

hinges=25%/75% quantiles, lower/upper whisker = smallest/largest observation greater/less than or 

equal to lower/upper hinge -/+ 1.5 * IQR). From (Benjamin Buchfink, Reuter, and Drost 2021). 
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It is of further interest to explore the sensitivity depending on the sequence 

identity of the query-target alignment22 (Fig. 7). The default mode of DIAMOND v2 

exhibits good sensitivity for alignments above 60% sequence identity, and the 

sensitive mode for alignments above 40% sequence identity. In the range below 40% 

sequence identity, no tool achieved full sensitivity anymore, and the very-sensitive or 

ultra-sensitive modes of DIAMOND v2 should be used for sensitivity comparable to 

BLAST. 

3.3.2 Discussion 

Building on the same algorithmic core ideas of double indexing and multiple 

spaced seeds as DIAMOND v0, we have optimised and scaled all stages of the 

computational pipeline to make it viable for the full spectrum of pairwise protein 

alignment down to 20% sequence identity. The exponential increase in false positive 

seed hits is most challenging when attempting to solve sensitive protein alignment, 

and double indexing combined with our cache-aware hamming distance filter stage 

proofed crucial to address this problem. The advantage of multiple spaced seeds 

was also demonstrated by our implementation, as we are still able to use reasonably 

long seeds of length 7 with up to 64 seed shapes for the ultra-sensitive mode. 

Our pipeline consists of a chain of several heuristic filters that gradually reduce 

the search space and eliminate spurious seed hits. Obviously, none of these 

heuristics work perfectly and will also cause the loss of some information. While we 

did not quantify this effect for each computational stage individually, the overall 

results (Fig. 6-7) demonstrate sensitivity competitive to the standard tool BLAST, and 

likely close to the theoretical maximum that is achievable on the pairwise level, in a 

biologically informed benchmark. 

Our result for the first time showed equivalent sensitivity to BLAST at a 

speedup of almost two orders of magnitude, making DIAMOND v2 ready to replace 

BLAST in evolutionary studies and other applications that critically depend on 

alignment sensitivity. DIAMOND v2 outperformed the state-of-the-art competitor tool 

MMseqs2 by an order of magnitude, and has to this date of submission of this thesis 

to the best of my knowledge not been surpassed by any other algorithm in published 

literature. 

 

22 We defined this as the sequence identity of a Needleman-Wunsch alignment between the 
pair of annotated ranges in the query and target. 
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3.4 Sequence clustering 

Clustering protein sequences is a natural downstream application of protein 

sequence alignment. We recently added this feature to DIAMOND (Benjamin 

Buchfink et al. 2023) and discuss it in this paragraph. Approaches such as Markov 

clustering (Enright, Van Dongen, and Ouzounis 2002) infer a clustering based on all-

vs-all alignment of the input dataset, followed by partitioning of the similarity graph. 

Since exhaustive all-vs-all alignment has quadratic computational cost in the input 

size and is often not practical for large datasets, the tools CD-HIT (W. Li and Godzik 

2006) and UCLUST (Edgar 2010) with their fast heuristics have established 

themselves as standard tools for this application. These tools are based on 

computing a set of cluster representative sequences and requiring that each cluster 

member sequence satisfies a certain clustering criterion vs their representative 

sequence, i.e., the pairwise sequence identity being above a certain threshold. CD-

HIT and UCLUST still struggle to scale to current dataset sizes with CD-HIT requiring 

about 24 days on a single server to cluster the NCBI non-redundant database at 90% 

sequence identity, to becoming unviable for computing deeper clusterings at lower 

sequence identity thresholds. 

MMseqs2/Linclust (Steinegger and Söding 2018) marked an important 

advance of the clustering performance based on the MMseqs2 alignment algorithm. 

The tool provided near-linear runtime scaling for clustering for highly similar 

sequences and is also suitable for computing deep clusterings down to 20% 

sequence identity. Scaling such a computation to many billions of protein sequences 

already available today for prokaryotes and arising in the near future for eukaryotes 

as well as part of large sequencing efforts such as the Earth BioGenome Project 

(Lewin et al. 2018) still remains challenging. In response, we have implemented a 

clustering workflow into DIAMOND v2 (Benjamin Buchfink et al. 2023). 

Algorithmically, clustering is based on all-vs-all alignment of the protein 

sequence dataset using cascaded clustering (Hauser, Steinegger, and Söding 2016) 

as a way to reduce the computational burden by chaining several rounds of 

comparison with increasing alignment sensitivity. This approach makes use of 

evolutionarily conserved information to limit the expensive search at full sensitivity to 

a highly reduced representative set. 
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We have benchmarked our implementation against MMseqs2 for clustering 

the NCBI non-redundant database containing 446 million protein sequences. Deep 

clustering with no limitation of the pairwise sequence identity ran for 7.65 hours on a 

64-core server using the very-sensitive mode of DIAMOND, compared to 96.6 hours 

at corresponding sensitivity (s=7.5) using MMseqs2, resulting in a 13-fold speedup 

(Fig. 8) (the source data of this figure is included in the appendix at the end of the 

thesis). 

 

Figure 8. Benchmark for clustering the NCBI NR database (446 million sequences) using DIAMOND, 

MMseqs2 and CD-HIT at 90%, 50%, and 20% sequence identity thresholds. Distance EC refers to an 

additional round of error correction to fix cases where sequences do not satisfy the clustering criterion 

against their assigned representative. Assignment EC refers to error correction that assigns each 

sequence to its closest representative. (a) The run time for clustering on a 64-core (b) The corresponding 

number of clusters generated. From (Benjamin Buchfink et al. 2023) (Figure created by H.-G. Drost) 

(source data in the appendix at the end of the thesis). 

To demonstrate the ability of our approach to scale to huge datasets and 

provide a future-proof solution, we collected about 23 billion protein sequences from 

public databases including JGI IMG (Chen et al. 2023), the Soil Reference Catalogue 

(Steinegger, Mirdita, and Söding 2019) and various others, corresponding to 19 

billion deduplicated sequences. We clustered this dataset with 90% sequence 

coverage23 and 30% sequence identity thresholds within 18 days running in parallel 

on up to 27 compute nodes, consuming 250,000 CPU hours in total. This resulted in 

1.7 billion clusters, 544 million of which hold more than one sequence, and 335 

million of which have at least three members. This compares to the AlphaFold2 Big 

Fantastic Database (Jumper et al. 2021) containing 61 million clusters with at least 

 

23 This means that the local alignment between the cluster representative sequence and the 
cluster member sequence has to cover at least 90% of the cluster member sequence. 
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three members, holding the status of the previously largest deeply-clustered protein 

database. Interpreting the cluster count as a measure of diversity (according to the 

clustering criterion above that was also used to create the BFD), this result 

represents an extension of diversity by a factor of 5.5. 

The scale of our computation was still modest by High Performance 

Computing standards, showing that the DIAMOND v2 clustering implementation is 

ready to handle future problem sizes, including the approximately 27 billion protein 

sequences that will be generated by the Earth BioGenome Project. 

3.5 Related methods 

3.5.1 Profile alignment 

Pairwise protein alignment does not have perfect sensitivity to detect any 

sequences of common ancestry, and profile methods have been developed to 

increase sensitivity. These use profiles in the form of position-specific scoring 

matrices (PSSMs) (Altschul et al. 1997) or hidden Markov models (Eddy 1998; 

Remmert et al. 2011) to characterise families of proteins, thereby achieving higher 

sensitivity than possible using a pairwise comparison.  

PSSM-based approached as implemented in PSI-BLAST are closely 

connected to pairwise alignment, as they involve iterated rounds of searches with an 

adapted scoring scheme. Progress in pairwise alignment directly translates into 

improving these methods as well, as was demonstrated by the MMseqs2 tool. A 

similar feature for supporting PSSM-based profile searches is planned for integration 

into DIAMOND. 

The hidden Markov Model based HMMER suite (Eddy 1998) has various 

operating modes. JackHMMER searches sequences against a sequence database 

and builds a profile for the query protein’s family at runtime over multiple iterations. It 

may require several minutes to align a single query sequence against large 

databases even on a multi-core server (Mirdita et al. 2022), so it cannot easily 

replace pairwise alignment for performance reasons. The HHblits tool (Remmert et 

al. 2011) works in a similar way and is reportedly four-fold faster than HMMER. 

HMMER’s hmmscan searches sequences against a database of profiles such 

as Pfam (Bateman et al. 2000) and runs faster than JackHMMER, since such profile 

databases are built on the protein domain level and highly compressed (to 
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approximately 20,000 families in the case of Pfam). The construction of such profile 

databases is expensive however and involves pairwise alignment, clustering, and 

multiple sequence alignment. Pairwise alignment is therefore still an important 

prerequisite of such methods. Furthermore, the Pfam database does not cover all of 

the sequence space represented in big databases, for example only covering 53% of 

UniProtKB on the residue level (Mistry et al. 2021). Therefore, information may also 

be lost this way despite the higher sensitivity of the search method. Lastly, when 

annotating protein sequences on a domain level with profiles built from diverse 

families, the assignment of function for the entire protein may be highly non-trivial. 

This compares to a pairwise alignment spanning over the entire sequence with 

sufficiently high sequence identity, more easily informing a functional assignment. 

Such usability matters are also a reason why pairwise alignment is employed more 

frequently in practice than HMM profile methods according to citation metrics 

available from Google Scholar.  

In conclusion, pairwise alignment and profile alignment should be regarded as 

complementary methods and will likely coexist for the foreseeable future.  

3.5.2 Machine learning 

Machine learning and especially protein language models have been 

employed to infer homology of proteins with promising results (Bileschi et al. 2022; 

Kaminski et al. 2022; Schütze et al. 2022), showing higher sensitivity than alignment-

based methods. (Schütze et al. 2022) showed strong results for protein domain level 

benchmarks, but also reduced accuracy on multi-domain proteins, concluding that a 

hybrid method of alignment and machine learning worked best. The authors also 

noted that alignment using MMseqs2 ran about 25-fold faster than the protein 

language model based approach. Based on the numbers of that study, computing 

PLM embeddings for 446 million sequences of the NR database would run for 1.2 

years on a single server equipped with a high-end GPU. In addition, current language 

models such as ProtT5 (Elnaggar et al. 2021) also impose an upper limit of the 

sequence length of 1024. 

In general, studies in this context so far evaluated their methods based on 

annotated sequences using curated databases such as ECOD (Cheng et al. 2014), 

CATH (Sillitoe et al. 2020) or Pfam (Bateman et al. 2000). These sequences are well 

represented in current databases, but more systematic exploration of how these 
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machine learning methods generalise to true out-of-sample cases that were never 

seen during training is still needed. Contrary to classical alignment, a language 

model has no guarantee to detect a pairwise similarity that is sufficiently high, leaving 

it open whether current models can correctly capture all of the still unknown 

sequence space. At this time, more research and development are needed until 

machine learning methods are ready to be as universally deployed as tools like 

BLAST or DIAMOND. 

3.5.3 Structure prediction 

Recent advances in structure prediction (Jumper et al. 2021; Lin et al. 2023) 

offer an alternative to sequence-based comparisons that can be more sensitive to 

remotely related sequences. Methods like AlphaFold2 are based on the construction 

of multiple sequence alignments for the query to find coevolving loci in the protein 

family. The first step in this computation is the alignment of the query sequence 

against large clustered sequence databases containing several billion sequences, 

such as the Big Fantastic Database (Jumper et al. 2021) and MGnify (Mitchell et al. 

2019). For better sensitivity, AlphaFold2 uses HMM-based alignment, but it has been 

shown that similar prediction accuracy is possible using PSSM-based alignment 

instead (Mirdita et al. 2022). Alignment and clustering also play an important role in 

creating these databases in the first place. 

Computing the prediction itself is expensive (Mirdita et al. 2022) and requires 

supercomputing resources to be deployed on a large scale (Lin et al. 2023). Also, 

such predictions cannot be expected to be accurate for just any sequence without 

sufficient underlying data to support it. For example, for the ESMFold study (Lin et al. 

2023) the authors folded about 617 million protein sequences, obtaining 225 million 

high-confidence predictions. Even in the light of these methods being available, the 

analysis and alignment of the primary protein structure will remain essential for the 

foreseeable future. 

3.6 Applications 

In this subchapter I will discuss some tools, pipelines and biological studies 

that found my work useful (with no claim of completeness). The citation counts were 

obtained from Google Scholar in April 2023. 
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3.6.1 Tools 

• antiSMASH (Medema et al. 2011; K. Blin, Medema, and Kazempour 2013; 

Weber et al. 2015; Kai Blin et al. 2017, 2019, n.d.) (~8,800 citations) is a tool to 

identify biosynthetic gene clusters in bacteria, with a variant for the same 

functionality in plants called plantiSMASH (Kautsar et al. 2017). Since version 4.0 

(Kai Blin et al. 2017), it has replaced BLAST by DIAMOND to search the input 

data against its database of several hundred thousand known biosynthetic gene 

clusters. 

• OrthoFinder (Emms and Kelly 2015, 2019) (~4,600 citations) uses DIAMOND 

since its 2019 version as its default tool to detect orthologues genes in a set of 

input genomes, with comparative genomics applications such as inference of 

phylogenetic gene and species trees and gene annotation. 

• HUMAnN2 (Franzosa et al. 2018) (~1,100 citations) uses DIAMOND to map 

metagenomic reads to the UniRef (Suzek et al. 2015) and KEGG (Ogata et al. 

1999) databases for functional profiling of microbial communities. 

• eggNOG-Mapper (Huerta-Cepas et al. 2017; Cantalapiedra et al. 2021) (~2,300 

citations) uses DIAMOND to map protein sequences to the eggNOG database 

(Hernández-Plaza et al. 2022) containing 17 million orthologous groups computed 

at 1,601 taxonomic levels, spanning 10,756 bacterial, 457 archaeal and 1,322 

eukaryotic organisms. These orthology assignments are used as a basis for 

functional annotation that is more accurate than annotation based on homology. 

• panX (Ding, Baumdicker, and Neher 2018) (216 citations) uses DIAMOND to infer 

orthogroups for a set of bacterial input genomes of the same species as the basis 

for building a phylogenetic tree and epidemiological analysis. 

• GenEra (Barrera-Redondo et al. 2023) (3 citations) uses DIAMOND v2 to infer 

gene-family founder events by searching an input genome against the NR 

database in sensitive or ultra-sensitive mode and inspecting unlimited hits to 

discover the most distantly related sequences. It reportedly achieves comparable 

accuracy to BLAST-based methods while reducing the runtime from months to 

days. 

3.6.2 Studies 

• “Structure and function of the global topsoil microbiome” (Bahram et al. 

2018) (Nature). The authors obtained soil samples from 1,450 sites worldwide 
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and sequenced them on the Illumina HiSeq 2500 platform (2×250 bp paired-end). 

They searched a total of 894 million reads against KEGG (Ogata et al. 1999), 

CAZy (Lombard et al. 2014) and eggNOG (Hernández-Plaza et al. 2022) using 

DIAMOND v0 in sensitive mode. They analysed bacterial and fungal genetic 

diversity and gene composition depending on habitat and environmental factors, 

and investigated bacterial-fungal interactions. 

• “Marine DNA Viral Macro- and Microdiversity from Pole to Pole” (Gregory et 

al. 2019) (Cell). The authors analysed the Global Ocean Viromes 2.0 dataset 

derived from 3.95 terabases of sequencing data across 145 samples distributed 

throughout the world’s oceans. DIAMOND was used for all-vs-all alignment of 

predicted protein sequences combined with MCL clustering (Enright, Van 

Dongen, and Ouzounis 2002). 

• “Compendium of 4,941 rumen metagenome-assembled genomes for rumen 

microbiome biology and enzyme discovery” (Stewart et al. 2019) (Nature 

Biotechnology). The authors analysed 6.5 terabases of short and long-read 

sequence data from 283 cow rumen samples. 10.7 million protein sequences 

assembled and predicted from these samples were searched against the KEGG 

and UniRef databases using DIAMOND, and additionally against CAZy using 

dbCAN2 (H. Zhang et al. 2018) which also uses DIAMOND. The compendium of 

rumen-associated bacterial genomes is intended to advance the understanding of 

rumen microbiota. 

• “Extensive Unexplored Human Microbiome Diversity Revealed by Over 

150,000 Genomes from Metagenomes Spanning Age, Geography, and 

Lifestyle” (Pasolli et al. 2019) (Cell). The authors reconstructed 150,000 

microbial genomes from 9,316 human metagenome samples from multiple 

populations, body sites, and host ages. All genomes were functionally annotated 

by aligning against the UniRef90 and UniRef50 databases using DIAMOND in 

translated search mode. About 3,800 species (or 77% of the total number) were 

classified as novel (no publicly available genome from isolate sequencing or 

previous metagenomic assemblies). 

• “A new genomic blueprint of the human gut microbiota” (Almeida et al. 2019) 

(Nature). The authors analysed 13,133 sequencing runs of human gut 

metagenomes spanning 75 studies and reconstructed 92,143 metagenome-
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assembled genomes by de-novo assembly. Taxonomic classification was 

performed by searching predicted genes on these assemblies against the 

UniProtKB database (UniProt Consortium 2022) using DIAMOND. The authors 

identified 1,952 uncultured candidate species, substantially increasing the known 

diversity of the gut microbiome. 

• “A unified catalog of 204,938 reference genomes from the human gut 

microbiome” (Almeida et al. 2020) (Nature Biotechnology). The authors created 

a catalogue of ~200,000 prokaryotic genomes from the human gut. They used 

eggNOG-Mapper v2 to functionally annotate ~625 million CDS predicted on these 

assemblies, which internally uses DIAMOND. 

• “Ancient hepatitis B viruses from the Bronze Age to the Medieval period” 

(Mühlemann et al. 2018) (Nature). The authors analysed a total of 114 billion 

Illumina HiSeq 2500 reads from ~300 ancient human samples with a sample 

range from 7.1 to 0.2 thousand years old. Reads that could not be mapped to the 

human genome were aligned against the NCBI viral protein reference database 

containing 274,038 viral proteins using DIAMOND. Reads that matched the 

Hepatitis B virus could be found in 25 samples spanning a range of approximately 

4,000 years. Ancient HBV genomes reconstructed from these sampled were used 

to study the evolution of this virus through human history. 

• „Genomic features of bacterial adaptation to plants” (Levy et al. 2017) 

(Nature Genetics). The authors analysed a set of 3,837 bacterial isolate genomes 

from plants. Phylogenetic analysis was performed based on coding sequences 

from these genomes using OrthoFinder and using DIAMOND for alignment. The 

authors study plant-associated genes to expand the genome-based 

understanding of plant-microbe interactions. 

• “A reference genome for pea provides insight into legume genome 

evolution” (Kreplak et al. 2019) (Nature Genetics). The authors created a pea 

genome assembly (~ 4 gigabases in size) and investigated legume genome 

evolution. To determine orthogroups, genes from pea and 21 other eudicot 

species were processed using OrthoFinder with the DIAMOND alignment option. 

• “Extending and improving metagenomic taxonomic profiling with 

uncharacterized species using MetaPhlAn 4” (Blanco-Míguez et al. 2023) 

(Nature Biotechnology). The authors built a catalogue of 729,000 metagenome-
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assembled bacterial and archaeal genomes (spanning both host-associated and 

environmental samples) and annotated all their coding sequences (a total of 1.5 

billion CDS24) against the UniRef90 database using DIAMOND. They identify 

unique marker genes for 27,000 species-level genome bins, 5,000 of which were 

taxonomically unidentified at the species level. 

 

Figure 9. SRA search for viral RdRP. (a) Number of bases searched and number of unique sOTUs found 

by taxonomic group (b) Release date of the runs included in the search (c) Sample locations for 635,656 

RdRP-containing contigs. From (Edgar et al. 2022) (Figure created by co-authors). 

• “Petabase-scale sequence alignment catalyses viral discovery” (Edgar et al. 

2022) (Nature). The authors searched 5.7 million samples from the NCBI 

Sequence Read Archive with a total size of 10.2 petabases for the RNA-

dependent RNA polymerase gene. The RdRP is a hallmark gene of RNA viruses 

commonly used to infer species-level bins. The search was performed on the 

AWS Elastic Compute Cloud (EC2) using as many as 35,000 cores in parallel 

over 11 days at a total cost of $24,000 USD. Each SRA library was aligned 

against a representative database of 14,653 RdRP protein sequences in 

translated search mode using DIAMOND v2. Reads mapping against the RdRP 

database were subjected to micro-assembly with subsequent quality control, 

filtering, classification and clustering to obtain a final set of 132,957 novel sOTUs 

 

24 According to private correspondence with the first author. 
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(species-like operational taxonomic units) (Fig. 9). Compared to a set 15,016 

known sOTUs, this result represents an increase of known RNA virus species by 

a factor of 9.8. 

My contribution to this project was the development of an optimised DIAMOND v2 

feature tailored towards searching very small databases like the RdRP database. 

To speed up this computation, the database is pre-processed, and its seeds 

stored in a probabilistic hash set (similar to a Bloom filter). This hash set is used 

when building the query seed table to filter for seeds not occurring in the 

database, saving time for construction of the full table. Compared to the 

unoptimised version of DIAMOND v2, we have measured an overall speedup of 

1.47-fold and a reduction of memory use by 64% resulting from this optimisation. 

3.7 Conclusion 

In this work I have shown a considerable advancement in solving the pairwise 

alignment problem of protein sequences efficiently. As an inherently hard problem in 

high dimensional space inaccessible to easy solutions, it can be a limiting factor for 

many research endeavours within the life sciences. While elementary solutions of 

this problem have been known for a long time, for practical purposes the 

computational efficiency can quickly be a determining factor in whether or not the 

implementation of a research idea is possible. Most scientists around the world are 

dependent on the ever-limited public funds, constraining their freedom to explore, be 

creative, and realise their dreams. The work presented here is a modest contribution 

to lifting these constraints and empower scientists to freely pursue their ideas, 

whether they possess a supercomputer or merely a personal laptop. 

Solving the protein alignment problem is as much a challenge in software 

engineering as in clever algorithm design. While the concept of multiple spaced 

seeds has been theoretically described in 2004 (M. Li et al. 2004), it took some nine 

years for an efficient and practically successful implementation of this concept to 

materialise. The path from an idea to a software tool that is of practical use to the 

scientist is long, and careful attention must be paid to each step of the way. A sound 

understanding of the underlying hardware of modern computer architectures 

including special instruction sets is an essential part of the equation when developing 

for high-performance computing applications. This has always been an important 
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aspect in the development of DIAMOND, which would not have achieved the same 

performance without architecture-aware algorithm design and careful low-level code 

optimisation. 

Producing software that is useful to the end user has many other aspects, 

such as compatibility, memory consumption, documentation, support, usability, 

features, deployment, and testing. These are most easily neglected in software 

development in an academic context, as academic reward structures are not 

designed to value such contributions. Consequently, much effort has been spent in 

the field of bioinformatics on projects with limited practical use. Adhering to these 

software engineering principles has been a major factor in setting apart DIAMOND 

from other attempts and producing an outcome that has more than just theoretical 

and academic value. 

Information technology gave rise to an amazing transformation of our world 

during the last decades, and computers have been getting faster and smarter at a 

breath-taking pace. In comparison, progress within the field of bioinformatics 

sometimes appears to happen remarkably slowly, and the discipline tends to be 

marginalised in academic circles. The conditions under which research software is 

developed are far away from professional, industry-grade standards. Consequently, 

scientists are often left to dealing with substandard or archaic software tools. 

Important breakthroughs such as AlphaFold2 (Jumper et al. 2021) or ESMFold (Lin 

et al. 2023) were anticipated by industry researches. Only addressing systemic 

issues in academic research and the full recognition and respect as a science in itself 

will allow computer science as a part of life sciences research to thrive. 

The work presented here has passed the test of time and proven itself useful 

to the life sciences community. It was successfully used to analyse the largest 

quantities of sequence data that exist today, from billions of protein coding 

sequences assembled from metagenomes to petabytes of raw sequencing reads 

from the SRA. As scientists work to unlock the secrets that these sequences encode, 

data science will continue to play an indispensable part in this process.  
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5. Appendix 

Dataset Reads Length Program Speedup 
%Queries 
(10-3) 

%Matches 
(10-3) 

%Queries 
(10-5) 

%Matches 
(10-5) 

Illumina (HMP) 5M 101 D-fast 19880 97.69% 79.52% 99.22% 90.25% 

   D-sens 2516 99.00% 95.38% 99.60% 97.21% 

   R-fast 603 96.86% 68.59% 98.43% 81.35% 

   R-sens 43 99.36% 92.74% 99.88% 96.74% 

Illumina (Permafrost) 6M 114 D-fast 22505 91.04% 68.65% 94.72% 80.16% 

   D-sens 2120 98.54% 92.11% 99.34% 94.16% 

   R-fast 582 82.59% 55.96% 87.74% 67.85% 

   R-sens 45 95.85% 86.96% 98.71% 92.35% 

Ion Torrent 3.3M 211 D-fast 17940 95.31% 74.60% 97.29% 80.62% 

   D-sens 1262 98.19% 89.50% 99.21% 92.15% 

   R-fast 772 92.50% 58.67% 94.73% 64.17% 

   R-sens 45 98.32% 76.16% 99.20% 79.50% 

454 Titanium 2.8M 556 D-fast 10196 91.25% 54.48% 92.67% 58.36% 

   D-sens 1027 97.09% 78.60% 98.01% 81.45% 

   R-fast 557 85.95% 33.48% 87.89% 36.02% 

   R-sens 37 95.77% 55.38% 96.87% 57.95% 

Sanger 1M 1025 D-fast 4284 95.18% 70.82% 96.13% 72.84% 

   D-sens 651 98.33% 88.18% 98.92% 89.71% 

   R-fast 375 91.43% 40.29% 92.82% 41.49% 

   R-sens 28 96.65% 58.13% 97.59% 59.44% 

Assembly ORFs 30K 788 D-fast 3305 92.49% 53.67% 93.17% 56.20% 

   D-sens 894 98.29% 83.80% 98.70% 86.12% 

   R-fast 575 84.95% 26.55% 86.25% 27.87% 

   R-sens 34 95.78% 51.61% 96.48% 53.38% 

 

Source data for figure 5 of the thesis/figure 1 from “Fast and sensitive protein alignment using 

DIAMOND” (2015). Comparison of four different programs and settings, D-fast (DIAMOND, fast setting), D-sens 

(DIAMOND, sensitive setting), R-fast (RAPSearch2, fast setting) and R-sens (RAPSearch2, sensitive setting), 

against BLASTX. For six different datasets, each with the specified number of reads (“# Reads”) and average 

read length (“Length”), we report the speedup of each program over BLASTX (“Speedup”), the percentage of 

queries for which the program reports at least one alignment (“% Queries”) and the percentage of matches 

recovered by the program (“% Matches”). The two latter quantities are reported both for an e-value threshold of 

10−3 and 10−5. Programs were set to report alignments for up to 250 target sequences per read. Times are wall-

clock times on a server using 48 cores and exclude one-time program startup overhead, which was less than a 

minute for BLASTX and five minutes for DIAMOND-fast. Supplementary Table 1 from (Benjamin Buchfink, Xie, 

and Huson 2015). 

 

The source data of the figures for the DIAMOND DeepClust paper are at 

the end of the thesis after the manuscript of that paper. 
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users search first for matches of seeds (short stretches of the query 
sequence) in the reference database, and this is followed by an 
‘extend’ phase that aims to compute a full alignment.

Sequence comparison programs typically precompute an index 
that holds all seed locations in the reference sequences. A file of 
queries is then linearly scanned, and the seeds of a given query 
are matched to seeds in the reference sequences by random- 
access lookups in the index. In contrast, DIAMOND uses  
double indexing, an approach that determines the list of all seeds 
and their locations in both the query and reference sequences 
(Online Methods and Supplementary Software). The two lists 
are sorted lexicographically and traversed together in a linear 
manner to determine all matching seeds and their corresponding 
locations. Double indexing takes advantage of the cache hierarchy 
by increasing data locality, thus reducing the demands on main 
memory bandwidth.

Most sequence comparison programs, including BLASTX and 
RAPSearch2, use single consecutive seeds, which need to be short 
(length 3–6 amino acids) to ensure sensitivity. To increase speed  
without losing sensitivity, DIAMOND uses spaced seeds—that is, 
longer seeds in which only a subset of positions are used9,10. The 
number and exact layout of those positions are called the weight  
and shape of the spaced seed, respectively. To achieve high sensi-
tivity, DIAMOND uses a set of four carefully chosen shapes11 of  
length 15–24 and weight 12 by default. The most sensitive version of  
DIAMOND uses 16 shapes of weight 9. In addition, DIAMOND uses 
a reduced amino acid alphabet of size 11 to enhance sensitivity12. A  
simple exact match criterion determines which seeds are passed on  
to the extension phase, in which a Smith-Waterman alignment13  
is computed.

In a recent metagenomic study of 12 permafrost samples14, 
a BLASTX comparison of 176 million high-quality DNA reads 
against the KEGG reference database3 was reported to require 
800,000 CPU hours at a supercomputing center15. When we used 
DIAMOND with its default settings, the analysis of all 246 million  
reads took 2.3 h on a single workstation, producing a total of  
568.9 million alignments on 43 million reads.

To systematically compare the performance of DIAMOND  
(version 0.4.7) with BLASTX (version 2.2.28+) and RAPSearch2 
(version 2.18), we downloaded publicly available metagenome 
data sets produced with Illumina (permafrost14 and Human 
Microbiome Project16 data), Ion Torrent (ERP004234), 454 
Titanium (SRR1298978 and SRR1298979) and Sanger17 sequencing  
technologies as well as open reading frames (ORFs) predicted from 
a microbial assembly18. We used all three programs to align all 
data sets against NCBI-nr (version May 2013) on a single worksta-
tion using 48 cores. We ran both DIAMOND and RAPSearch2 

Fast and sensitive protein 
alignment using DIAMOND
Benjamin Buchfink1, Chao Xie2,3 & 
Daniel H Huson1,2

The alignment of sequencing reads against a protein reference 
database is a major computational bottleneck in metagenomics 
and data-intensive evolutionary projects. Although recent tools 
offer improved performance over the gold standard BLASTX, 
they exhibit only a modest speedup or low sensitivity.  
We introduce DIAMOND, an open-source algorithm based on 
double indexing that is 20,000 times faster than BLASTX on 
short reads and has a similar degree of sensitivity.

In metagenomics studies, millions of sequence reads are analyzed 
to determine the functional or taxonomic content of microbial 
samples from the environment1. An important computational 
step is to determine which genes are present, usually by align- 
ing translated DNA sequences against a reference database of 
protein sequences such as the NCBI nonredundant (NCBI-nr) 
database2 or KEGG3. BLASTX4 has long been considered the gold  
standard tool for this owing to its high sensitivity. However, 
BLASTX is much too slow for routine application in a high-
throughput context.

A number of faster approaches have been proposed, such as 
BLAT5 and USEARCH6. Notably, RAPSearch2 (ref. 7) improves 
speed by a factor of up to 100 over BLASTX while maintaining 
a similar level of sensitivity. However, as the size and number 
of samples continue to grow, even faster methods are required. 
PAUDA8 provides a 10,000-fold increase in speed over BLASTX 
but has very low sensitivity on the level of individual alignments, 
reporting only 2–3% of all BLASTX alignments.

Here we present DIAMOND (double index alignment of 
next-generation sequencing data), an open-source program that 
is ideally suited for replacing BLASTX in a high-throughput  
setting (http://ab.inf.uni-tuebingen.de/software/diamond  and 
Supplementary Software). When targeting significant alignments 
against the NCBI-nr database with an expected value below 10−3, 
DIAMOND aligns short sequence reads at approximately 20,000 
times the speed of BLASTX and has a similar level of sensitivity. 
Like BLASTX, DIAMOND is an ‘all mapper’ that attempts to deter-
mine exhaustively all significant alignments for a given query.

Most sequence comparison programs, including BLASTX, fol-
low the seed-and-extend paradigm. In this two-phase approach, 

1Department of Computer Science and Center for Bioinformatics, University of Tübingen, Tübingen, Germany. 2Singapore Centre on Environmental Life Sciences 
Engineering, School of Biological Sciences, Nanyang Technological University, Singapore. 3Life Sciences Institute, National University of Singapore, Singapore. 
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using a fast setting (−fast) and a sensitive setting (−sensitive)  
(Fig. 1 and Supplementary Table 1).

DIAMOND-fast uses four seed shapes and runs around 20,000 
times faster than BLASTX. DIAMOND-sensitive uses 16 seed 
shapes and runs about 2,000 times faster than BLASTX, aligning 
99% of reads that have a BLASTX alignment and obtaining over 92% 
of all BLASTX alignments, on Illumina reads. DIAMOND-fast was  
40 times faster than RAPSearch2-fast, with greater sensitivity, 
and was up to 500 times faster than RAPSearch2-sensitive, with 
similar sensitivity. DIAMOND-fast and DIAMOND-sensitive 
consistently outperformed RAPSearch2-fast and RAPSearch2-
sensitive, respectively, on all data sets. The peak memory usage 
of DIAMOND-default was 100 GB, but the program can be con-
figured to require less than 32 GB of memory, at the expense of a 
30% reduction in speed.

Whereas the functional analysis of metagenome data sets has in the 
past been restricted by the requirement for supercomputing services, 
researchers can now use DIAMOND to perform functional analysis 
routinely on all their data sets. An analysis that takes 1 month with 
BLASTX takes only a few minutes with DIAMOND. Functional 
analysis of all 35 billion Illumina reads generated by the Human 
Microbiome Project, the largest published metagenome data set to 
date, would take about 2 weeks on a single server with DIAMOND.

Methods
Methods and any associated references are available in the online 
version of the paper.

Note: Any Supplementary Information and Source Data files are available in the 
online version of the paper.
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Figure 1 | Comparison of DIAMOND and RAPSearch2 against BLASTX for four sequencing technologies and for ORFs predicted from a bacterial assembly. 
(a) Fold speedup of each program over BLASTX. (b) Percentage (relative to BLASTX) of queries for which each program reports at least one alignment.
(c) Percentage (relative to BLASTX) of matches recovered by each program. Only alignments with an expected value of ≤0.001 are considered. Programs
were set to report alignments for up to 250 target sequences per read. Times are wall-clock times on a server using 48 cores and exclude one-time
program startup overhead, which was <1 min for BLASTX and 5 min for DIAMOND-fast. HMP, Human Microbiome Project.
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ONLINE METHODS
Overview of DIAMOND. DIAMOND is a high-throughput 
alignment program that compares a file of DNA sequencing reads 
against a file of protein reference sequences, such as NCBI-nr19 
or KEGG3. It is implemented in C++ and is designed to run on 
multicore servers. The software can be obtained at http://ab.inf.
uni-tuebingen.de/software/diamond.

DIAMOND is 4 orders of magnitude faster than BLASTX4 at 
comparing short DNA reads against the NCBI-nr database and 
maintains a comparable level of sensitivity on alignments with an 
e-value <10−3. The program is explicitly designed to make use of
modern computer architectures that have large memory capac-
ity and many cores. It follows the seed-and-extend approach.
Additional algorithmic ingredients are the use of a reduced alphabet,
spaced seeds and double indexing.

Seed and extend. The program is based on the traditional 
seed-and-extend paradigm for sequence comparison, in which 
exact occurrences of seeds (that is, short words of a given fixed 
length) contained in query sequences are located in the reference 
sequences, and these seed matches are then extended, if possible, 
to full alignments between the queries and references. The seed 
length used by an alignment program has a substantial impact on 
performance; shorter seeds increase sensitivity, whereas longer 
seeds increase speed.

Reduced alphabet. To increase speed without losing sensitivity,  
one approach is to use a reduced alphabet when comparing 
seeds. Using this, RAPSearch2 (ref. 7) is 40–100 times faster than  
BLASTX with minimal loss of sensitivity. For DIAMOND, we 
investigated the use of published reductions to four, eight and 
ten letters12. By analyzing a large number of BLASTX alignments, 
we developed a new reduction to an alphabet of size 11 that 
achieves slightly better sensitivity (brackets indicate one letter): 
[KREDQN] [C] [G] [H] [ILV] [M] [F] [Y] [W] [P] [STA].

Spaced seeds. A second improvement of the seed step is to  
use spaced seeds—that is, longer seeds in which only a subset of 
positions are used. The number and exact layout of those positions 
are called the weight and shape of the spaced seed, respectively. 
Theoretical analysis shows that a single spaced seed can perform 
better than a contiguous seed of the same weight, if its shape  
is suitably chosen10. Moreover, sensitivity can be increased  
further by using additional seed shapes, each resulting only in 
a sublinear increase in running time10. By default, DIAMOND 
uses a set of four shapes11 of length 15–24 and weight 12 
(Supplementary Fig. 1).

Seed index. The main bottleneck in aligning a large number of 
reads against a large reference database is not CPU performance  
but rather memory latency and bandwidth. The limiting fac-
tor is the amount of time required to load seed locations from 
main memory for comparison. Moving data from main memory 
into the cache takes hundreds of CPU clock cycles. Thus, a fast  
algorithm should take the cache hierarchy of computers into 
account so as to maximize data locality and minimize the number 
of main memory accesses. This can be done by decomposing the 
problem into small subproblems that fit into the cache.

In most seed-and-extend programs, an index structure (such 
as hash table or FM index) is built on the reference sequences 
to facilitate the location of seeds in the references. Queries are 
processed in the order that they occur in the input file. For a 
given query, all seeds are determined and the index is then used 

to look up all matching locations in the reference sequences.  
The reference locations are loaded from main memory into the 
cache. When another read is later encountered that contains some 
of the same seeds, the corresponding index and sequence data will 
usually have been evicted from the cache, so this data will have to 
be loaded from main memory again. Hence, using a single index 
in this way does not make good use of the cache. The problem is 
compounded when using a full-text index, such as a suffix array 
or a compressed FM index, as these require multiple individual 
memory accesses per index lookup.

Double indexing. DIAMOND uses a double-indexing approach 
in which both the queries and the references are indexed. A 
DIAMOND index is a list of seed-location pairs that is lexico-
graphically ordered on a compressed representation of the seed. 
By traversing the two index lists linearly in parallel, all matching 
seeds between the queries and the references are identified, allow-
ing the local alignment computation at the corresponding seed 
locations. The index memory access pattern of this approach is 
linear and can be efficiently handled by the hardware prefetcher, 
which will fill the cache with the indexing information before it 
is needed.

The double-indexed approach also improves data locality with 
respect to accessing the sequences. To see this, let Sq and Sr denote 
the set of seeds contained in the set of queries and references, 
respectively. For a given seed s, let ms and ns be the number of 
occurrences of the seed in the queries and the references. Using  
the standard index approach, the number of memory access opera-
tions is approximately K = Σs∈Sq∩Sr msns, as for each occurrence of a 
reference seed in the queries, all corresponding reference locations 
will be loaded into memory. Using the double-indexing approach, 
the number of memory access operations is approximately  
K′ = Σs∈Sq∩Sr(ms + ns), assuming that the combined size of query 
and reference locations for one seed is small enough to fit into 
the cache. This number is much smaller than K unless the sum is 
dominated by singleton seeds. To demonstrate this effect on real 
data, we plot the ratio of memory accesses for the two approaches 
depending on the length of the query sequence in letters as 
observed on our benchmark data (Supplementary Fig. 2).

The double-indexing algorithm used by DIAMOND is based 
on the well-known database sort-merge join algorithm, applied 
to the two seed sets of the queries and references. The main com-
putation, the compilation and sorting of the two lists of seeds, can 
be efficiently addressed in parallel using a radix clustering step20 
in combination with a fast sorting algorithm. The total amount 
of time required to sort all the seeds in the given set of queries is 
smaller than what is required to access all seeds in a hash-table 
approach. Further, sorting all seeds in the reference sequences ‘on 
the fly’ takes much less time than loading a precomputed index. 
For example, the complete seed index for the current version of 
the NCBI-nr database is about 100 GB in size. This takes 100 s to 
generate in memory and about six times as long to read from disk 
at a typical read rate of 150 MB per second.

The alignment program mrsFast uses sorted lists as an index 
structure21. The authors of that tool spent a lot of effort on  
making their algorithm cache oblivious. Much of the challenge 
discussed there stems from the fact that short nonoverlapping 
seeds were used, which causes the set of all occurrences of  
a seed to exceed the cache capacity. Owing to the more elaborate  
seed strategy used by DIAMOND, in our program the amount  
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of data associated with a given seed will always be small  
enough to fit into the cache.

Memory efficiency. A drawback of using multiple spaced seeds 
is that this uses a lot of memory, which is a main reason why this 
approach has not been widely used, despite its proven advantages. 
The naïve implementation of a multiple spaced seed index builds 
a hash-table index for each of the seed shapes. With one hash 
table index for the NCBI-nr database being about 100 GB in size, 
four seed shapes would consume 400 GB, and 16 shapes would 
consume 1.6 TB of memory.

DIAMOND constructs and processes its indexes for one shape 
at a time, freeing up the memory used by one shape before moving 
on to the next. Thus, DIAMOND can perform alignment tasks 
with its sensitive 16-shape configuration using only as much 
memory as one shape index requires, which is an additional 
advantage of our approach. Moreover, using the radix cluster  
technique, the seed space is decomposed into 1,024 disjoint  
partitions. By building and processing indexes for only a subset 
of these partitions at the same time, the memory usage will be 
limited to the size of the subset index.

Seed extension. For each seed match found, DIAMOND  
determines whether it can be extended to an ungapped align-
ment of ten or more amino acids. If this is the case, then the seed 
match triggers the extend phase of the algorithm, which involves  
computing a Smith-Waterman alignment13. DIAMOND uses 
its own streaming SIMD extension (SSE)-accelerated Smith-
Waterman implementation that extends previous algorithms22 
to allow the computation of banded and anchored alignments.  
By default, the program uses the BLOSUM62 matrix23, a gap 
score of 11 and an extension score of 1, however, other BLOSUM  
matrices and scoring parameters can be used. The program deter-
mines the bit score and expected value of the computed alignment 
as in BLASTX. By default, alignments with a bit score <50 are  
not reported.

Because DIAMOND proceeds seed by seed rather than read by 
read, a key issue is how to avoid computing the same local align-
ment between a read and a reference more than once at different 
times during the search phase. To address this, DIAMOND allows 
a seed match to trigger an extension only if it is the left-most seed 
match in the corresponding ungapped alignment.

Experimental study. We downloaded the NCBI-nr database, 
which consists of 25.9 million sequences and 8.9 billion letters, 
in May 2013 to use as reference database.

We downloaded ten files of Illumina reads from the Human 
Microbiome Project website (http://www.hmpdacc.org/) cover-
ing samples from a range of different human-associated micro-
biomes (SRA SRS011134, SRS013687, SRS013951, SRS015578, 
SRS042628, SRS011239, SRS013800, SRS015369, SRS016753 and 
SRS053335). We extracted 500,000 random reads from each file 
so as to obtain a total set of 5 million reads, of average length 101. 
We refer to this as the Illumina (HMP) data set. We downloaded 
12 Illumina data sets associated with permafrost cores14 from the 
US Department of Energy Joint Genome Institute website. We 
extracted 500,000 random reads from each file so as to obtain a 
total set of 6 million reads, of average length 114, to use as our 
benchmark set of read sequences. We refer to this as our Illumina 
(permafrost) data set.

We downloaded a single data set of Ion Torrent reads from a 
study entitled ‘Metagenome from artisanal cheeses from Tucuman’ 
from NCBI (ERP004234). We downloaded two data sets of 454 
Titanium reads from a study entitled ‘Microbial community 
gene content and expression in the Central North Pacific Gyre, 
Station ALOHA, HOT186’ from NCBI, with accession numbers 
SRR1298978 and SRR1298979. We downloaded a single data set of 
Sanger reads from the Sargasso Sea project17. We download a set 
of contigs from a microbial assembly18 and used MetaGeneMark24 
to predict a total of 30,000 open reading frames (ORFs).

These data sets were used to compare the performance of 
DIAMOND (version 0.4.7), RAPSearch2 (version 2.18) and 
BLASTX (version 2.2.28+). All three programs were run on 
the same computer using 48 cores of a 64 core AMD Opteron 
server with 512 GB of main memory, running Ubuntu 12.04. 
The following parameter settings were used for the programs. 
BLASTX: blastx _num_threads 48 -evalue 0.1 -max_target_seqs  
250 -comp_based_stats 0; DIAMOND-fast: diamond blastx -t 48 -k  
250 -min-score 40; DIAMOND-sensitive: diamond blastx -t 48 
-k 250 -sensitive -min-score 40; RAPSearch2-fast: rapsearch -a
T -z 48 -v 250 -e -1 -b 1; RAPSearch2-default: rapsearch -z 48 -v
250 -e -1 -b 1.

To measure run times, BLASTX and RAPSearch2 were each run 
on three random subsets of each data set, and the run times were 
then extrapolated to the full data sets and averaged. DIAMOND 
was run on the full data sets (Fig. 1 and Supplementary Table 1).  
For Figure 1, we considered only alignments with a BLASTX  
e-value below 10−3. For Supplementary Table 1 we also consid-
ered only the subset of all alignments with a BLASTX e-value
below 10−5. Alignments of poorer quality are usually not consid-
ered in metagenome analysis.

The reported run times are the total wall-clock time required 
on 48 cores, minus the program’s overhead time. The overhead 
time of a program is measured by the wall clock time that the 
program requires to process an input file that contains only one 
read. This is a constant contribution to the run time that we ignore 
in our analysis because DIAMOND is intended to run on data sets 
that are much larger than our test data sets. For DIAMOND-fast, 
this is 5 min, and for DIAMOND-sensitive, this is 20 min. The 
reason we tested data sets that are small by practical standards 
was to allow us to run a full BLASTX analysis of each data set in a  
reasonable amount of time.

Sensitivity on the level of queries (percentage of queries 
mapped) is based on the number of reads for which BLASTX 
and the test method both find at least one common alignment 
against some reference sequence, divided by the total number of 
reads for which BLASTX finds at least one alignment. Sensitivity 
on the level of matches (percentage of matches recovered) is based 
on the number of alignments found both by BLASTX and the 
test method, divided by the total number of alignments found 
by BLASTX.

Principal coordinates (PCoA) analysis. To illustrate that minor 
differences between the output of BLASTX and DIAMOND  
do not affect the results of higher-level analyses, we used  
12 random subsamples, each containing 200,000 reads, from  
12 published permafrost samples14. Each subsample was aligned 
against NCBI-nr using both BLASTX and DIAMOND-fast, 

np
g

©
 2

01
5 

N
at

ur
e 

A
m

er
ic

a,
 In

c.
 A

ll 
rig

ht
s 

re
se

rv
ed

.

http://www.hmpdacc.org/
http://sra.dnanexus.com/samples/SRS011134
http://sra.dnanexus.com/samples/SRS013687
http://sra.dnanexus.com/samples/SRS013951
http://sra.dnanexus.com/samples/SRS015578
http://sra.dnanexus.com/samples/SRS042628
http://sra.dnanexus.com/samples/SRS011239
http://sra.dnanexus.com/samples/SRS013800
http://sra.dnanexus.com/samples/SRS015369
http://sra.dnanexus.com/samples/SRS016753
http://sra.dnanexus.com/samples/SRS053335
http://www.ncbi.nlm.nih.gov/sra/?term=ERP004234
http://trace.ncbi.nlm.nih.gov/Traces/sra/?run=SRR1298978
http://trace.ncbi.nlm.nih.gov/Traces/sra/?run=SRR1298979


doi:10.1038/nmeth.3176 nature methods

keeping alignments with a minimum bit score of 50. Reads were 
mapped to KEGG Orthology (KO) numbers3, for each read using 
the best alignment for which a KO number is known. We then 
computed Bray-Curtis distances from the resulting profiles and 
used PCoA to generate diagrams (Supplementary Fig. 3).

Memory usage and compatibility. The memory management 
of DIAMOND is designed to allow for an adaptable memory 
footprint that does not depend on the total size of the input. 
DIAMOND breaks down the input query and reference data into 
fixed size blocks of B sequence letters to be compared against each 
other at a time. With a seed index entry being 8 bytes long and 
the index being processed in C chunks, the total memory usage 
is then given by 2(B + 8B/C + const), where const represents a 
constant amount of overhead memory. With a default value of 
C = 4, the memory usage of the program is bounded by 6B + 
const irrespective of the total size of the database and queries. 
The block size B can be arbitrarily chosen by the user to fit the 
target machine. The command line options for B and C are -b 
and -c, respectively.

To explore the effect of the block size parameter on the  
performance, we aligned a query set of 35 million Illumina 

reads from permafrost against the NCBI-nr database containing  
9 billion letters using different values of B (Supplementary  
Table 2). This operation requires a high memory server for  
maximum performance but can be efficiently handled by 
a machine with 16 GB of memory at about half the speed.  
This amount of RAM is readily available at a price of $160 on a 
standard desktop computer.

To ensure the compatibility of the program, we conducted tests 
on various systems using the NCBI-nr database, downloaded in 
September 2014, and a query set of 61 million Illumina reads from 
the Human Microbiome Project (Supplementary Table 3).

Code availability. DIAMOND v0.4.7 source code is available in 
Supplementary Software and at http://ab.inf.uni-tuebingen.de/
software/diamond.
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MetaScope - Fast and accurate identification of microbes
in metagenomic sequencing data
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MetaScope is a fast and accurate tool for analyzing (host-associated) metagenome datasets.
Sequence alignment of reads against the host genome (if requested) and against microbial
Genbank is performed using a new DNA aligner called SASS. The output of SASS is pro-
cessed so as to assign all microbial reads to taxa and genes, using a new weighted version of
the LCA algorithm. MetaScope is the winner of the 2013 DTRA software challenge entitled
“Identify Organisms from a Stream of DNA Sequences”.

Metagenomics is the study of microbes using DNA sequencing1. One major area of ap-
plication is the human microbiome2 with the aim of understanding the interplay between human-
associated microbes and disease. Other areas of metagenomic research include water3, waste-water
treatment4, soil5 and ancient pathogens6. Another envisioned area of application metagenomics is
in bio-threat detection, for example, when a group of individuals becomes infected by an unknown
agent and the goal is to quickly and reliably determine the identity of the pathogens involved.

In 2013 the Defense Threat Reduction Agency (DTRA) sponsored an algorithms competi-
tion entitled “Identify Organisms from a Stream of DNA Sequences” with a one million dollar
prize. Proposed solutions “must generate equivalent identification and characterization perfor-
mance regardless of the sequencing technology used” and “. . . must achieve this in a timeline that
is substantively shorter than possible with currently available techniques.” The challenge provided
nine test datasets for analysis and proposed results were scored based on the correctness of organ-
isms identified (organisms score), reads assigned (reads score) and genes identified (genes score).
This paper describes the winning entry.

Such analysis requires the comparison of a large number of sequencing reads (typically mil-
lions of reads) against a large reference database (typically many billions of nucleotides or amino
acids). Hence, tools that address this type of problem must be very fast. Because current reference
databases only represent a small fraction of the sequence diversity that exists in the environment7,
such tools must also be very sensitive.

MetaScope performs very fast and very accurate analysis of metagenome datasets, includ-
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ing the removal of host reads, if required. MetaScope employs a new fast and sensitive DNA
aligner called SASS. The aligner is first used to compare a given set of metagenomic sequencing
reads against a host genome, if available, so as to discard reads that probably come from the host
genome. The remaining reads are then compared against microbial Genbank8 using SASS. A sec-
ond program called Analyzer processes the output of SASS and maps the reads to taxa and genes
using a novel variant of the LCA algorithm9. The output is written in XML and can, for example,
be loaded into the metagenome analysis program MEGAN10 for further processing.

Like BLAST11, SASS uses a seed-and-extend approach to alignment. To achieve both high
speed and high accuracy, SASS uses spaced seeds12, 13, a hash-table for seed lookup and is imple-
mented as a parallel algorithm in C++14. A crucial heuristic decision is when to extend a given
seed match so as to compute a full alignment. SASS uses Myers’ bit vector algorithm15 and a
gain-based termination criterion to decide this. In the context of host-genome filtering, the score
obtained in this way is used as a proxy for the full local alignment score and the extension phase
is not used.

Removal of all reads that align to the host genome does not completely resolve the prob-
lem of false positive taxon assignments because many viruses and vector sequences in Genbank
contain human sequences. Hence, in a preprocessing step, we use SASS to compare the viral and
vector portion of Genbank against the human genome and then mask every region of the reference
sequences that has a significant alignment to some host sequence.

The assignment of reads is often performed using the naive LCA algorithm9 in which a read
is placed on the lowest-common ancestor of all taxa in the NCBI taxonomy for which the read has
a high-scoring alignment to a corresponding sequence in the reference database. As the naive LCA
algorithm analyses each read in isolation, in the presence of many similar reference sequences
from different species, the result is often very unspecific placement of reads. To overcome this,
MetaScope uses a new weighted LCA algorithm that proceeds in two steps. First, the naive LCA
algorithm is used to assign a weight to each reference sequence, reflecting the number of reads
that are assigned to the corresponding species and have a significant alignment to that reference
sequence. Then each read is placed on the taxon node that covers 75% (by default) of the total
weight of all reference sequences that have a significant alignment with the read.

MetaScope predicts genes based on which annotated genes the alignments of a read overlap
with. A read will often align to many different reference sequences and so the potential number
of genes to report for a single read can be quite large, containing many false positives. To address
this, all genes that are partially overlapped by some alignment of a read are ranked by the weight
of the corresponding reference sequence and by the proportion of the gene sequence covered by
any reads, and a small number of top ranked genes are reported.

The results obtained by MetaScope on the nine DTRA datasets are listed in Table 1. Slightly
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different algorithmic parameters are used based on the different sequencing platforms, as described
in the Materials section. The accuracy score ranges from 90.1 − 98.7% and the run time ranges
from 4 to 13 minutes per dataset.

We have also investigated the use of an intermediate assembly step (except for PacBio reads).
In more detail, all reads that did not align to the host genome (human) were presented to the New-
bler assembler16 as input. The obtained contigs and all unassembled reads were aligned against
microbial Genbank using SASS. The output of this was then processed as described above and all
assembled reads inherited the taxon assignment of their containing contigs. The results produced
by this approach scored equally high as those reported in Table 1, but not better, so we did not
pursue this further.

We plan to make Metascope freely available from http://www.metascope.net.

Methods

Overview MetaScope is able to accurately analyze millions of sequencing reads in minutes. The
MetaScope pipeline takes a file of sequencing reads in FastQ or FastA format as input and produces
a report file in XML format as output. The input file represents an host-associated metagenome
sample and the aim of MetaScope is to determine the taxonomic and functional content of the non-
host portion of the sample. For each organism detected in the input file, the report file contains an
estimation of its relative amount, the list of all reads assigned to the organism and the list of all
genes identified for the organism.

The MetaScope pipeline (see Figure 1) is invoked using the command metascope platform
reads work output. The four arguments specify the sequencing platform (one of Illumina, 454,
IonTorrent or PacBio), an input file containing all reads in FastQ format, a sample-specific working
directory where intermediate files are to be placed, and the name of the output file. In addition,
any part of the pipeline can be run individually with more control over programming parameters.

First, the program SASS is used to compare all reads in the input file against the host genome.
All detected alignments between reads and the host genome are written to a file called host.m8.
Second, a script called triage uses the alignments in host.m8 to count the host reads and to
write all non-host reads to a file called non-host.fq. Third, SASS compares the set of all non-
host reads against Genbank. All found alignments are written to a file called metagenome.m8.
The number of reads and host reads, and the file of all metagenome alignments are provided as
input to the MetaScope analyzer, which produces the final MetaScope report output.xml in
XML format.
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(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Name Sequencing Number Average Seq. Total Org. Reads Genes Time

platform of reads length acc. score score score score (mins)
Testing1 PacBio 92 948 1883 83 90.074 100 85 85 7:48
Testing2 PacBio 98 323 1837 83 98.747 100 98 98 8:24
Testing3 Ion-Torrent 379 028 160 98 91.949 85 93 96 6:28
Testing4 Roche-454 399 671 363 99 91.595 75 99 99 6:47
Testing5 Illumina 5 550 655 150 100 91.538 93 99 82 6:14
Testing6 Illumina 6 038 557 150 100 95.357 100 100 86 7:27
Testing7 Ion-Torrent 323 028 159 98 92.258 83 99 94 4:20
Testing8 Roche-454 351 799 263 99 96.843 100 100 90 4:49
Testing10 Illumina 6 164 558 151 100 97.803 100 100 93 12:10

Table 1: Nine DTRA challenge human-associated DNA sequencing datasets (1–5), per-
centage scores achieved by MetaScope (6–9), and time required (10). Sequencing ac-
curacy (5) is the average percent identity of read alignments to the human reference
genome. The total score (6) is the average of the three component scores (6–8).

Figure 1: Overview of the MetaScope pipeline. Data moves from left to right. The input reads are compared
against the host genome using SASS, then all non-host reads are compared against Genbank using SASS,
and finally, the result of the second comparison is processed by the MetaScope Analyzer program to generate
the final MetaScope XML report.
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Figure 2: Illustration of the application of a spaced seed to match letters between a reference and a query
sequence. Ones and zeros indicate positions to use and ignore, respectively

Sequence alignment The main computational bottleneck in metagenome analysis is the compar-
ison of the reads against a host database, in the case of a host-associated sample, and then against
a comprehensive collection of bacterial and viral sequences, such as Genbank8. To address this
problem in an efficient manner, MetaScope introduces a new sequence alignment tool called SASS
(an acronym for “sequence alignment using spaced seeds”). SASS is written in C++ and uses
SeqAn14 and Boost17.

Designed to target significant alignments with a bit score of at least 50, SASS aligns DNA
sequencing reads at about 50-100 times the speed of discontiguous MegaBLAST13. Like BLAST,
SASS attempts to exhaustively determine all significant alignments, which is crucial for accurate
taxonomic analysis.

Fast pairwise alignment programs usually follow the seed-and-extend paradigm11. In this
two-phase approach, first one searches for exact matches of small parts of the query sequence
in the reference database, such seed matches are evaluated and those deemed promising are then
followed up in an extend phase that aims at computing a full alignment.

Existing approaches typically employ an index data structure for the reference database in
order to quickly compute all seed matches between the query sequence and the reference. For
example, Bowtie218 and BWA19 use a compressed FM-index, which is very memory efficient, but
at the expense of a slower access time. In contrast, SASS uses a hash table, which requires more
memory, but is much faster. The high speed of the index allows SASS to achieve high speed and
good sensitivity even when aligning low quality reads such as produced by PacBio and Ion Torrent
sequencers.

Most aligners employ a simple seed shape that consists of a short word of consecutive posi-
tions. The choice of seed length is based on a trade-off between sensitivity and speed. A hash table
index permits the use of spaced seeds. These are longer seeds in which only a subset of positions
are used (see , as Figure 2). The number and exact layout of the utilized positions are called the
weight and shape of the spaced seed, respectively. Spaced seeds are known to perform better than
simple seeds in terms of the speed/sensitivity trade-off12, 13. By default, SASS uses a single spaced
seed, 11111011101111011011111120.

To sustain the high throughput achieved in the seeding phase, we attempt to avoid unneces-
sary Smith-Waterman computations in the extension phase. To this end, we evaluate seed matches

5



using a modified version of Myers’ bit vector algorithm for approximate string matching15, which
computes the edit distance between two short patterns encoded in machine words using fast bit-
parallel operations. Starting from the location of a seed match, an alignment is extended in both
directions by block-wise invocation of Myers’ algorithm in conjunction with a termination crite-
rion based on the score gain. Tentative scores are calculated that approximate the full BLAST
score. A full banded Smith-Waterman alignment21 is only performed on the 100 (by default) best
tentative alignments for a read, thus producing accurate standardized BLAST alignment scores for
them.

In the case of a host-associated sample, the first step is to identify all reads that come from
the host organism. To address this, SASS is used to compare all reads against the host genome. For
human, we used assembly release CRCh37 downloaded from NCBI in June 2013. The output of
SASS is written to a file called host.m8. To reduce the running time of this calculation, here we
compute only the approximated score for any alignment and do not perform a full Smith-Waterman
calculation.

Based on the host alignments detected in the previous step, a simple Perl script called
triage is then used to determine all reads that do not have a significant alignment to the host
genome and only these reads are considered in the downstream analysis. Here, an alignment is
considered significant if it has an expected score of less than 10−10. These reads are placed in a
file called non-host.fq. An additional file, counts.txt is generated that contain the total
number of reads and the number of reads that have a significant alignment to the host genome.

Then SASS is used to compare all non-host reads reads (contained in non-host.fq)
against a large portion of Genbank (consisting of all bacterial, viral, phage and synthetic se-
quences), downloaded from NCBI in June 2013. The resulting alignments are placed in a file
called metagenome.m8.

SASS uses two different indices for Genbank, depending on the quality and quantity of the
sequencing reads. For high quality and high quantity input samples SASS uses an index that is
optimized for speed (using longer seeds) whereas for samples of lesser sequencing quality and
smaller size, SASS uses an index that is optimized for sensitivity (using shorter seeds).

The files counts.txt and metagenome.m8 form the basis of MetaScope’s taxonomy
and gene content analysis, as described in the following sections.

Taxonomic analysis The number of reads and host reads, and the file of all metagenome align-
ments obtained using SASS are provided as input to the MetaScope analyzer, a Perl script that
produces the final MetaScope report output.xml in XML format.

The analyzer uses three criteria to decide which alignments are deemed significant and all
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non-significant alignments are ignored in all subsequent analysis steps. The first criterion is a
minimum alignment bit score (option minscore, default is 50). Second, for each read we only
consider alignments that have maximal bit score, or that are within x% of the top score, where x is
set by a user option called top.

The third criterion, which is only applied to Illumina reads, aims at ensuring that a significant
alignment covers a large proportion of the corresponding read. Because the quality of an Illumina
read tends to degrade toward the end of the read, we calculate the proportion of read covered as
alignment length divided by “covered prefix length”, where the latter is the length of the prefix of
the read up to the last base that is covered by the alignment. In more detail, an alignment must
fulfill 1 − Ps/Pe < minover to be deemed significant, where Ps and Pe are the alignment start
and end position on the read and minover is a user-specified parameter (default is 0.8).

Weighted LCA The assignment of reads to taxa based on a set of alignments to a reference
database is often performed using the naive LCA algorithm9 in which a read is placed on the lowest-
common ancestor of all taxa in the NCBI taxonomy for which the read has a high-scoring alignment
to a corresponding sequence in the reference database. This approach is quite conservative and
does not work well when there are multiple closely related references in the database, as these will
move the assignment to higher level on the phylogenetic tree.

To overcome this, MetaScope uses a new weighted LCA algorithm that proceeds in two
rounds. In the first round, the naive LCA is applied to all reads. During this process, each reference
sequence is assigned a weight that is the number of reads that have a significant alignment to
that reference sequence and for which the naive LCA assigns the read to the same species that
the reference sequence has. Reference sequences that are not assigned a weight in this way are
assigned weight 1.

In the second round, each read is then assigned to the lowest taxonomic node that lies above
a fixed proportion (user parameter lca default value 0.8) of the sum of weights of reference
sequences to which the read has a significant alignment. The lowest rank that we consider here is
that of species. Reads that are assigned to a sub-species or strain are moved up to the species level.

To address the problem of over-aggressive taxa assignment, for each assigned taxa node,
we calculate and report the average alignment identity between the reads assigned to this node
and the reference sequences. If the average identity is below 90% for a species level taxa node,
a low identity tag is reported in the XML output to indicate that a species-level assignment
might be too aggressive.
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Strain level assignment Our implementation of the weighted LCA assigns reads down to the
level of species, but not further. If the user requests strain-level analysis (option strain) then the
analyzer proceeds as follows. For each read that is assigned to a species node, we consider all
alignments whose bit score are within x percent of the best score for the read, where x is determined
by a user parameter strain top (default value 10%). If a significant proportion (controlled by
a user parameter strain lca, default 80%) of the best alignments agree on a strain and these
alignments have high sequence identity (controlled by parameter strain iden, default 95%),
then the read is tentatively assigned to that strain. A strain is reported, if a significant proportion
(controlled by parameter strain report, default 80%) of the reads previously assigned to the
species are tentatively assigned to the strain.

Gene prediction To decide which genes to report for a given read, MetaScope produces two
separate lists of all genes that are partially covered by an alignment of the read. The first list
is ranked by descending weight of reference sequence (as described above) and the second is
ranked by descending coverage of genes (that is, by the number of bases of the gene covered by
any significant alignment of any read). By default, Metascope reports the top five genes (user
parameter maxgene) from each of the two ranked lists.

Supporting data generation

Data source All supporting data for MetaScope were downloaded from NCBI. The URLs for
the data source are as follows:

• Human genome data: ftp://ftp.ncbi.nlm.nih.gov/genomes/H_sapiens/

• GenBank data in ASN.1 format: ftp://ftp.ncbi.nih.gov/ncbi-asn1/

• GenBank data in Genbank format: ftp://ftp.ncbi.nih.gov/genbank/

• Taxonomy data: ftp://ftp.ncbi.nlm.nih.gov/pub/taxonomy/

Masking Human-like reference sequences Because virus and synthetic constructs often con-
tain human sequences, we decided to mask all human-like regions in those sequences in our work-
ing version of the GenBank microbial database. To do this, we built a SASS index for the human
genome reference in sensitive mode (SASS option --index-mode 2). All virus and synthetic
construct sequences were then shredded into 100bp fragments with 50bp overlap. We used SASS
to align the shredded sequences against the human reference. If a shredded sequence aligned to the
human genome with an alignment of 50 bases or more, and at least 80% identity, then the source
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region of the shredded sequence covered by the alignment was masked by replacing all nucleotides
by N’s.

Data preprocessing DNA sequences were first extracted from GenBank ASN.1 data. Only se-
quences under GenBank BCT, VRL, PHG, and SYN sections were included. The four sections
cover all GenBank sequences from bacteria, archaea, virus, phage, and synthetic constructs.

A mapping of GI numbers to NCBI taxon identifiers was extracted from the GenBank ASN.1
files. We also extracted taxonomic lineage information for each reference sequence from these
files, rather than from the NCBI taxonomy dump file because only the ASN.1 files contain the
correctly labeled strain description of reference sequences. The NCBI taxonomy file was used to
complement the ASN.1-derived taxonomy data.

Information on protein coding regions, such as location, protein accession number, locus tag,
description, was extracted from the GenBank flat files.

The set of scripts used to download process all reference data is distributed in the aux folder
of the MetaScope package.

Parameters The output of different sequencing platforms varies in three main aspects, namely the
number of reads produced, the average read length and the sequence quality. Individual Illumina
datasets usually consist of millions of reads with a read length of hundreds of base pairs. Roche-
454 datasets usually have less than one million reads, with a read length approaching 1000 bp. Ion
Torrent datasets contain hundreds of thousands of reads, hundreds of base pairs long, with a lower
level of quality than the afore mentioned datasets. Finally, PacBio datasets are usually smaller yet,
with read lengths of thousands of base pairs, with a very high level of errors.

To address these differences, MetaScope uses slightly different parameter settings depend-
ing on which sequencing platform was used to generate the input (see Supplement Table 2). For
datasets with higher error rates and smaller size, the pipeline uses SASS’ sensitive Genbank in-
dex so as to improve the detection of significant alignments in the presence of sequencing errors.
Moreover, in the taxonomic analysis of such data, the pipeline employs a relaxed LCA with a top
setting of 10% so as to help avoid unreliable placement of reads for PacBio data, but 5% for other
platforms. Because Illumina datasets usually contain millions of reads, here a even small sequence
error rate can lead to a large number of wrongly assigned reads. Hence, for Illumina we use a
minover setting of 0.9 to ensure that significant alignments cover at least 90% of the high quality
end of a read.

The MetaScope parameters employed in the DTRA challenge differ slightly from the default
settings recommended in Table 2 due to the specific nature of the DTRA testing datasets. Their
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metagenomic reads appeared to have originated from organisms whose genome sequences are well
represented in Genbank and thus they usually have a top-scoring alignment to the correct species
(but also to many others). In this situation, we were able to set top to 0 for all sequencing
technologies except for PacBio, were 0.1 was used to accommodate for the high rate of sequencing
errors in PacBio data.

The default value for the maxgene parameter (that controls the number of genes reported
per read) is 5, as this value works well on all DTRA challenge datasets. However, for the DTRA
challenge Roche-454 datasets we used a value of 1 so has to achieve a particularly high gene score
so as to compensate for low organisms scores on the Roche-454 test datasets.
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Platform SASS Index top minover
Illumina normal 0.05 0.9

Ion Torrent sensitive 0.05 0
Roche 454 normal 0.05 0

PacBio sensitive 0.1 0
Unspecified normal 0.05 0

Table 2: Default platform-specific settings used by MetaScope.
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We are at the beginning of a genomic revolution in which all 
known species are planned to be sequenced. Accessing such 
data for comparative analyses is crucial in this new age of 
data-driven biology. Here, we introduce an improved version 
of DIAMOND that greatly exceeds previous search perfor-
mances and harnesses supercomputing to perform tree-of-life 
scale protein alignments in hours, while matching the sensi-
tivity of the gold standard BLASTP.

Within the next decade, The Earth BioGenome Project1,2 aims 
to sequence and assemble the reference genomes for ~1.5 million of 
the 10–15 million known eukaryotic species that inhabit our planet. 
Current sequence search algorithms and software tools would be 
impractical for analyzing data of this magnitude when aiming to 
retain sensitivity similar to the gold standard BLASTP3. In an exper-
imental study we estimated that querying the National Center for 
Biotechnology information (NCBI) non-redundant (nr) database 
(~280 million sequences) against the UniRef50 database (~40 mil-
lion sequences) using BLASTP would require more than 2 months 
even on a supercomputer equipped with 20,800 cores (Methods). 
However, the newly developed version of DIAMOND can now 
accomplish the same task in several hours, with an alignment 
sensitivity that matches BLAST. We overcome this computational 
bottleneck and enable sensitive large-scale protein searches on a 
tree-of-life scale by introducing improved algorithmic procedures 
and a customized high-performance computing framework, which 
incorporate optimized distributed computing, double indexing and 
multiple spaced seeding. This version of DIAMOND is available 
as Open Source Software under the GPL3 license (http://www.dia-
mondsearch.org).

DIAMOND is a fast and sensitive protein aligner that was ini-
tially developed for metagenomics applications to achieve ultra-fast 
alignments at the cost of alignment sensitivity, compared with the 
gold standard, BLAST. Although DIAMOND is proven to be practi-
cal for many metagenomics studies that also often rely on k-mer 
information for annotation and classification4, most functional and 
phylogenomic studies rely heavily on high alignment sensitivity to 
obtain useful insights about the functional conservation of proteins 
and their evolutionary divergence along phylogenetic lineages. For 
data-intensive studies in these fields, BLAST remains the tool of 
choice due to its paramount alignment sensitivity.

Here, we introduce a greatly improved version of DIAMOND 
that provides two sensitivity modes, --very-sensitive and --ultra- 
sensitive, which will enable data-intensive comparative genom-
ics research such as tree-of-life scale tracing of protein evolu-
tion5, gene age inference6,7, and functional annotation of genes 
and gene families8 to be carried out with the same accuracy as 
BLAST, but with an 80–360-fold computational speedup. In --ultra- 
sensitive mode, DIAMOND (v2.0.7) achieves this BLAST-like  

sensitivity milestone while reducing the computational run time of 
BLASTP-heavy studies from months to hours.

This version of DIAMOND is different from other protein align-
ers and its older versions in that it focuses on ultra-fast but sensitive 
protein searches that can scale with sequencing efforts; for example, 
to meet the demands of the large-scale Earth BioGenome Project 
and analogous bulk sequencing projects. Alternative tools such as 
BLASTP (ref. 3), USearch (ref. 9), LAST (ref. 10) or MMSeqs2 (ref. 11) 
are also optimized to run fast protein alignments, but still require 
longer computation times and, with the exception of BLAST, are less 
sensitive than DIAMOND when dealing with very large datasets. 
These tools already experience limitations when they try to han-
dle searches at the scale of the NCBI nr database, which currently 
contains the largest collection of sequences, representing genomic 
information for ~12,000 eukaryotic species. Therefore we sought 
to build a protein search infrastructure that can accommodate 
the demands of sensitive homology searches on this exponentially 
growing dataset of sequenced species.

DIAMOND now achieves this goal by providing four different 
levels of alignment sensitivity and by optimizing two distinct com-
putational paradigms. First, it leverages an ultra-fast integration of 
algorithmic steps optimized for the latest generation of computer 
architectures that are designed to function optimally when deal-
ing with massive query and subject databases. Second, it harnesses 
high-performance computing (HPC) and cloud computing by 
providing a powerful distributed computing implementation cus-
tomized for large-scale protein searches, incorporating our new 
DIAMOND search scheme (Methods). In summary, our method is 
based upon on-the-fly double indexing (in which both the refer-
ence database and the query are indexed for comparison) and hash 
join on the seed space spanned by up to 64 multiple spaced seeds 
(seeds that are extracted from the sequence according to a pattern 
of ‘match’ and ‘don’t care’ positions) to greatly improve the specific-
ity of seeding relative to a baseline strategy. Furthermore, double 
indexing focuses the comparison operations with respect to a seed 
and enables the operations to be streamed through the CPU in an 
efficient, cache-aware manner, avoiding the memory latency bottle-
neck of a classical single-indexed seed lookup approach. A chain of 
heuristic filter stages that makes heavy use of vector instructions 
is designed to gradually eliminate spurious hits, while passing on 
potentially significant alignments to a vectorized Smith–Waterman 
extension.

We demonstrate the search capabilities of DIAMOND (v2.0.7) 
by systematically comparing its performance against BLASTP 
(v2.10.0) and MMSeqs2 (release 11), and against an older version of 
DIAMOND (v0.7.12), all of which are currently the most promising 
alternatives for sensitive tree-of-life scale protein searches (Fig. 1). To 
create a benchmark dataset covering annotated protein sequences 
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spanning the full diversity of the tree of life, we downloaded the NCBI 
nr database (25 October 2019) and annotated each protein sequence 
in accordance with their SCOPe (structural classification of pro-
teins–extended) domains12 (http://scop.berkeley.edu/) (Methods). 
Establishing a ground truth on the basis of SCOP domains has been 
considered the gold standard for benchmarking protein aligners13. As 
a result of the annotation, we obtained a query dataset of ~1.7 million 
protein sequences covering ~1,000 representative sequences for each 
SCOPe superfamily. Furthermore, we annotated the UniRef50 data-
base14 (accessed 14 September 2019) following the same procedure to 
serve as a reference database for the benchmark.

It is important to note that some previous performance bench-
marks between older versions of DIAMOND and other aligners15 
used small benchmark datasets for the comparison with DIAMOND. 
As stated earlier, DIAMOND is optimized for searches using large 
query and reference databases. Therefore valuable benchmarking 
insights can only be achieved when comparing DIAMOND and 
other tools using large benchmark datasets, rather than focusing on 
small query or reference examples.

We ran DIAMOND (v2.0.7) in all four sensitivity modes using 
our SCOPe-annotated benchmark dataset as a query against the 
UniRef50 database, and compared its computational perfor-
mance and level of sensitivity against analogous runs performed 
with BLASTP (v2.10.0), MMSeqs2 (release 11) and DIAMOND 
(v0.7.12). Figure 1 shows the benchmarking results of these align-
ments against the UniRef50 database. For each tool, we show the 
performance increase of the respective search algorithm over 
BLASTP against the average recall of a query’s protein family until 
the first false positive (Fig. 1a), and the corresponding receiver 
operating characteristic (ROC) curve (Fig. 1b). We found that 
DIAMOND (v2.0.7) computed alignments 12–15-fold faster than 
MMSeqs2 (release 11) while maintaining similar sensitivity levels. 
When the new DIAMOND was compared with older versions of 
DIAMOND16 (v0.7.12) we observed a 6–8-fold speedup, while the 
old DIAMOND was also far behind the other benchmarked tools 
in terms of sensitivity. When comparing DIAMOND (v2.0.7) to 
BLASTP (v2.10.0) we observed an ~8,000-fold speedup when 

using the least sensitive mode, and still an 80-fold speedup when 
running DIAMOND (v2.0.7) with a sensitivity level matching 
that of BLASTP (ultra-sensitive mode). Closer inspection of 
the trade-off between sensitivity and specificity on the basis of 
ROC curves (Fig. 1b) shows that DIAMOND (v2.0.7) in both 
the very-sensitive and ultra-sensitive modes maintained equal 
or marginally better sensitivity than BLAST at low error rates, 
while being only slightly surpassed by BLAST at error rates of 
>1 false positive per query (in which searches at error rates of
>1 have only rare practical applications). We also conclude that
the more sophisticated repeat masking used by DIAMOND
(v2.0.7) (Methods) enables lower true error rates at similar
sensitivity levels.

In addition, we compared older versions of BLASTP (v2.2.31; 
2015) to the 2019 version of BLASTP (v2.10.0) and found that the 
2019 version of BLASTP was fourfold faster than its 2015 version. 
Although this speedup is impressive, we are not able to envision a 
scenario in which this rate of increase will enable tree-of-life scale 
protein alignments when dealing with sequences from millions of 
eukaryotic species.

To demonstrate the capabilities of our tool when supported by 
an HPC infrastructure, we aligned all 281 million protein sequences 
from the NCBI nr database against the UniRef50 database, which 
consists of 39 million sequences, using DIAMOND (v2.0.7) in 
ultra-sensitive mode on the Cobra supercomputer of the Max 
Planck Society. This comprehensive comparison across all domains 
of life was computed in less than 18 hours using 520 compute nodes 
(Fig. 2 and Extended Data Fig. 1), compared with an estimated 
2 months with BLAST.

For further evaluation, we report the alignment sensitivity 
resolved by sequence identity (Extended Data Fig. 2), the distribu-
tion of homologs across identity bins (Extended Data Fig. 3), and 
the results of two supplementary benchmarks based on short reads 
(Extended Data Figs. 4–7).

Here, we introduce a comprehensive sequence search framework 
based on an extensively improved version of DIAMOND (v2.0.7) 
that enables users to handle the accelerating growth of sequence 
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information for data-driven comparative and functional genom-
ics studies. We designed this framework to meet the computational 
demands of future high-sensitivity sequence searches, to gain funda-
mental insights into protein evolution and molecular phylogenetics.
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Methods
Algorithmic overview of DIAMOND. Double indexing. DIAMOND uses the 
double-indexing approach, in conjunction with multiple spaced seeds17, to 
optimize the handling of large query and large reference databases. In the first 
step, tables of seed–location pairs are built for query and reference sequences. 
Next, matching seeds are computed using a hash join technique that conducts 
recursive radix clustering of both tables until a hash table for the query data fits 
into the cache, at which point the rest of the join is computed by hashing18. We 
found this approach to be faster than the sorting method used by older versions of 
DIAMOND16, especially given that a full sorting of the reference table is avoided 
for smaller query datasets.

The double-indexing algorithm is designed to be cache aware, given that the 
data associated with one seed need to be loaded for comparison from memory 
only once, while the classical index-based linear seed lookup suffers from poor 
data locality. Additionally, our on-the-fly indexing method enables efficient use 
of multiple spaced seeds by processing the shapes one at a time and not requiring 
the index tables for all shapes to be present in memory simultaneously, while 
also avoiding expensive seed lookups through our cache-friendly hash join 
implementation.

DIAMOND (v2.0.7) uses two seed shapes of weight 10 for its fast mode, 16 
shapes of weight 8 and 14 shapes of weight 7 for its sensitive and very-sensitive 
modes, respectively, and 64 shapes of weight 7 for its ultra-sensitive mode. The 
seed shapes were computed using SpEED19. Even when operating with 64 shapes, 
the run time generation of the indices, together with the join computation, take 
up less than 1% of the total run time of the program. When processing the NCBI 
nr database, the total size of these indices would be 123 billion letters × 9 bytes 
per entry × 64 shapes, which is ~64 TB if kept in memory or written to disk, 
while DIAMOND (v2.0.7) requires less than 16 GB of RAM when running in 
ultra-sensitive mode. This shows that DIAMOND does not require expensive 
computing infrastructures and can be operated with modest hardware resources 
if needed. Because of the runtime indexing, DIAMOND maintains disk-based 
database files that contain only the reference sequences, and can optionally also use 
BLAST databases (since v2.0.8).

Hamming distance filter. In the first stage of the sequence comparison process, a 
hamming distance computation between a query sequence and a subject sequence 
is performed at all seed hit locations in a 48-letter window encompassing the hit. 
We optimized this procedure using a chain of SSE (streaming single-instruction 
multiple-data (SIMD) extensions) pcmpeqb, pmovmskb and popcnt instructions 
to achieve a tenfold decrease in computation time compared with an ungapped 
alignment incorporating a scoring matrix, while reducing the number of hits by 
1–2 orders of magnitude. A sensitivity-level-dependent cut-off for the hamming 
distance that can also be manually set by the user determines whether a hit is 
passed to the next filter stage.

We further extend our initial approach, introduced in the original version 
of DIAMOND16, and maximize the filtering throughput by using a loop-tiling 
strategy to incorporate the cache hierarchy and address the fact that the 
data associated with a single seed may exceed the cache capacity in the new 
very-sensitive and ultra-sensitive modes of DIAMOND (v2.0.7). We also load the 
48-letter windows at the query and subject locations into linear buffers prior to 
running the all-versus-all hamming distance computation, to make best use of the 
hardware prefetcher and to avoid any random memory access.

Ungapped extension. After the hamming distance stage, the next step in the 
pipeline computes ungapped extensions at the seed hit locations. This procedure 
is vectorized using AVX2 instructions, aligning one query against up to 32 subject 
sequences. After 32 subject sequences are loaded into AVX2 registers, a 32 × 32 byte 
matrix transposition is computed using a series of 160 unpack instructions, such 
that 32 letters of different subjects are interleaved into one SIMD register, and the 
match scores can be loaded along the query. A sensitivity-level-dependent e-value 
threshold determines the hits that will be passed to the next stage.

Leftmost seed filter. Due to its double-indexing algorithm, DIAMOND may find 
the same alignment multiple times independently during the search stage. These 
redundant hits need to be filtered out to avoid an excessive use of temporary 
disk space. DIAMOND accomplishes this task by inspecting the local ungapped 
alignment for seed hits to the left of the hit that is currently being processed, as 
well as seed hits by previously processed shapes. If such a hit is found, DIAMOND 
notices the repetition and the current hit is discarded. Given that this procedure 
entails checking against up to 64 different seed shapes, we further optimized this 
process by incorporating a precomputed lookup table that stores information 
on whether any of the processed shapes will hit a given bit-encoded match or 
mismatch pattern, thus enabling the same check to be performed in one pass over 
the local hit pattern.

Adaptive ranking. Given that the typical application of an aligner will require the 
reporting of a certain number of best alignments (hits) for each query (as set on 
the command line using the --max-target-seqs option), DIAMOND makes use 
of this parameter to control the computational effort spent on seed extension and 

avoid having to compute gapped extensions for all seed hits. To this end, after the 
seed search within target sequences has been concluded, we determine a tentative 
order of target hits with respect to a single query. In the present case, this ranking 
procedure uses the ungapped extension scores at seed hits to assign a linear order to 
the targets. DIAMOND sorts the target list by ungapped extension score (from best 
to worst) for each target, similar to the way in which MMSeqs2 uses its ungapped 
extension-derived prefilter scores. Although MMSeqs2 will then compute Smith–
Waterman extensions for a fixed number of best targets (as set using the --max-seqs 
parameter), DIAMOND uses a dynamic criterion to halt evaluation of further 
targets. We refer to this dynamic approach as adaptive ranking, which improves 
the DIAMOND reporting accuracy compared with the static criterion used by 
MMSeqs2, while providing a less biased and more data-adapted filtering procedure. 
The ranked list is processed in chunks of 400 targets (configurable on the command 
line using ext-chunk-size), for which extensions are computed. If no extension in 
the current chunk yields a significant alignment under the user-specified reporting 
criteria, computation of further extensions for the query is aborted, otherwise the 
next chunk of targets will be processed.

Gapped extension filter. Given that computing full Smith–Waterman20 extensions 
is expensive, we have developed a fast heuristic algorithm designed to estimate 
a gapped alignment score and discard hits that most probably do not meet the 
user-set reporting threshold. We use a query profile data structure in the same 
way as the vectorized Smith–Waterman algorithm introduced by Farrar21, which 
is an array for each of the amino acid letters that stores the scores along the 
query against the given residue. We then use AVX2 instructions to sum up these 
scores along diagonals of the dynamic programming matrix, thus computing 
local ungapped extension scores on diagonals. This approach ignores gaps in the 
alignment and therefore eliminates intra-register data dependencies. With its 
minimal logic, our heuristic achieves a throughput ~fivefold faster than a Smith–
Waterman computation using the vectorized SWIPE method22. Nevertheless, 
ungapped scores on the diagonals can be used to estimate a gapped extension 
score by thresholding and computing a one-dimensional dynamic program 
that disregards the location of the diagonal segments. Although this simplifying 
assumption leads to an overestimation of the true alignment score most of the 
time, the heuristic is still able to reduce the number of spurious hits by one order of 
magnitude in the most sensitive alignment mode. If required by the user, this filter 
step can be disabled using the option gapped-filter-evalue 0.

Chaining. Chaining is the computation of a dynamic program at the level of 
diagonal segments instead of at the base or residue level, and has been used 
successfully in DNA alignment tools such as minimap2 (ref. 23). DIAMOND 
(v2.0.7) introduces the use of chaining on protein sequences. The result of the 
chaining computation is used to infer a scaffold for the optimal alignment and to 
determine the band geometry for a banded Smith–Waterman algorithm20.

Chaining can be simplified on DNA sequences by considering only diagonal 
segments of exact matches. However, this is not possible for protein sequences, 
which makes this computation substantially more elaborate. DIAMOND solves 
this problem by sorting the diagonal segments obtained by the ungapped extension 
stage on the starting position in the subject, and constructs a graph in which nodes 
represent diagonal segments and edges denote diagonal shifts (gaps) by computing 
pairwise connections between the diagonal segments in one left-to-right pass. 
Such pairwise connections are then stored as graph edges, incorporating their 
inbound and outbound coordinates to prevent invalid chains and to allow zigzag 
connections in which the optimal path repeatedly shifts between the same two 
diagonal nodes. A red–black tree for the nodes ordered on the diagonal is used 
to quickly access the most proximal nodes and candidates for determining a 
connection. For each node, the best score of a local alignment ending in that node 
is stored, the maximum of which yields the final score estimate and end point for 
backtracing of the approximate optimal alignment.

Banded SWIPE. The final extensions are computed using a modified version of 
the vectorized SWIPE (ref. 22) approach that accommodates banding. Due to their 
design, both the SWIPE and the ‘striped’ SIMD vectorization21 algorithms do not 
easily allow banded alignment, resulting in the need for an O(n²) computation 
in proportion to the length of the query and subject sequences. We vectorize the 
alignment of a query against up to 32 subjects by overlaying the banded dynamic 
programming matrix columns of the subjects based on their query ranges (the 
query coordinate interval [i0,i1] that corresponds to a slice of the given column with 
the subject’s band). Given that the bands of the subjects are different, this cannot be 
fitted perfectly into the register, but reaches a register load efficiency of 80–90% for 
larger databases. All extensions are computed using 8-bit scores and are repeated 
when an overflow is detected, unless an alignment score of >255 is already known 
from previous stages.

Alignments are scored using the BLOSUM62 matrix by default. In addition, 
we also use a method of composition-based score adjustments15 that is designed 
to increase the specificity of the scoring procedure. If required, DIAMOND 
(since v2.0.6) also supports applying the BLAST compositional matrix adjust 
scoring procedure24 to compute BLAST-like alignment scores (options 
--comp-based-stats3,4).
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As an alternative, DIAMOND (v2.0.7) also includes the option to compute 
full-matrix instead of banded Smith–Waterman extensions (command line option 
--ext full), which are also vectorized using the SWIPE algorithm.

Frameshift alignments. Reads produced by MinION technology25 are known 
to be noisy and contain frequent indel errors, a problem that also translates to 
assemblies derived from such long reads. In consequence, genes cannot be detected 
reliably on such DNA sequences. DIAMOND addresses this issue by providing 
frameshift alignments in translated search (blastx) mode. The protein sequences 
corresponding to all three reading frames of a strand are aligned simultaneously 
against the target sequence, allowing shifts in the reading frame at any position 
in the alignment, while incurring a user-defined score penalty (set using -F on 
the command line). The raw MinION reads and contigs up to the length of full 
bacterial chromosomes are supported as input in translated search mode, enabling 
gene discovery and annotation in the absence of known gene boundaries.

Repeat masking. Differentiating between true evolutionary relationships and 
spurious similarities presents a big challenge in remote homology detection, 
particularly given the repetitive nature of sequence regions found in many 
genomes. When dealing with an increasing load of available genomes for 
tree-of-life scale sequence searches, the ability to differentiate between similarity 
relationships based on sequence repetitiveness and homology based on a 
biologically meaningful sequence structure (non-repetitive sequence under 
purifying selection) becomes crucial to reduce the number of false-positive hits 
and increase alignment specificity at scale. Masking of low-complexity regions 
(repeat masking) is the most commonly used strategy to eliminate false-positive 
hits and to retain only hits found in biologically meaningful homologs. It has 
been shown that despite using the SegMasker tool included in BLASTP26, many 
more and stronger spurious similarities will arise than are expected on random 
sequences, as defined by an e-value threshold parameter27. DIAMOND reduces 
this false-positive bias by using more stringent and more sophisticated masking 
paradigms based on tantan. If required, the tantan masking can be replaced by the 
more conservative default BLASTP SEG masking and composition-based statistics 
using the option --comp-based-stats 3 (ref. 24).

Distributed-memory parallelization. As part of DIAMOND, our comprehensive 
sequence search framework supports a distributed-memory parallelization to 
leverage the computing power of state-of-the-art HPC and cloud-computing 
resources for massive-scale protein alignments. To this end, both the query 
database and the reference database are segmented into data packages that we 
refer to as chunks. The Cartesian product of both query and reference sets defines 
a (typically large) set of work packages. In the first instance, files containing 
metadata on these work packages are created centrally before a parallel run is 
started on independent computing nodes and are subsequently processed in 
a distributed manner by multiple worker processes of DIAMOND. Usually, 
only one worker process runs per compute node, efficiently utilizing all of the 
locally available cores via threads. Unlike related work such as mpiBLAST28, our 
implementation does not use any special interprocess communication libraries, 
such as the message passing interface (MPI) specific to HPC environments, instead 
it relies on input–output operations supported by any POSIX-compliant parallel 
file system that is mounted on all of the compute nodes involved. The advantage of 
this approach is that work packages are distributed in a self-organized way at run 
time to all participating worker processes using simple file-based stacks located in 
the parallel file system, with atomic push and pop operations. Once all database 
chunks for a specific query chunk have been processed, the final worker process 
involved in the query chunk takes on the role of performing the join operation 
to ultimately create the output stream. Note that the largest part of the temporary 
files stays local to a compute node, and only the lightweight work-stack files and 
the DIAMOND hits from the protein searches are written into the shared parallel 
file system. This strategy significantly reduces input–output overloads and enables 
massively parallel processing of DIAMOND runs. In addition to the lack of 
complex dependencies, such as on MPI, we highlight the particular advantages of 
our approach. First, there is no designated primary worker to induce a bottleneck 
due to synchronization, or to act as a potential single point of failure. Second, and 
by design, worker processes may join and leave at run time, which is less important 
on classical HPC systems that use batch systems to orchestrate potentially large 
numbers of processes, but is of striking advantage on elastic cloud-computing 
resources and on existing commodity resources such as networked laboratory 
desktop computers. Last, our transactional file-based work-distribution protocol 
enables fault tolerance, which means that if worker processes die unexpectedly, 
other processes in a subsequent run can take on and resume their work packages.

Benchmarks. Main benchmark. To create a benchmark database, we annotated 
the 14 September 2019 release of UniRef50 containing 37.5 million sequences 
with SCOP families. To categorize each protein sequence, we ran SWIPE22 using 
an e-value cut-off of 10−5 against the SCOPe ASTRAL40 v2.07 dataset12 of domain 
sequences consisting of 4,850 protein families, which resulted in a collection of 
7.74 million annotated protein sequences. We used the hit with the highest bit 
score per SCOPe fold (a grouping of structurally similar superfamilies) to infer the 
protein family annotation while allowing multidomain associations.

Given that DIAMOND requires a large query dataset to reach its maximum 
efficiency, we used an analogous SWIPE approach and annotated the NCBI nr 
database from 25 October 2019 in accordance with SCOPe families. We used 
UPGMA clustering29 on the sets of all protein sequences annotated with the same 
superfamily to cluster and reduce them to a maximum of 1,000 sequences, which 
we selected as representatives of that superfamily, resulting in a benchmark dataset 
of 1.71 million queries.

Both query and reference sequences were locally shuffled in 40-letter windows 
outside the annotated ranges. All benchmark datasets and annotations have been 
published30.

Alignment for all tools was run on an AMD Ryzen Threadripper 2970WX 
24-core workstation clocking at 3.0 GHz with 256 GB of RAM, except for the 
BLASTP (v2.10.0) run, which, due to its run time limitations on a desktop 
computer workstation, was performed on the Max Planck Society’s Draco 
supercomputer at Garching, Germany, using 24 nodes (32 cores on two Intel 
Haswell E5-2698v3 chips per node). On the benchmark machine the performance 
of BLASTP (v2.10.0) was estimated using a random subset of 10,000 queries 
sampled from the initial benchmark dataset.

For each query, we determined the AUC1 value, defined as the number of 
alignments against sequences matching the query’s protein family, divided by 
the total number of database sequences of that family (also called the coverage 
of the protein family). Only hits until the first alignment against a false positive 
were taken into account, which was defined as the alignment of query and subject 
sequences from different SCOPe folds. For multidomain proteins, the AUC1 value 
was averaged over the domains. The AUC1 values of the individual queries were 
again averaged over the query dataset to obtain the final sensitivity value (Fig. 1a). 
To ensure that a false positive is contained in the result list of every query, the tools 
were configured to report all alignments up to an e-value of 1,000 (Supplementary 
Information). Further information about the benchmark design can also be found 
in the Nature Research Reporting Summary.

Detailed assessment of sequence identities in true-positive alignments. We explored 
the sensitivity of all compared tools in more detail by resolving it at the level of 
amino acid sequence identity of true-positive alignments. For this purpose, we 
define the sequence identity of a query–subject association induced by annotation 
with the same SCOPe protein family as that obtained from the Needleman–
Wunsch alignment between the pair of annotated ranges in the query and subject. 
Extended Data Figure 2 shows a breakdown of the AUC1 sensitivity for our main 
benchmark, computed as if the search space of positive cases were restricted to 
associations of the respective sequence identity ranges. Additionally, Extended 
Data Fig. 3 shows how a query sequence’s family associations are distributed across 
the identity bins for our benchmark dataset.

Supplementary benchmarks. We report benchmark results for two additional 
datasets, consisting of sequencing reads from Illumina HiSeq 4000 paired end 
sequencing (2 × 150 base pairs) and Illumina HiSeq 2500 paired end sequencing 
(2 × 250 base pairs). The datasets were created based on data from a recent rumen 
metagenome study31 (Supplementary Information, see Supplementary Benchmark 1)  
and an environmental study of the topsoil microbiome32 (Supplementary 
Information, see Supplementary Benchmark 2). SCOPe-annotated datasets of 
1.55 million and 1 million reads, respectively, were obtained as described in the 
Supplementary Information. The benchmark runs for the two query read datasets 
were carried out analogously to the run for our main benchmark, operating all 
tools in translated search mode against the same database of SCOPe-annotated 
UniRef50 sequences. We report performance, AUC1 values and ROC curves for 
both runs (Extended Data Figs. 4–7).

Experimental study. The ultimate ambition of DIAMOND v2.0.7 is to provide a 
comprehensive search framework for sensitive tree-of-life scale protein alignments 
in the Earth BioGenome Project era and beyond. Although BLAST-like sensitivity 
levels are the maximally achievable thresholds for pairwise alignments, the next 
focus of any aligner should be the computational scalability to process millions of 
sequenced species. With the new --ultra-sensitive mode introduced in DIAMOND 
v2.0.0 we achieve this critical BLAST-like sensitivity level while maintaining 
an 80-fold computational speedup, and we achieve an additional near-linear 
parallel speedup when using the custom DIAMOND HPC implementation. 
To simulate all facets of a tree-of-life scale protein search that is able to mimic 
future applications of large-scale comparative genomics projects, we performed 
DIAMOND --very-sensitive and --ultra-sensitive searches on 520 nodes of the 
Cobra supercomputer of the Max Planck Society (40 cores on two Intel Skylake 
6148 chips, and 192 GB RAM per node), totaling 20,800 computing cores (41,600 
threads), using the NCBI nr database (currently storing all sequenced proteins 
for ~12,000 eukaryotic species and all proteins from ~440,000 genomes of 
non-eukaryotic species) as the query database, and UniRef50 as the reference 
dataset. We randomly shuffled the sequences in both FASTA files to avoid a 
load imbalance due to a biased distribution of sequences in the original files. 
As a result, DIAMOND v2.0.0 produced 23.1 billion pairwise alignments in the 
--ultra-sensitive case and 23.0 billion pairwise alignments in the --very-sensitive 
case, starting from an initial query dataset that contained 281 million sequences 
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and a reference dataset that contained 39 million subject sequences. In 
--very-sensitive mode the run terminated in 5.42 hours, while in --ultra-sensitive 
mode it terminated in 17.77 hours. The latter run is shown in Fig. 2 and Extended 
Data Fig. 1, demonstrating the massive parallelism achieved on the HPC 
infrastructure, as shown by the processing of individual tasks over time. Due to 
the parallel nature of the align and join operations, the parallel speedup is virtually 
linear and is limited only by the throughput of the shared parallel file system of 
the supercomputer used. This demonstrates that DIAMOND v2.0.0 can harness 
its algorithmic improvements and its new HPC support to cover all sequenced 
species in the tree of life within hours rather than months, while matching the 
alignment sensitivity levels of BLAST. The uncompressed output generated by this 
run occupies ~1,100 GB of disk space and stores the 100 best protein hits for each 
sequence in the NCBI nr database.

We envision that in the future this type of DIAMOND output will be easily 
accessible to all life scientists via a web application in which users can filter and 
search for their protein homologs of interest within minutes across the tree of life 
on a precomputed dataset, instead of having to perform complex data analytics and 
months’ or years’ worth of BLAST searches to obtain sensitive protein alignments 
at this scale.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
The sequence and annotation data that support the findings of this study are 
available in figshare (https://doi.org/10.6084/m9.figshare.c.5053112.v1). The 
SCOPe ASTRAL40 dataset can be downloaded at http://scop.berkeley.edu/
downloads/scopeseq-2.07/astral-scopedom-seqres-gd-sel-gs-bib-40-2.07.
fa. The UniRef50 database can be downloaded from ftp://ftp.uniprot.org/
pub/databases/uniprot/uniref/uniref50/uniref50.fasta.gz and the NCBI nr 
database can be downloaded from ftp://ftp.ncbi.nlm.nih.gov/blast/db/FASTA/
nr.gz. The sequencing reads of the supplementary benchmarks are part of the 
samples with European Nucleotide Archive (ENA) accessions SAMEA5383815, 
SAMEA5383897, SAMEA5383886, SAMEA5383828, SAMEA5383925, 
SAMEA5383848, SAMEA5383824, SAMEA5383873, SAMEA5384011, 
SAMEA5383807, SAMEA103892455, SAMEA103892562, SAMEA103892552, 
SAMEA103892441, SAMEA103892588, SAMEA103892582, SAMEA103892581, 
SAMEA103892571, SAMEA103892491, SAMEA103892619. Source data are 
provided with this paper.

Code availability
The source code of DIAMOND v2.0.7 is available at https://github.com/bbuchfink/
diamond and in figshare (https://doi.org/10.6084/m9.figshare.14071334.v1).
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Extended Data Fig. 1 | Detailed visual trace of a massively parallel DIAMOND run on 520 nodes (41,600 threads) of the Cobra supercomputer of the 
Max Planck Society. To illustrate the scalability of DIAMOND (v2.0.0) in a distributed computing environment (supercomputer), line-by-line worker 
tasks are shown individually for each worker node (the detailed version of Fig. 2). The sequence of tasks DIAMOND (v2.0.0) has performed over time 
is indicated by blue rectangles and orange rectangles, in which blue rectangles denote the alignment process and orange rectangles represent join 
operations. The numbers within the rectangle indicate the indices of the individual query chunks and of their respective reference chunks. White spaces 
encode the IO activity on the supercomputer’s shared parallel file system. The run shown here was performed in–ultra-sensitive mode and used the full 
NCBI non-redundant database as the query database, and the UniRef50 database as the reference database, finishing in below 18 hours of wallclock time. 
The result demonstrates DIAMOND’s efficient distribution of massively parallel work packages at scale, showing that all workers finish around the same 
time without creating a significant load imbalance (Experimental Study).
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Extended Data Fig. 3 | Assessment of protein family associations. The distribution (shown in 5% bins) of a query’s protein family member associations 
with respect to the sequence identity of the corresponding Needleman Wunsch alignments between the annotated ranges (middle = median, 
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Extended Data Fig. 5 | Metagenomic benchmark results using Illumina HiSeq 2500 paired end sequencing (2x250 bp) reads from Bahram et al., 2018. 
Computational speedup and alignment sensitivity comparisons for translated searches of 250bp Illumina short reads from topsoil metagenome samples 
(Supplementary Benchmark 2). Alignment sensitivity (AUC1) is measured as the fraction of the query’s protein family covered until the first false positive, 
averaged over all queries in the benchmark dataset. The y-axis denotes the x-fold computational speedup achieved over BLASTX v2.10.0.
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Petabase-scale sequence alignment 
catalyses viral discovery


Robert C. Edgar1,16, Jeff Taylor2,16, Victor Lin3,16, Tomer Altman4,16, Pierre Barbera5,16, 
Dmitry Meleshko6,7,16, Dan Lohr8,16, Gherman Novakovsky9,16, Benjamin Buchfink10,16, 
Basem Al-Shayeb11,16, Jillian F. Banfield12,16, Marcos de la Peña13,16, Anton Korobeynikov6,14,16, 
Rayan Chikhi15,16 & Artem Babaian2,16 ✉

Public databases contain a planetary collection of nucleic acid sequences, but their 
systematic exploration has been inhibited by a lack of efficient methods for searching 
this corpus, which (at the time of writing) exceeds 20 petabases and is growing 
exponentially1. Here we developed a cloud computing infrastructure, Serratus, to 
enable ultra-high-throughput sequence alignment at the petabase scale. We searched 
5.7 million biologically diverse samples (10.2 petabases) for the hallmark gene 
RNA-dependent RNA polymerase and identified well over 105 novel RNA viruses, 
thereby expanding the number of known species by roughly an order of magnitude. 
We characterized novel viruses related to coronaviruses, hepatitis delta virus and 
huge phages, respectively, and analysed their environmental reservoirs. To catalyse 
the ongoing revolution of viral discovery, we established a free and comprehensive 
database of these data and tools. Expanding the known sequence diversity of viruses 
can reveal the evolutionary origins of emerging pathogens and improve pathogen 
surveillance for the anticipation and mitigation of future pandemics.

Viral zoonotic disease has had a major impact on human health over the 
past century, with notable examples including the 1918 Spanish influ-
enza, AIDS, SARS, Ebola and COVID-19. There are an estimated 3 × 105 
mammalian virus species from which infectious diseases in humans may 
arise2, of which only a fraction are known at present. Global surveillance 
of virus diversity is required for improved prediction and prevention 
of future epidemics, and is the focus of international consortia and 
hundreds of research laboratories3,4.

Pioneering works expanding the virome of the Earth have each 
uncovered thousands of novel viruses, with the rate of virus dis-
covery increasing exponentially and driven largely by the increased 
availability of high-throughput sequencing5–11. Sequence analysis 
remains computationally expensive, in particular the assembly of 
short reads into contigs, which limits the breadth of samples ana-
lysed. Here we propose an alternative alignment-based strategy that 
is considerably cheaper than assembly and enables processing of 
massive datasets.

Petabases (1 × 1015 bases) of sequencing data are freely available in 
public databases such as the Sequence Read Archive (SRA)1, in which 
viral nucleic acids are often captured incidental to the goals of the 
original studies12. To catalyse global virus discovery, we developed the 
Serratus cloud computing infrastructure for ultra-high-throughput 

sequence alignment, screening 5.7 million ecologically diverse 
sequencing libraries or 10.2 petabases of data.

Identification of Earth’s virome is a fundamental step in preparing 
for the next pandemic. We lay the foundations for future research 
by enabling direct access to 883,502 RNA-dependent RNA polymer-
ase (RdRP)-containing sequences, which include the RdRP from 
131,957 novel RNA viruses (sequences with greater than 10% divergence 
from a known RdRP), including 9 novel coronaviruses. Altogether this 
captures the collective efforts of over a decade of sequencing studies 
in a free repository, available at https://serratus.io.

Accessing the planetary virome
Serratus is a free, open-source cloud-computing infrastructure 
optimized for petabase-scale sequence alignment against a set of 
query sequences. Using Serratus, we aligned more than one million 
short-read sequencing datasets per day for less than 1 US cent per 
dataset (Extended Data Fig. 1). We used a widely available commercial 
computing service to deploy up to 22,250 virtual CPUs simultaneously 
(see Methods), leveraging SRA data mirrored onto cloud platforms as 
part of the NIH STRIDES initiative13.

Our search space spans data deposited over 13 years from every con-
tinent and ocean, and all kingdoms of life (Fig. 1). We applied Serratus 
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in two of many possible configurations. First, to identify libraries 
that contain known or closely related viruses, we searched 3,837,755 
(around May 2020) public RNA sequencing (RNA-seq), meta-genome, 
meta-transcriptome and meta-virome datasets (termed sequencing 
runs1) against a nucleotide pangenome of all coronavirus sequences 
and RefSeq vertebrate viruses. We then aligned 5,686,715 runs ( January 
2021) against all known viral RdRP amino acid sequences using a spe-
cially optimized version of DIAMOND v2 (ref. 14, Methods); this search 
was completed within 11 days, at a cost of US$23,980 (Fig. 1a, Methods).

Previous approaches for identifying sequences across the entire 
SRA rely on pre-computed indexes15,16 that require exact substring 
or hash-based matches, which limits their sensitivity to diverged 
sequences (Extended Data Fig. 1f). Pre-assembled reads (for example, 
the NCBI Transcriptome Shotgun Assembly database) enable efficient 
alignment-based searches5, but are at present available for only a small 
fraction of the SRA. Serratus aligns a query of up to hundreds of mega-
bytes against unassembled libraries, achieving greater sensitivity to 
diverged viruses compared to substring (k-mer) indexes while using 
far fewer computational resources than de novo assembly (Fig. 1g, 
Methods).

A sketch of RdRP
Viral RdRP is a hallmark gene of RNA viruses that lack a DNA stage 
of replication17. We identified RdRP by a well-conserved amino acid 
sub-sequence that we call the ‘palmprint’. Palmprints are delineated by 
three essential motifs that together form the catalytic core in the RdRP 
structure18 (Fig. 2). We constructed species-like operational taxonomic 
units (sOTUs) by clustering palmprints at a threshold of 90% amino acid 
identity, chosen to approximate taxonomic species18.

A total of 3,376,880 (59.38%) sequencing runs contained one or more 
reads that mapped to the RdRP query (E-value ≤ 1 × 10−4). We assem-
bled RdRP aligned reads from each library (and their mate-pairs when 
available), which yielded 4,261,616 ‘microassembly’ contigs. Of these, 
881,167 (20.7%) contained a high-confidence palmprint identified by 
Palmscan (false discovery rate = 0.001)18, representing 260,808 unique 

palmprints. Applying Palmscan to reference databases1,7,19, we obtained 
45,824 unique palmprints, which clustered into 15,016 known sOTUs.  
If a newly acquired palmprint aligned to a known palmprint at an identity 
of 90% or greater, it was assigned membership to that reference sOTU; 
otherwise, it was designated as novel. We clustered novel palmprints 
at 90% identity and obtained 131,957 novel sOTUs, representing an 
increase in the number of known RNA viruses by a factor of 9.8. Cluster-
ing novel palmprints at genus-like 75% and family-like 40% thresholds 
yielded 78,485 and 3,599 novel OTUs, which represent increases of 8.0× 
and 1.9×, respectively (Fig. 2b).

We extracted host, geospatial and temporal metadata for each bio-
logical sample when available (Fig. 1c), noting that the majority (88%) of 
novel RdRP sOTUs were observed from metagenomic or environmental 
runs in which accurate host inference is challenging. Mapping observa-
tions of virus marker genes across time and space suggests ecological 
niches for these viruses, and improved characterization of sequence 
diversity can improve PCR primer design for in situ virus identification.

We estimate that around 1% of sOTUs are endogenous virus elements 
(EVEs); that is, viral RdRPs that have reverse-transcribed into a host 
germline. We did not attempt to systematically distinguish EVEs from 
viral RdRPs, noting that EVEs with intact catalytic motifs are likely to 
be recent insertions that can serve as a representative sequence for 
related exogenous viruses. Most (60.5%) recovered palmprints were 
found in exactly one run (singletons), and are observed within the 
expected frequency range predicted by extrapolating from more abun-
dant sequences (Fig. 2b).

The abundance distribution of distinct palmprints is consistent 
with log-log-linear for each year from 2015 to 2020 (Extended Data 
Fig. 2e), and over time, singletons are confirmed by subsequent runs at 
an approximately constant rate (Extended Data Fig. 2g). The majority 
of novel viruses will be singletons until the diversity represented by 
the search query and the fraction of the planetary virome sampled in 
the SRA both approach saturation. Extrapolating one year forward, 
by when the SRA is expected to have doubled in size, we predict that 
430,000 (95% confidence interval [330,000, 561,000]) additional 
unique palmprints could be identified by running Serratus with its 
current query (Fig. 2b).

RNA viruses have highly divergent sequences, even within the 
conserved RdRP17. Amino acid sequence alignment can recover the 
majority of RdRP short reads above 60% identity, but sensitivity falls as 
sequences diverge further (Extended Data Fig. 2f). Subsequent microas-
sembly fragmentation can in part account for the decreased abundance 
of novel sOTUs below 60% identity (Fig. 2b); thus, the sensitivity to 
highly diverged (less than 50% identity) RdRP sequences is limited in the 
present study. Saturation of virus discovery within the SRA is far from 
complete, even if data-growth rates are ignored. Intensive searches 
for so-called highly diverged or ‘dark’ viruses20, in combination with 
iterative reanalysis (conceptually similar to PSI-BLAST21), are likely to 
yield further expansion of the known virome.

The total number of virus species is estimated to be 108 to 1012 (ref.22), 
so our data captured at most 0.1% of the global virome. However, if 
exponential data growth combined with increased search sensitivity 
continues, we are at the cusp of identifying a notable fraction of Earth’s 
total genetic diversity with tools such as Serratus.

Expanding known Coronaviridae
The SARS-CoV-2 pandemic has severely affected human society. We 
further exemplify the potential of Serratus for virus discovery with the 
Coronaviridae (CoV) family, including a recently proposed subfamily23 
that contains a CoV-like virus, Microhyla alphaletovirus 1 (MLeV), in the 
frog Microhyla fissipes, and Pacific salmon nidovirus (PsNV) described 
in the endangered Oncorhynchus tshawytscha24.

First, we identified 52,772 runs that contain 10 or more CoV-aligned 
reads or 2 or more CoV k-mers (32-mer,16). These runs were 
de-novo-assembled with a new version of synteny-informed SPAdes 
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Table 1). A total of 8,871 out of 15,016 (59%) of known RdRP sOTUs were 
observed in the SRA, and 131,957 unique and novel RdRP sOTUs were identified 
(see Extended Data Fig. 2). sOTUs identified in multiple taxonomic groups are 
counted in each group separately; numbers shown indicate the number of 
novel sOTUs in each group. WGS, whole-genome sequencing. b, Release dates 
of the runs included in the analysis reflecting the growth rate of available data. 
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called coronaSPAdes25. This yielded 11,120 identifiable CoV contigs 
that we annotated for a comprehensive assemblage of Coronaviridae 
in the SRA (see Methods for discussion). With these training data we 
defined a scoring function to predict the subsequent success of assem-
bly (Extended Data Fig. 3b).

CoV and neighbouring palmprints comprise 70 sOTUs, 44 of which 
are described in public databases. Seventeen CoV sOTUs contained 
partial RdRP (inclusive of full palmprint) from an amplicon-based virus 
discovery study for which the data had not been publicly deposited at 
the time of writing26. The remaining nine sOTUs are novel viruses, with 
protein domains consistent with a CoV or CoV-like genome organiza-
tion (Extended Data Fig. 4).

We operationally designate MLeV, PsNV and the nine novel viruses 
broadly as group E, noting that all were found in samples from 
non-mammalian aquatic vertebrates (Fig. 3). Notably, Ambystoma 
mexicanum (axolotl) nidovirus (AmexNV) was assembled in 18 runs, 11 
of which yielded common contigs of approximately 19 kb. Easing the 
criteria of requiring an RdRP match in a contig, 28 out of 44 (63.6%) 
of the runs from the associated studies were AmexNV-positive27,28. 
Consistent assembly break points in AmexNV, PsNV and similar viruses 
suggest that the viral genomes of this clade of CoV-like viruses are 
organized in at least two segments, one containing ORF1ab with RdRP, 
and a shorter segment containing a lamin-associated domain protein, 
spike and N’ accessory genes (Fig. 3). An assembly gap with common 
break points is present in the published PsNV genome24. Together, 
these seven monophyletic species possibly represent a distinct clade 
of segmented CoV-like nidoviruses, although molecular validation of 
this hypothesis is required.

While our manuscript was under review, public transcriptome screen-
ing by Miller et al.29 identified three group-E CoV sequences that are 
not included in our sOTU analysis. One CoV+ library had failed at the 
alignment step, and microassembly from two others yielded incomplete 
palmprint sub-sequences and therefore lacked the required specificity 
for the systematic palmprint classification. A high-sensitivity reanalysis 

of microassemblies for any group-E RdRP sequence fragment captured 
the two CoV sequences that we missed from the Miller et al. study29, and 
found another approximately 25 putative-novel CoV species from 53 
fragmented contigs (Supplementary Table 1e).

In addition to identifying genetic diversity within CoV, we 
cross-referenced CoV+ library metadata to identify possible zoonoses 
and vectors of transmission. Discordant libraries—ones in which a CoV 
is identified and the viral expected host30 does not match the sequenc-
ing library source taxa—were rare, accounting for only 0.92% of cases 
(Supplementary Table 1f).

An important limitation for these analyses is that the nucleic acid 
reads do not prove that viral infection has occurred in the nominal host 
species. For example, we identified five libraries in which a porcine, 
avian, or bat coronavirus was found in plant samples. The parsimonious 
explanation is that CoV was present in faeces or fertilizer originating 
from a mammalian or avian host applied to these plants. However, this 
exemplifies a merit of exhaustive search in identifying transmission 
vectors and for monitoring the geotemporal distribution of viruses.

Rapid expansion into the viral unknowns
The global mortality from viral hepatitis exceeds that of HIV/AIDS, 
tuberculosis or malaria31. Hepatitis delta virus (HDV) has a small cir-
cular RNA genome (around 1,700 nucleotides (nt)) that folds into a 
rod-like shape and encodes three genes: a delta antigen protein, and 
two self-cleaving delta ribozymes (drbz)32.

Before 2018, HDV was the sole known member of its genus; 13 
drbz-containing members have since been characterized33–38, and 
recently a second class of ribozyme (known as hammerhead or hhrbz) 
characteristic of plant viroids was identified in delta-like viruses that 
we refer to as epsilon viruses39. By sequence search for the delta antigen 
protein and ribozymes, we identified 14 delta viruses, 39 epsilon viruses 
and 311 enigmatic sequences with delta-virus-like synteny that we term 
zeta viruses (Fig. 4, Extended Data Fig. 5). The evolutionary histories 
of these mammalian delta viruses are explored further elsewhere37.
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The zeta virus circular genomes are highly compressed, ranging from 
324 to 789 nt and predicted to fold into rod-like structures. They contain 
a hhrbz in each orientation and encode two open reading frames (ORFs), 
one sense and one anti-sense. Both ORFs generally lack stop codons 
and encompass the entire genome, potentially producing an endless 
tandem repeat of antigen. The atypical coiled-coil domain of the HDV 
antigen40 is conserved in the antigens of new delta and epsilon viruses, 
whereas epsilon and zeta genomes show analogous hhrbzs (Extended 
Data Fig. 6), suggesting that these sequences share common ancestry. 
These abundant elements may help to solve a long-standing question 
about the origins of circular RNA subviral agents in higher eukaryotes 
(Extended Data Fig. 6), historically regarded as molecular fossils of a 
prebiotic RNA world41.

To evaluate the feasibility of applying Serratus in the context of 
microbiome research, we sought to locate bacteriophages that are 
related to recently reported huge phages42, searching for terminase 
amino acid sequences. Targeted assembly of 287 high-scoring runs 
returned 252 terminase-containing contigs of greater than 140 kb. 
Phylogenetics of these sequences resolved new groups of phages 
with large genomes (Fig. 4e). Although most phages were from a sin-
gle animal genus, we identified closely related phages that crossed 
animal orders, including related phages in a human from Bangladesh 
(ERR866585) and in groups of cats (PRJEB9357) and dogs (PRJEB34360) 
from England, sampled five years apart. Similarly, we recovered two 

approximately 554-kb Lak megaphage genomes (among the largest 
animal microbiome phages reported so far) that are extremely closely 
related to sequences previously reported from pigs, baboons and 
humans43 (Extended Data Fig. 7). These two genomes were circular-
ized and manually curated to completion. The large carrying capacity 
of such phages and broad distribution underlines their potential for 
extensive lateral gene transfer amongst animal microbiomes and 
modification of host bacterial function. These sequences substantially 
expand the inventory of phages with genomes whose length range 
overlaps with those of bacteria.

Discussion
Since the completion of the human genome, the growth of DNA 
sequencing databases has outpaced Moore’s Law. Serratus provides 
rapid and focused access to genomic sequences captured over more 
than a decade by the global research community, which would other-
wise be inaccessible in practice. This work and further extensions of 
petabase-scale genomics15,16,44 are shaping a new era in computational 
biology, enabling expansive gene discovery, pathogen surveillance and 
pangenomic evolutionary analyses.

Optimal translation of such massive datasets into meaningful bio-
medical advances requires free and open collaboration among sci-
entists45. The current pandemic underscores the need for prompt, 
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annotated with genera (Greek letters) and group-E CoV-like nidoviruses (see 
also Extended Data Fig. 4). Maximum likelihood tree generated by clustering 
the RdRP amino acid sequences at 97% identity to show sub-species variability. 
c, Genome structure of AmexNV and the contigs recovered from group-E 
CoV-like viruses annotated with HMM matches. AmexNV contigs contain an 
identical 129-nt trailing sequence (Tr). All the putatively segmented CoV-like 
are monophyletic with PsNV. A gap in the PsNV reference sequence24 is shown 
with circles, overlapping the common contig ends seen in these viruses.
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unrestricted and transparent data sharing. With these goals in mind, 
we deposited 7.3 terabytes of virus alignments and assemblies into an 
open-access database that can be explored via a graphical web inter-
face at https://serratus.io or programmatically through the Tantalus 
R package and its PostgreSQL interface.

The ‘metagenomics revolution’ of virus discovery is accelerating7,11. 
Innovative fields such as high-throughput viromics46 can leverage vast 
collections of virus sequences to inform policies that predict and miti-
gate emerging pandemics47. Combining ecoinformatics with virus, 
host and geotemporal metadata offers a proof-of-concept for a global 
pathogen surveillance network, arising as a by-product of centralized 
and open data sharing.

Human population growth and encroachment on animal habitats 
is bringing more species into proximity, leading to an increased rate 
of zoonosis2 and accelerating the Anthropocene mass extinction48. 
While Serratus enhances our capability to chronicle the full genetic 
diversity of our planet, the genetic diversity of the biosphere is dimin-
ishing. Thus, investment in the collection and curation of biologically 
diverse samples, with an emphasis on geographically underrepresented 
regions, has never been more pressing—if not for the conservation of 
endangered species, then to better conserve our own.
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Article
Methods

Serratus alignment architecture
Serratus (v0.3.0) (https://github.com/ababaian/serratus) is an open- 
source cloud-infrastructure designed for ultra-high-throughput 
sequence alignment against a query sequence or pangenome (Extended 
Data Fig. 1). Serratus compute costs are dependent on search param-
eters (expanded discussion available: https://github.com/ababaian/
serratus/wiki/pangenome_design). The nucleotide vertebrate viral 
pangenome search (bowtie2, database size: 79.8 MB) reached process-
ing rates of 1.29 million SRA runs in 24 h at a cost of US$0.0062 per 
dataset (Extended Data Fig. 1). The translated-nucleotide RdRP search 
(DIAMOND14; database size: 7.1 MB) reached processing rates exceed-
ing 0.5 million SRA runs in 12 h at a cost of US$0.0042 per dataset. All 
5,686,715 runs analysed in the RdRP search were completed within 11 
days for a total cost of US$23,980 or around US$2,350 per petabase. 
For a detailed breakdown of Serratus project costs and recommenda-
tions for managing cloud-computing costs, see Serratus wiki: https://
github.com/ababaian/serratus/wiki/budget. Tutorials on how to find 
particular novel viruses using Serratus data are available at https://
github.com/ababaian/serratus /wiki/Find_novel_viruses.

Computing cluster architecture
The processing of each sequencing library is split into three modules: 
‘dl’ (download), ‘align’ and ‘merge’. The dl module acquires compressed 
data (.sra format) via prefetch (v2.10.4), from the Amazon Web Services 
(AWS) Simple Storage Service (S3) mirror of the SRA, decompresses 
to FASTQ with fastq-dump (v2.10.4) and splits the data into chunks of 
1 million reads or read-pairs (‘fq-blocks’) into a temporary S3 cache 
bucket. To mitigate excessive disk usage caused by a few large data-
sets, a total limit of 100 million reads per dataset was imposed. The 
align module reads individual fq-blocks and aligns to an indexed data-
base of user-provided query sequences using either bowtie2 (v2.4.1, 
--very-sensitive-local)51 for nucleotide search, or DIAMOND (v2.0.6 
development version, --mmap-target-index --target-indexed --masking 
0 --mid-sensitive -s 1 -c1 -p1 -k1 -b 0.75)14 for translated-protein search. 
Finally, the merge module concatenates the aligned blocks into a single 
output file (.bam for nucleotide, or .pro for protein) and generates 
alignment statistics with a Python script (see details about Summarizer 
in ‘Generating viral summary reports’ below).

Computing resource allocation
Each component is launched from a separate AWS autoscaling group 
with its own launch template, allowing the user to tailor instance 
requirements per task. This enabled us to minimize the use of costly 
block storage during compute-bound tasks such as alignment.  
We used the following Spot instance types; dl: 250 GB SSD block storage, 
8 virtual CPUs (vCPUs), 32 GB RAM (r5.xlarge) around 1,300 instances; 
align: 10 GB SSD block storage, 8 vCPUs, 8 GB RAM (c5.xlarge) around 
4,300 instances; merge: 150 GB SSD block storage, 4 vCPUs, 4 GB RAM 
(c5.large) around 60 instances. Users should note that it may be nec-
essary to submit a service ticket to access more than the default EC2 
instance limit.

AWS Elastic Compute Cloud (EC2) instances have higher network 
bandwidth (up to 1.25 GB s−1) than block storage bandwidth (250 MB s−1). 
To exploit this, we used S3 buckets as a data buffering and streaming 
system to transfer data between instances following methods devel-
oped in a previous cloud architecture (https://github.com/FredHutch/
sra-pipeline). This, combined with splitting of FASTQ files into individ-
ual blocks, effectively eliminated file input/output (i/o) as a bottleneck, 
as the available i/o is multiplied per running instance (conceptually 
analogous to a RAID0 configuration or a Hadoop distributed file sys-
tem52).

Using S3 as a buffer also allowed us to decouple the input and out-
put of each module. S3 storage is cheap enough that in the event of 

unexpected issues (for example, exceeding EC2 quotas) we could 
resolve system problems in real time and resume data processing. For 
example, shutting down the align modules to hotfix a genome indexing 
problem without having to re-run the dl modules, or if an alignment 
instance is killed by a Spot termination, only that block needs to be 
reprocessed instead of the entire sequencing run.

Work queue and scheduling
The Serratus scheduler node controls the number of desired instances 
to be created for each component of the workflow, based on the avail-
able work queue. We implemented a pull-based work queue. After 
boot-up, each instance launches a number of ‘worker’ threads equal 
to the number of CPUs available. Each worker independently man-
ages itself via a boot script, and queries the ‘scheduler’ for available 
tasks. Upon completion of the task, the worker updates the scheduler 
of the result: success, or fail, and queries for a new task. Under ideal 
conditions, this allows for a worst-case response rate in the hundreds 
of milliseconds, keeping cluster throughput high. Each task typically 
lasts several minutes depending on the pangenome.

The scheduler itself was implemented using Postgres (for persistence 
and concurrency) and Flask (to pool connections and translate REST 
queries into SQL). The Flask layer allowed us to scale the cluster past 
the number of simultaneous sessions manageable by a single Postgres 
instance. The work queue can also be managed manually by the user, 
to perform operations such as re-attempting the downloading of an 
SRA accession after a failure or to pause an operation while debug-
ging. Up to 300,000 SRA jobs can be processed in the work queue per 
batch process.

The system is designed to be fully self-scaling. An ‘autoscaling con-
troller’ was implemented, which scales-in or scales-out the desired 
number of instances per task every five minutes on the basis of the work 
queue. As a backstop, when all workers on an instance fail to receive 
work instructions from the scheduler, the instance self shuts-down. 
Finally a ‘job cleaner’ component checks the active jobs against cur-
rently running instances. If an instance has disappeared owing to SPOT 
termination or manual shutdown, it resets the job allowing it to be 
processed up by the next available instance.

To monitor cluster performance in real-time, we used Prometheus 
(v2.5.0) and node exporter to retrieve CPU, disk, memory and network-
ing statistics from each instance, to expose performance information 
about the work queue, and Python exporter to export information from 
the Flask server. This allowed us to identify and diagnose performance 
problems within minutes to avoid costly overruns.

Generating viral summary reports
We define a viral pangenome as the entire collection of reference 
sequences belonging to a taxonomic viral family, which may contain 
both full-length genomes and sequence fragments such as those 
obtained by RdRP amplicon sequencing.

We developed a Summarizer module written in Python to provide a 
compact, human- and machine-readable synopsis of the alignments 
generated for each SRA dataset. The method was implemented in Ser-
ratus_summarizer.py for nucleotide alignment and Serratus_psum-
marizer.py for amino acid alignments. Reports generated by the 
Summarizer are text files with three sections described in detail online 
(https://github.com/ababaian/serratus/wiki/.summary-Reports). In 
brief, each contains a header section with alignment metadata and 
one-line summaries for each virus family pangenome, reference 
sequence and gene, respectively, with gene summaries provided for 
protein alignments only.

For each summary line we include descriptive statistics gathered 
from the alignment data such as the number of aligned reads, esti-
mated read depth, mean alignment identity and coverage; that is, the 
distribution of reads across each reference sequence or pangenome. 
Coverage is measured by dividing a reference sequence into 25 equal 
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bins and depicted as an ASCII text string of 25 symbols, one per bin; 
for example oaooomoUU:oWWUUWOWamWAAUW. Each symbol rep-
resents log2(n + 1), where n is the number of reads aligned to a bin in 
this order _.:uwaomUWAOM^. Thus, ‘_’ indicates no reads, ‘.’ exactly one 
read, ‘:’ two reads, ‘u’ 3–4 reads, ‘w’ 5–7 reads and so on; ‘^’ represents 
>213 = 8,192 reads in the bin. For a pangenome, alignments to its refer-
ence sequences are projected onto a corresponding set of 25 bins. For 
a complete genome, the projected pangenome bin number 1, 2, …, 25 
is the same as the reference sequence bin number. For a fragment, a 
bin is projected onto the pangenome bin implied by the alignment of 
the fragment to a complete genome. For example, if the start of a frag-
ment aligns halfway into a complete genome, bin 1 of the fragment is 
projected to bin floor(25/2) = 12 of the pangenome. The introduction 
of pangenome bins was motivated by the observation that bowtie2 
selects an alignment at random when there are two or more top-scoring 
alignments, which tends to distribute coverage over several reference 
sequences when a single viral genome is present in the reads. Coverage 
of a single reference genome may therefore be fragmented, and binning 
to a pangenome better assesses coverage over a putative viral genome in 
the reads while retaining pangenome sequence diversity for detection.

Identification of viral families within a sequencing dataset
The Summarizer implements a binary classifier predicting the pres-
ence or absence of each virus family in the query on the basis of 
pangenome-aligned short reads. For a given family F, the classifier 
reports a score in the range [0,100] with the goal of assigning a high 
score to a dataset if it contains F and a low score if it does not. Setting a 
threshold on the score divides datasets into disjoint subsets represent-
ing predicted positive and negative detections of family F. The choice 
of threshold implies a trade-off between false positives and false nega-
tives. Sorting by decreasing score ranks datasets in decreasing order 
of confidence that F is present in the reads.

Naively, a natural measure of the presence of a virus family is the 
number of alignments to its reference sequences. However, alignments 
may be induced by non-homologous sequence similarity, for example 
low-complexity sequence.

The score for a family was therefore designed to reflect the overall 
coverage of a pangenome because coverage across all or most of a 
pangenome is more likely to reflect true homology; that is, the presence 
of a related virus. Ideally, coverage would be measured individually for 
each base in the reference sequence, but this could add undesirable 
overhead in compute time and memory for a process that is executed 
in the Linux alignment pipe (FASTQ decompression → aligner → Sum-
marizer → alignment file compression). Coverage was therefore meas-
ured by binning as described above, which can be implemented with 
minimal overhead.

A virus that is present in the reads with coverage too low to enable an 
assembly may have less practical value than an assembled genome. Also, 
genomes with lower identity to previously known sequences will tend 
to contain more novel biological information than genomes with high 
identity but highly diverged genomes will tend to have fewer aligned 
reads. With these considerations in mind, the classifier was designed 
to give higher scores when coverage is high, read depth is high and/or 
identity is low. This was accomplished as follows. Let H be the number 
of bins with at least 8 alignments to F, and L be the number of bins with 
from 1 to 7 alignments. Let S be the mean alignment percentage identity, 
and define the identity weight w = (S/100)−3, which is designed to give 
higher weight to lower identities, noting that w is close to 1 when iden-
tity is close to 100% and increases rapidly at lower identities. The clas-
sification score for family F is calculated as ZF = max(w(4H + L)),100). By 
construction, ZF has a maximum of 100 when coverage is consistently 
high across a pangenome, and is also high when identity is low and 
coverage is moderate, which may reflect high read depth but many 
false negative alignments due to low identity. Thus, ZF is greater than 
zero when there is at least one alignment to F and assigns higher scores 

to SRA datasets that are more likely to support successful assembly of 
a virus belonging to F.

Sensitivity to novel viruses as a function of identity
We aimed to assess the sensitivity of our pipeline as a function of 
sequence identity by asking what fraction of novel viruses is detected 
at increasingly low identities compared to the reference sequences used 
for the search. Several variables other than identity affect sensitivity, 
including read length, whether reads are mate-paired, sequencing 
error rate, coverage bias and the presence of other similar viruses that 
may cause some variants to be unreported in the contigs. Coverage 
bias can render a virus with high average read depth undetectable, 
in particular if the query is RdRP-only and the RdRP gene has low 
coverage or is absent from the reads. Successful detection might be 
defined in different ways, depending on the goals of the search; for 
example, a single local alignment of a reference to a read (maximiz-
ing sensitivity, but not always useful in practice); a microassembled 
palmprint; a full assembly contig that contains a complete palmprint 
or otherwise classifiable fragment of a marker gene; or an assembly 
of a complete genome. We assessed alignment sensitivity of bowtie2 
--very-sensitive-local and Serratus-optimized DIAMOND14 as a function 
of identity by simulating typical examples in a representative scenario: 
unpaired reads of length 100 with a base call error rate of 1%. We manu-
ally selected test-reference pairs of RefSeq complete Ribovirus genomes 
at RdRP amino acid identities 100%, 95% … 20%, generating simulated 
length-100 reads at uniformly distributed random locations in the test 
genome with a mean coverage of 1,000×. For bowtie2, the complete 
reference genome was used as a reference; for DIAMOND the reference 
was the translated amino acid sequence of the RdRP gene (400 amino 
acids), which was identified by aligning to the ‘wolf18’ dataset. These 
choices model the coronavirus pangenome used as a bowtie2 query 
and the rdrp1 protein reference used as a DIAMOND query, respectively. 
Sensitivity was assessed as the fraction of reads aligned to the reference. 
With bowtie2, the number of unmapped reads reflects a combina-
tion of lack of alignment sensitivity and divergence in gene content as 
some regions of the genome may lack homology to the reference. With 
DIAMOND, the number of unmapped reads reflects a combination of 
lack of alignment sensitivity and the fraction of the genome that is not 
RdRP, which varies by genome length 1g. They show that the fraction 
of aligned reads by bowtie2 drops to around 2% to 4% at 90% RdRP 
amino acid identity, and maps no reads for most of the lower identity 
test–reference pairs. DIAMOND maps around 5% to 10% of reads down 
to 50% RdRP amino acid identity, then less than 1% at lower identities; 
around 30% to 35% is the lower limit of practical detection.

Defining viral pangenomes and the SRA search space
Nucleotide search pangenomes. To create a collection of viral 
pangenomes, a comprehensive set of complete and partial genomes 
representing the genetic diversity of each viral family, we used two 
approaches.

For Coronaviridae, we combined all RefSeq (n = 64) and GenBank 
(n = 37,451) records matching the NCBI Nucleotide53 server query 
“txid11118[Organism:exp]” (date accessed: 1 June 2020). Sequences 
of fewer than 200 nt were excluded as well as sequences identified 
to contain non-CoV contaminants during preliminary testing (such 
as plasmid DNA or ribosomal RNA fragments). Remaining sequences 
were clustered at 99% identity with UCLUST (USEARCH: v11.0.667)54 and 
masked by Dustmasker (ncbi-blast:2.10.0) (--window 30 and --window 
64)55. The final query contained 10,101 CoV sequences (accessions 
in Supplementary Table 1a; masked coordinates in Supplementary 
Table 1b). SeqKit (v0.15) was used for working with fasta files56.

For all other vertebrate viral family pangenomes, RefSeq sequences 
(n = 2,849) were downloaded from the NCBI Nucleotide server with the 
query "Viruses[Organism] AND srcdb refseq[PROP] NOT wgs[PROP] 
NOT cellular organisms[ORGN] NOT AC 000001:AC 999999[PACC] 
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AND ("vhost human"[Filter] AND "vhost vertebrates"[Filter])" (date 
accessed: 17 May 2020). Retroviruses (n = 80) were excluded as prelimi-
nary testing yielded excessive numbers of alignments to transcribed 
endogenous retroviruses. Each sequence was annotated with its taxo-
nomic family according to its RefSeq record; those for which no family 
was assigned by RefSeq (n = 81) were designated as ‘unknown’.

The collection of these pangenomes was termed ‘cov3m’, and was 
the nucleotide sequence reference used for this study.

Amino acid viral RdRP search panproteome. For the translated- 
nucleotide search of viral RNA-dependent RNA polymerase (RdRP; 
hereinafter viral RdRP is implied) we combined sequences from several 
sources. (1) The ‘wolf18’ collection is a curated snapshot (around 2018) 
of RdRP from GenBank (ref. 19 accessed: ftp://ftp.ncbi.nlm.nih.gov/pub/
wolf/_suppl/rnavir18/RNAvirome.S2.afa). (2) The ‘wolf20’ collection 
is RdRPs from assembled from marine metagenomes (ref. 7 accessed: 
ftp://ftp.ncbi.nlm.nih.gov/pub/wolf/_suppl/yangshan/gb_rdrp.afa). 
(3) All viral GenBank protein sequences were aligned with DIAMOND 
--ultra-sensitive14 against the combined wolf18 and wolf20 sequences 
(E-value < 1 × 10−6). These produced local alignments that contained 
truncated RdRP, so each RdRP-containing GenBank sequence was then 
re-aligned to the wolf18 and wolf20 collection to ‘trim’ them to ‘wolf’ 
RdRP boundaries. (4) The above algorithm was also applied to all viral 
GenBank nucleotide records to capture additional RdRP not annotated 
as such by GenBank. A region of HCV capsid protein shares similarity 
to HCV RdRP; sequences annotated as HCV capsid were therefore re-
moved. Eight novel coronavirus RdRP sequences identified in a pilot 
experiment were added manually. The combined RdRP sequences 
from the above collections were clustered (UCLUST) at 90% amino 
acid identity and the resulting representative sequences (centroids, 
n = 14,653) used as the rdrp1 search query.

In addition, we added delta virus antigen proteins from NC 001653, 
M21012, X60193, L22063, AF018077, AJ584848, AJ584847, AJ584844, 
AJ584849, MT649207, MT649208, MT649206, NC 040845, NC 040729, 
MN031240, MN031239, MK962760, MK962759 and eight additional 
homologues we identified in a pilot experiment.

SRA search space and queries. To run Serratus, a target list of SRA 
run accessions is required. We defined 11 (not-mutually exclusive) 
queries as our search space, which were named human, mouse, mam-
mal, vertebrate, invertebrate, eukaryotes, prokaryotes/others, bat 
(including genomic sequences), virome, metagenome and mamma-
lian genome (Supplementary Table 1c). Our search was restricted to 
Illumina sequencing technologies and to RNA-seq, meta-genomic and 
meta-transcriptome library types for these organisms (except for the 
mammalian genome query, which was genome or exome). Before 
each Serratus deployment, target lists were depleted of accessions 
already analysed. Reprocessing of a failed accession was attempted 
at least twice. In total, we aligned 3,837,755/4,059,695 (94.5%) of the 
runs in our nucleotide-pangenome search (around May 2020) and 
5,686,715/5,780,800 (98.37%) of the runs in our translated-nucleotide 
RdRP search (around January 2021).

User interfaces for the Serratus databases
We implemented an on-going, multi-tiered release policy for code and 
data generated by this study, as follows. All code, electronic notebooks 
and raw data are immediately available at https://github.com/ababa-
ian/serratus and on the s3://serratus-public bucket, respectively. Upon 
completion of a project milestone, a structured data release is issued 
containing raw data into our viral data warehouse s3://lovelywater/. 
For example, the .bam nucleotide alignment files from 3.84 million 
SRA runs are stored in s3://lovelywater/bam/X.bam; and the protein 
.summary files are in s3://lovelywater/psummary/X.psummary, where 
X is a SRA run accession. These structured releases enable downstream 
and third-party programmatic access to the data.

Summary files for every searched SRA dataset are parsed into a pub-
licly accessible AWS Relational Database (RDS) instance that can be 
queried remotely via any PostgreSQL client. This enables users and 
programs to perform complex operations such as retrieving summaries 
and metadata for all SRA runs matching a given reference sequence 
with above a given classifier score threshold. For example, one can 
query for all records containing at least 20 aligned reads to hepatitis 
delta virus (NC 001653.2) and the associated host taxonomy for the 
corresponding SRA datasets:

SELECT sequence_accession, run_id, tax_id, n_readsFROM nsequence 
JOINsrarun ON (nsequence.run_id = srarun.run) WHERE n_reads >= 20

For users unfamiliar with SQL, we developed Tantalus (https://github.
com/serratus-bio/tantalus, an R programming-language package that 
directly interfaces the Serratus PostgreSQL database to retrieve sum-
mary information as data-frames. Tantalus also offers functions to 
explore and visualize the data.

Finally, the Serratus data can be explored via a graphical web inter-
face by accession, virus or viral family at https://serratus.io/explorer. 
Under the hood, we developed a REST API to query the database from 
the website. The website uses React+D3.js to serve graphical reports 
with an overview of viral families found in each SRA accession match-
ing a user query.

All four data access interfaces are under ongoing development, 
receiving community feedback via their respective GitHub issue track-
ers to facilitate the translation of this data collection into an effective 
viral discovery resource. Documentation for data access methods is 
available at https://serratus.io/access.

Geocoding BioSamples. To generate the map in Fig. 1c, we parsed 
and extracted geographical information from all 16 million BioSample 
XML submissions57. Geographic information is either in the form of 
coordinates (latitude and longitude) or freeform text (for example, 
‘France’, ‘Great Lakes’). For each BioSample, coordinate extraction 
was attempted using regular expressions. If that failed, text extraction 
was attempted using a manually curated list of keywords that capture 
BioSample attribute names that are likely to contain geographical in-
formation. If that failed, then we were unable to extract geographical 
information for that BioSample. Geocoding the text to coordinates 
was done using Amazon Location Service on a reduced set of distinct 
filtered text values (52,028 distinct values from 2,760,241 BioSamples 
with potential geographical text). BioSamples with geocoded coor-
dinates were combined with BioSamples with submitted coordinate 
information to form a set of 5,325,523 geospatial BioSamples. This is 
then cross-referenced with our subset of SRA accessions with an RdRP 
match to generate the figure.

All intermediate and resulting data from this step are stored on the 
SQL database described above. Development work is public at https://
github.com/serratus-bio/biosample-sql.

Viral alignment, assembly and annotation
Upon identification of CoV reads in a run from alignment, we assem-
bled 52,772 runs containing at least 10 reads that aligned to our CoV 
pangenome or at least 2 reads with CoV-positive k-mers16. A total of 
11,120 of the resulting assemblies contained identifiable CoV contigs, 
of which only 4,179 (37.58%) contained full-length CoV RdRP (Sup-
plementary Table 1d). The discrepancy between alignment-positive, 
assembly-positive and RdRP-positive libraries arises owing to random 
sampling of viral reads and assembly fragmentation. In this respect, 
alignment or k-mer based methods are more sensitive than assembly 
in detecting for the presence of low-abundance viruses (genome cover-
age < 1) with high identity to a reference sequence. Scoring libraries for 
genome coverage and depth is a good predictor of ultimate assembly 
success (Extended Data Fig. 3); thus, it can be used to efficiently pri-
oritize computationally expensive assembly in the future, as has been 
previously demonstrated for large-scale SRA alignment analyses58.
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DIAMOND optimization and output. To optimize DIAMOND14 for small 
(<10 MB) databases such as the RdRP search database, we built a proba-
bilistic hash set that stores 8-bit hash values for the database seeds, us-
ing SIMD instructions for fast probing. This index is loaded as a memory 
mapped file to be shared among processes and allows us to filter the 
query reads for seeds contained in the database, thus omitting the full 
construction of the query seed table. We also eliminated the overhead 
of building seed distribution histograms that is normally required to 
allocate memory and construct the query table in a single pass over the 
data using a deque-like data structure. In addition, query reads were not 
masked for simple repeats, as the search database is already masked. 
These features are available starting from DIAMOND v2.0.8 with the 
command line flags --target-indexed --masking 0. In a benchmark of 
4 sets of 1 million reads from a bat metagenome (ERR2756788), the 
implemented optimization produced a speed-up of ×1.47 and reduced 
memory use by 64%, compared to the public unmodified DIAMOND 
v2.0.6, using our optimized set of parameters in both cases (see 1.1.1). 
Together, the optimized parameters and implementation reduced 
DIAMOND runtime against RdRP search from 197.96 s (s.d. = 0.18 s), to 
21.29 s (s.d.  = 0.23 s) per million reads, a speed-up of a factor of 9.3. This 
effectively reduced the computational cost of translated-nucleotide 
search for Serratus from US$0.03 to US$0.0042 per library.

DIAMOND output files (we label .pro) were specified with the com-
mand -f 6 qseqid qstart qend qlen qstrand sseqid sstart send slen pident 
evalue cigar qseq_translated full_qseq full_qseq_mate.

coronaSPAdes. RNA viral genome assembly faces several distinct 
challenges stemming from technical and biological bias in sequencing 
data. During library preparation, reverse transcription introduces 50 
end coverage bias, and GC-content skew and secondary structures 
lead to unequal PCR amplification59. Technical bias is confounded by 
biological complexity such as intra-sample sequence variation due to 
transcript isoforms and/or to the presence of multiple strains.

To address the assembly challenges specific to RNA viruses, we 
developed coronaSPAdes (v3.15.3), which is described in detail in a 
companion manuscript25. In brief, rnaviralSPAdes and the more spe-
cialized variant, coronaSPAdes, combines algorithms and methods 
from several previous approaches based on metaSPAdes60, rnaSPAdes61 
and metaviralSPAdes62 with a HMMPathExtension step. coronaSPAdes 
constructs an assembly graph from an RNA-seq dataset (transcrip-
tome, meta-transcriptome, and meta-virome are supported), removing 
expected sequencing artifacts such as low complexity (poly-A/poly-T) 
tips, edges, single-strand chimeric loops or double-strand hairpins61 
and subspecies-bases variation62.

To deal with possible misassemblies and high-covered sequenc-
ing artefacts, a secondary HMMPathExtension step is performed to 
leverage orthogonal information about the expected viral genome. 
Protein domains are identified on all assembly graphs using a set of viral 
hidden Markov models (HMMs), and similar to biosyntheticSPAdes63, 
HMMPathExtension attempts to find paths on the assembly graph that 
pass through significant HMM matches in order.

coronaSPAdes is bundled with the Pfam SARS-CoV-2 set of HMMs64, 
although these may be substituted by the user. This latter feature of 
coronaSPAdes was used for HDV assembly, in which the HMM model 
of HDAg, the hepatitis delta antigen, was used instead of the Pfam 
SARS-CoV-2 set. Note that despite the name, the HMMs from this set 
are quite general, modelling domains found in all coronavirus genera in 
addition to RdRP, which is found in many RNA virus families. Hits from 
these HMMs cover most bases in most known coronavirus genomes, 
enabling the recovery of strain mixtures and splice variants.

Microassembly of RdRP-aligned reads. Reads aligned by DIAMOND14 
in the translated-nucleotide RdRP search are stored in the .pro alignment 
file. All sets of mapped reads (3,379,127 runs) were extracted, and each 

non-empty set was assembled with rnaviralSPAdes (v3.15.3)25 using de-
fault parameters. This process is referred to as ‘microassembly’, as a col-
lection of DIAMOND hits is orders of magnitude smaller than the original 
SRA accession (40 ± 534 KB compressed size, ranging from a single read 
up to 53 MB). Then bowtie251 (default parameters) was used to align the 
DIAMOND read hits of an accession back to the microassembled contigs 
of that accession. Palmscan (v1.0.0, -rdrp -hicon)18 was run on microas-
sembled contigs, resulting in high-confidence palmprints for 337,344 
contigs. Finally mosdepth (v0.3.1)65 was used to calculate a coverage 
pileup for each palmprint hit region within microassembled contigs.

Classification of assembled RdRP sequences. Our methods for RdRP 
classification are described and validated in a companion paper18.  
In brief, we defined a barcode sequence, the polymerase palmprint (PP), 
as an approximately 100-amino-acid segment of the RdRP palm subdo-
main delineated by well-conserved catalytic motifs. We implemented 
an algorithm, Palmscan, to identify palmprint sequences and discrimi-
nate RdRPs from reverse transcriptases. The combined set of RdRP 
palmprints from public databases and our assemblies was classified by 
clustering into operational taxonomic units (OTUs) at 90%, 75% and 40% 
identity, giving species-like, genus-like and family-like clusters (sOTUs, 
gOTUs and fOTUs), respectively. Tentative taxonomy of novel OTUs 
was assigned by aligning to palmprints of named viruses and taking a 
consensus of the top hits above the identity threshold for each rank.

Quality control of assembled RdRP sequences. Our goal was to 
identity novel viral RdRP sequences and novel sOTUs in SRA libraries. 
From this perspective, we considered the following to be erroneous 
to varying degrees: sequences that are (a) not polymerases; (b) not 
viral; (c) with differences due to experimental artefacts; or (d) with 
sufficient differences to cause a spurious inference of a novel sOTU. 
We categorized potential sources of such errors and implemented 
quality control procedures to identify and mitigate them, as follows.

Point errors are single-letter substitution and indel errors that may 
be caused by PCR or sequencing per se. Random point errors are not 
reproduced in multiple non-PCR duplicate reads and are unlikely to 
assemble because such errors almost always induce identifiable struc-
tures in the assembly graph (tips and bubbles) that are pruned during 
graph simplification. In rare cases, a contig may contain a read with 
random point errors. Such contigs will have low coverage of around 1,  
and we therefore recorded coverage as a quality control metric and 
assessed whether low-coverage assemblies were anomalous compared 
to high-coverage assemblies by measures such as the frequencies with 
which they are reproduced in multiple libraries compared to exactly 
one library, finding no noticeable difference when coverage is low.

Chimeras of polymerases from different species could arise from PCR 
amplification or assembly. We used the UCHIME2 (usearch v8.0.1623) 
algorithm66 to screen assembled palmprint sequences, finding no 
high-scoring putative chimeras. Mosaic sequences formed by joining 
a polymerase to unrelated sequence would either have an intact palm-
print, in which case the mosaic would be irrelevant to our analysis, or 
would be rejected by Palmscan owing to the lack of delimiting motifs.

Reverse transcriptases are homologous to RdRP. Retroviral insertions 
into host genomes induce ubiquitous sequence similarity between 
host genomes and viral RdRP. Palmscan was designed to discriminate 
RdRP from sequences of reverse transcriptase origin. Testing on a large 
decoy set of non-RdRP sequences with recognizable sequence similar-
ity showed that the Palmscan false discovery rate for RdRP identifica-
tion is 0.001. We estimated the probability of false positive matches 
in unrelated sequence by generating sufficient random nucleotide 
and amino acid sequences to show that the expected number of false 
positive palmprint identifications is zero in a dataset of comparable 
size to our assemblies. We also regard the low observed frequency of 
palmprints in DNA whole-genome sequencing data (in 2.6 Pbp or 25.8% 
of reads, accounted for 100 known palmprints and 95 novel palmprints 
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or 0.13% of the total identified) as a de facto confirmation of the low 
probability false positives in unrelated sequence.

Endogenous viral elements (EVEs; that is, insertions of viral sequence 
into host genomes that are potentially degraded and non-functional) 
cannot be distinguished from viral genomes on the basis of the palmprint 
sequence alone. To assess the frequency of EVEs in our data, we re-assem-
bled 890 randomly chosen libraries yielding one or more palmprints 
using all reads, extracted the 23,530 resulting contigs with a positive 
palmprint hit by Palmscan, and classified them using Virsorter2 (v2.1)67. 
Of these contigs, 11,914 were classified as viral, confirming the Palmscan 
identification; 49 as Viridiplantae (green plants); 46 as Metazoa; 25 as 
Fungi and the remainder were unclassified. Thus, 120/12,034 = 1% of 
the classified contigs were predicted as non-viral, suggesting that the 
frequency of EVEs in the reported palmprints is around 1%.

Annotation of CoV assemblies. Accurate annotation of CoV genomes 
is challenging owing to ribosomal frameshifts and polyproteins that are 
cleaved into maturation proteins68, and thus previously annotated viral 
genomes offer a guide to accurate gene-calls and protein functional 
predictions. However, although many of the viral genomes we were 
likely to recover would be similar to previously annotated genomes in 
Refseq or GenBank, we anticipated that many of the genomes would be 
taxonomically distant from any available reference. To address these 
constraints, we developed an annotation pipeline called DARTH (ver-
sion maul)69 which leverages both reference-based and ab initio an-
notation approaches.

In brief, DARTH consists of the following phases: standardize 
the ordering and orientation of assembly contigs using conserved 
domain alignments, perform reference-based annotation of the 
contigs, annotate RNA secondary structure, ab initio gene-calling, 
generate files for aiding assembly and annotation diagnostics, and 
generate a master annotation file. It is important to put the contigs 
in the ‘expected’ orientation and ordering to facilitate comparative 
analysis of synteny and as a requirement for genome deposition. To 
perform this standardization, DARTH generates the six-frame trans-
lation of the contigs using the transeq (EMBOSS:6.6.0.0)70 and uses 
HMMER3 (v3.3.2)71 to search the translations for Pfam domain mod-
els specific to CoV64. DARTH compares the Pfam accessions from the 
HMMER alignment to the NCBI SARS-CoV-2 reference genome (NCBI 
Nucleotide accession NC_045512.2) to determine the correct order-
ing and orientation, and produces an updated assembly FASTA file. 
DARTH performs reference-based annotation using VADR (v1.1)72, which 
provides a set of genome models for all CoV RefSeq genomes73. VADR 
provides annotations of gene coordinates, polyprotein cleavage sites, 
and functional annotation of all proteins. DARTH supplements the 
VADR annotation by using Infernal74 to scan the contigs against the 
SARS-CoV-2 Rfam release75 which provides updated models of CoV 50 
and 30 untranslated regions (UTRs) along with stem-loop structures 
associated with programmed ribosomal frame-shifts. Although VADR 
provides reference-based gene-calling, DARTH also provides ab initio 
gene-calling by using FragGeneScan (v1.31)76, a frameshift-aware gene 
caller. DARTH also generates auxiliary files that are useful for assembly 
quality and annotation diagnostics, such as indexed BAM files created 
with SAMtools (v1.7)77 representing self-alignment of the trimmed 
reads to the canonicalized assembly using bowtie251, and variant-calls 
using bcftools from SAMtools. DARTH generates these files so that the 
can be easily loaded into a genome browser such as JBrowse78 or IGV79. 
As the final step DARTH generates a single Generic Feature Format 
(GFF) 3.0 file80 containing combined set of annotation information 
described above, ready for use in a genome browser, or for submitting 
the annotation and sequence to a genome repository.

Phage assembly. Each metagenomic dataset was individually 
de-novo-assembled using MEGAHIT (v1.2.9)81, and filtered to remove 
contigs smaller than 1 kb in size. ORFs were then predicted on all contigs 

using Prodigal (v2.6.3)82 with the following parameters: -m -p meta. 
Predicted ORFs were initially annotated using USEARCH54 to search all 
predicted ORFs against UniProt83, UniRef90 and KEGG84. Sequencing 
coverage of each contig was calculated by mapping raw reads back 
to assemblies using bowtie251. Terminase sequences from Al-Shayeb 
et al.42 were clustered at 90% amino acid identity to reduce redundancy 
using CD-HIT (v4.8.1)85, and HMM models were built with hmmbuild 
(from the HMMER3 suite71) from the resulting set. Terminases in the 
assemblies from Serratus were identified using hmmsearch, retain-
ing representatives from contigs greater than 140 kb in size. Some 
examples of prophage and large phages that did not co-cluster with 
the sequences from Al-Shayeb et al. were also recovered because they 
were also present in a sample that contained the expected large phages. 
The terminases were aligned using MAFFT (v7.407)86 and filtered by 
TrimAL (v1.14)87 to remove columns comprising more than 50% gaps, 
or 90% gaps, or using the automatic gappyout setting to retain the 
most conserved residues. Maximum likelihood trees were built from 
the resulting alignments using IQTREE (v1.6.6)88.

Deploying the assembly and annotation workflow. The Serratus 
search for known or closely related viruses identified 37,131 libraries 
(14,304 by nucleotide and 23,898 by amino acid) as potentially posi-
tive for CoV (score ≥ 20 and ≥10 reads). To supplement this search we 
also used a recently developed index of the SRA called STAT16, which 
identified an additional 18,584 SRA datasets not in the defined SRA 
search space. The STAT BigQuery (accessed 24 June 2020) was: WHERE 
tax id=11118 AND total count >1.

We used AWS Batch to launch thousands of assemblies of NCBI acces-
sions simultaneously. The workflow consists of four standard parts: a 
job queue, a job definition, a compute environment, and finally, the 
jobs themselves. A CloudFormation template (https://gitlab.pasteur.
fr/rchikhi_pasteur/serratus-batch-assembly/-/blob/10934001/tem-
plate/template.yaml) was created for building all parts of the cloud 
infrastructure from the command line. The job definition specifies a 
Docker image, and asks for 8 virtual CPUs (vCPUs, corresponding to 
threads) and 60 GB of memory per job, corresponding to a reason-
able allocation for coronaSPAdes. The compute environment is the 
most involved component. We set it to run jobs on cost-effective Spot 
instances (optimal setting) with an additional cost-optimization strat-
egy (SPOT_CAPACITY_OPTIMIZED setting), and allowing up to 40,000 
vCPUs total. In addition, the compute environment specifies a launch 
template which, on each instance, (i) automatically mounts an exclusive 
1 TB EBS volume, allowing sufficient disk space for several concurrent 
assemblies, and (ii) downloads the 5.4 GB CheckV (v0.6.0)89 database, 
to avoid bloating the Docker image.

The peak AWS usage of our Batch infrastructure was around 28,000 
vCPUs, performing around 3,500 assemblies simultaneously. A total 
of 46,861 accessions out of 55,715 were assembled in a single day. 
They were then analysed by two methods to detect putative CoV con-
tigs. The first method is CheckV89, followed selecting contigs associ-
ated to known CoV genomes. The second method is a custom script 
(https://gitlab.pasteur.fr/rchikhi_pasteur/serratus-batch-assembly/-/
blob/10934001/stats/bgc_parse_and_extract.py) that parses coronaS-
PAdes BGC candidates and keeps contigs containing CoV domain(s). 
For each accession, we kept the set of contigs obtained by the first 
method (CheckV) if it is non-empty, and otherwise we kept the set of 
contigs from the second method (BGC).

A majority (76%) of the assemblies were discarded for one of the 
following reasons: (i) no CoV contigs were found by either filtering 
method; (ii) reads were too short to be assembled; (iii) Batch job or 
SRA download failed; or (iv) coronaSPAdes ran out of memory. A total 
of 11,120 assemblies were considered for further analysis.

The average cost of assembly was between US$0.30 and US$0.40 
per library, varying depending on library type (RNA-seq versus 
metagenomic). This places an estimate of 46–95-fold higher cost for 
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assembly alone compared to a cost of US$0.0042 or US$0.0065 for an 
alignment-based search.

Taxonomic and phylogenetic analyses
Taxonomy prediction for coronavirus genomes. We developed a 
module, SerraTax, to predict taxonomy for CoV genomes and assem-
blies (https://github.com/ababaian/serratus/tree/master/containers/
serratax). SerraTax was designed with the following requirements 
in mind: provide taxonomy predictions for fragmented and partial 
assemblies in addition to complete genomes; report best-estimate 
predictions balancing over-classification and under-classification (too 
many and too few ranks, respectively); and assign an NCBI Taxonomy 
Database90 identifier (TaxID).

Assigning a best-fit TaxID was not supported by any previously pub-
lished taxonomy prediction software to the best of our knowledge; 
this requires assignment to intermediate ranks such as sub-genus and 
ranks below species (commonly called strains, but these ranks are 
not named in the Taxonomy database), and to unclassified taxa, for 
example, TaxID 2724161, unclassified Buldecovirus, in cases in which 
the genome is predicted to fall inside a named clade but outside all 
named taxa within that clade.

SerraTax uses a reference database containing domain sequences 
with TaxIDs. This database was constructed as follows. Records anno-
tated as CoV were downloaded from UniProt83, and chain sequences 
were extracted. Each chain name, for example Helicase, was considered 
to be a separate domain. Chains were aligned to all complete coro-
navirus genomes in GenBank using UBLAST (usearch: v11.0.667)54 to 
expand the repertoire of domain sequences. The reference sequences 
were clustered using UCLUST54 at 97% sequence identity to reduce 
redundancy.

For a given query genome, ORFs are extracted using the getorf 
(EMBOSS:6.6.0) software70. ORFs are aligned to the domain references 
and the top 16 reference sequences for each domain are combined with 
the best-matching query ORF. For each domain, a multiple alignment of 
the top 16 matches plus query ORF is constructed on the fly by MUSCLE 
(v3.8.3191) and a neighbour-joining tree is inferred from the alignment, 
also using MUSCLE. Finally, a consensus prediction is derived from 
the placement of the ORF in the domain trees. Thus, the presence of a 
single domain in the assembly suffices to enable a prediction; if more 
domains are present they are combined into a consensus.

Taxonomic assignment by phylogenetic placement. To generate an 
alternate taxonomic annotation of an assembled genome, we created 
a pipeline based on phylogenetic placement, SerraPlace.

To perform phylogenetic placement, a reference phylogenetic 
tree is required. To this end, we collected 823 reference amino acid 
RdRP sequences, spanning all Coronaviridae. To this set we added 
an outgroup RdRP sequence from the Torovirus family (NC 007447). 
We clustered the sequences to 99% identity using USEARCH (ref. 54, 
UCLUST algorithm, v11.0.667), resulting in 546 centroid sequences. 
Subsequently, we performed multiple sequence alignment on the 
clustered sequences using MUSCLE. We then performed maximum 
likelihood tree inference using RAxML-NG (ref. 92, ‘PROTGTR+FO+G4’, 
v0.9.0), resulting in our reference tree.

To apply SerraPlace to a given genome, we first use HMMER (ref. 71,  
v3.3) to generate a reference HMM, based on the reference alignment.  
We then split each contig into ORFs using esl-translate, and use 
hmmsearch (P value cut-off 0.01) and seqtk (commit 7c04ce7) to identify  
those query ORFs that align with sufficient quality to the previously g 
enerated reference HMM. All ORFs that pass this test are considered 
valid input sequences for phylogenetic placement. This produces a set 
of likely placement locations on the tree, with an associated likelihood 
weight. We then use Gappa (v0.6.1,93) to assign taxonomic informa-
tion to each query, using the taxonomic information for the reference 
sequences. Gappa assigns taxonomy by first labelling the interior 

nodes of the reference tree by a consensus of the taxonomic labels 
of all descendant leaves of that node. If 66% of leaves share the same 
taxonomic label up to some level, then the internal node is assigned 
that label. Then, the likelihood weight associated with each sequence is 
assigned to the labels of internal nodes of the reference tree, according 
to where the query was placed.

From this result, we select that taxonomic label that accumulated the 
highest total likelihood weight as the taxonomic label of a sequence. 
Note that multiple ORFs of the same genome may result in a taxonomic 
label, in which case, we select the longest sequence as the source of the 
taxonomic assignment of the genome.

Phylogenetic inference. We performed phylogenetic inferences using 
a custom snakemake (v6.6.0) pipeline (available at https://github.com/
lczech/nidhoggr), using ParGenes (v1.1.2)94. ParGenes is a tree search 
orchestrator, combining ModelTestNG (v0.1.3)95 and RAxML-NG, and 
enabling higher levels of parallelization for a given tree search.

To infer the maximum likelihood phylogenetic trees, we performed 
a tree search comprising 100 distinct starting trees (50 random, 50 
parsimony), as well as 1,000 bootstrap searches. We used ModelTest-NG 
to automatically select the best evolutionary model for the given data. 
The pipeline also automatically produces versions of the best maximum 
likelihood tree annotated with Felsenstein’s Bootstrap96 support values, 
and Transfer Bootstrap Expectation values97.

Reporting summary
Further information on research design is available in the Nature 
Research Reporting Summary linked to this paper.

Data availability
All Serratus data, raw and processed, are released into the public 
domain immediately in accordance with the Bermuda Principles and 
freely available at https://serratus.io/access. Assembled genomes for 
this study are available on GenBank under project PRJEB44047.

Code availability
Serratus (v0.3.0) is available at https://github.com/ababaian/serratus. 
Archival copies of all code and software generated for this study are 
freely available at https://github.com/serratus-bio. Electronic note-
books for experiments are available at https://github.com/ababaian/
serratus.
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Extended Data Fig. 1 | Overview of the Serratus infrastructure. a Schematic 
and data workflow (b) as described in the methods for sequence alignment.  
c The align module accepts either a nucleotide or protein sequence query.  
d A nucleotide alignment completion rate for Serratus shows stable and linear 
performance to complete 1.29 million SRA accessions in a 24-hour period and 
the e cost breakdown for this run. Compute costs between modules are an 
approximate comparison of CPU requirements of each step. The total average 
cost per completed SRA accession was US$0.0062 for nucleotide search or 
US$0.0042 for translated-nucleotide search. f Tukey boxplot of biological 

cross-validation to measure alignment sensitivity for bowtie2 (nucleotide 
search), DIAMOND14 (translated nucleotide search) or 32-mer for exact search. 
In brief, two RdRP sequences sharing the nominal amino acid identities form a 
”pair”. 100 bp reads were simulated from the coding sequence of one pair and 
mapped onto the second pair, with the fraction of reads mapped reported.  
A fraction of 0.5 indicates that half the simulated reads at the given RdRP 
percent identity are mappable and thus detectable (see Methods). For each of 
the 12 percent identity categories, n = 10 biologically independent RdRP pairs 
were analysed.
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Extended Data Fig. 2 | Analysis of palmprint contigs recovered by Serratus. 
a Length distribution of amino acid sequences in the rdrp1 query (upper 
histogram) and microassembled contigs (lower histogram, 
length=nucleotides/3). b Distribution of Palmscan confidence scores.  
c Observations of the 10 most frequent “super-motifs” (six well-conserved 
residues marked with asterisk) reported by Palmscan. d Kernel distribution 
and mean (white cross) of coverage vs. abundance (number of runs where a 
given palmprint is observed), showing that palmprints have similar underlying 
coverage distributions at all abundances. e Preston plot of distinct palmprints 
vs. abundance exhibiting similar, approximately log-log-linear relationships to 

totals at end-of-year 2015 to 2019 and final totals at approx. end of 2020 (all).  
f Preston plot of number of distinct palmprints observed in a given run vs. 
number of runs with 95% confidence interval. g Numbers of singletons and 
second observations (confirmations) at the end of each year showing that the 
growth in singletons is matched by a comparable growth in confirmations.  
h Kingdom predicted by Virsorter2 for RdRP+ contigs (by Palmscan) obtained 
by full assembly of 880 randomly chosen RdRP+ runs. i Number of palmprints 
in each phylum assigned by taxonomy (known) or predicted (novel). j Number 
of OTUs as a function of clustering identity.



Extended Data Fig. 3 | Distribution of select RNA virus families.  
a Histograms of datasets matching select RNA viral family by translated- 
nucleotide search against RdRP query, binned by the average amino acid 
identity. Score (gradient colouring) function approximates pangenome/gene 
coverage (see methods) used for manual inspection and to prioritize assembly. 
Interactive and queryable versions of these plots for extended virus families 
are available at https://serratus.io/explorer. b Relationship between the 
nucleotide pangenome score function and the subsequent assembly success 

(defined by the presence of an RdRP+ contig) measured from 52,772 libraries 
with reads aligning to Coronaviridae. c Histogram of all detected sOTUs 
classified to Riboviria order (>40% amino acid identity to a named species)  
with unclassified sOTUs not shown. Segmented bars (left) show the fraction of 
sOTUs with similarity to known sOTU, binned into intervals 90+ (>=90%, ~species), 
75+ (75% to 90%, ~genus), 50+ (50% to 75%, ~family), and <50% (~novel family). 
Complete multiple sequence alignments and tree files for per-order and 
per-family trees is available at https://serratus.io/trees.

https://serratus.io/explorer
https://serratus.io/trees
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Extended Data Fig. 4 | Genome organization of Coronaviridae and 
neighbours. a Length distribution for 11,120 assembled contigs classified as 
CoV-positive, showing a peak around the typical CoV genome length, 4,179 
(37.58%) of contigs also contained a match for RdRP. b Phylogram shown in 
Figure 3 showing the Mesoniviridae, Tobaniviridae, and Roniviridae outgroups. 

c Triangular matrix showing median RdRP sequence identities between 
selected Nidovirales and group-E sequences. d Hidden Markov Model (HMM) 
protein domain matches from the RdRp in exemplar sequences (contigs or 
GenBank sequences), grouped by genus. Novel sOTUs identified in this analysis 
indicated by a coloured circle.



Extended Data Fig. 5 | See next page for caption.
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Extended Data Fig. 5 | Newly characterized delta virus and delta-virus-like 
genomes. Structure and organization of selected examples from the 14 delta 
virus-, 39 epsilon virus- and 311 zeta virus-like genomes identified in our study. 
a Similar to human delta virus (HDV), delta virus-like genomes from vertebrates 
(PmacDV SRR7910143; MmonDV SRR2136906; TgutDV SRR5001850; IchiDV 
SRR8954566 and BglaDV SRR8242383) and environmental datasets 
(SRR7286070 and SRR6943136) share similar predicted stable rod-like folding, 
a predicted ORF coding for the delta antigen (δAg) and a delta ribozyme (dvrbz) 
on each polarity. Folding of the circular DNA virus Porcine Circovirus 2 (PCV2) 
and a shuffled MmonDV sequence are shown as negative controls. b Epsilon 
virus-like genomes detected in invertebrates (SulaEV SRR8739608; GsulEV 
SRR7170939 and BaerEV SRR12300397) and environmental datasets 
(SRR8840728 and SRR6943136) show similar structure and organization to 

delta viruses, with one or two predicted ORFs (epsilon antigen or Ag) and two 
hammerhead ribozymes (hhrbz) in equivalent genomic regions. c Zeta virus-
like genomes detected in invertebrate (Ocassitermes sp. ZVs SRR8924823) and 
environmental datasets (SRR7286070, SRR6943136, SRR8840728, 
SRR6201737, SRR5864109 and SRR12063536) are smaller than delta and 
epsilon agents. Up to 90% of the zeta genomes have sizes multiple of 3 and 
predicted ORFs without stop codons, capable to encode endless tandem-
repeated zeta antigens in both polarities (ζAg+ and ζAg– shown as yellow and 
red arrows, respectively). Both genomic zeta polarities keep hhrbzs (shown as 
arrows overlapping the ORFs) similar to the epsilon ribozymes (Extended Fig 
6). Larger zeta virus-like genomes (>651 nt) were less abundant (7% of all zeta 
genomes) and frequently show stop codons, or their sizes are not multiple of 3.



Extended Data Fig. 6 | See next page for caption.



Article
Extended Data Fig. 6 | Evolutionary history of delta-virus-like agents.  
a Consensus structures (weighted nucleotide conservation threshold of 90%) 
of delta virus ribozymes, including the 14 genomes described in this work.  
b Consensus structures of the two hammerhead ribozyme families (type III and 
extended-type III39) detected in epsilon and zeta agents. Most positions of 
epsilon and zeta motifs are sequence conserved for each ribozyme family.  
c MSA of the predicted antigen (N-term domain) from delta and epsilon agents 
(genomes detected in this study are indicated with a red asterisk). The 
antiparallel coiled-coil of the HDV is delimited with a grey box, and conserved 
residues involved in hydrophobic interactions are shown at the bottom40, 

supporting a highly divergent connection between delta and epsilon genomes. 
d Human HDV delta virus is known to contain a viroid-like domain related to the 
Pospiviroidae family of plant viroids. Both families of agents conserve a tertiary 
structure reminiscent of the E-loop 5S rRNA (nucleotides in green) and are 
replicated by the RNA Pol II of the host41. Pospiviroids, despite lacking hhrbzs, 
share with zeta genomes a small rod structure, and in some cases, the presence 
of predicted endless tandem-repeat ORFs, most notably in both polarities of 
numerous variants of the Hop Stunt Viroid (HSVd). Whereas viroids have been 
historically regarded as non-protein-coding RNAs, our reported observations 
warrant further investigation.



Extended Data Fig. 7 | Huge phage and Lak phage detail. Expanded view of 
maximum likelihood terminase large subunit protein phylogenetic trees for  
(a) the expansion of the Kabirphage clade by newly recovered sequences from 
different animal types (coloured dots). Red branches are public data recovered 
by Serratus, black branches indicate the previously reported genomes from42. 
b Publicly available Lak phage genomes98 with sequences of two newly 

reconstructed complete Lak megaphage genomes. These are the first reported 
Lak megaphages from dogs (assembled from faecal sample metagenome reads 
from Allaway et al.99). The genomes have identical terminase sequences (at the 
nucleotide level) although the dogs were in different housing areas and were 
sampled at different times (D. Allaway, personal communication).
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12
The biosphere genomics era is transforming life science research, but existing methods13

struggle to efficiently reduce the vast dimensionality of the protein universe. We present 14

DIAMOND DeepClust, an ultra-fast cascaded clustering method optimized to cluster the 19 15

billion protein sequences currently defining the protein biosphere. As a result, we detect 16

1.7 billion clusters of which 32% hold more than one sequence. This means that 544 million 17

clusters represent 94% of all known proteins, illustrating that clustering across the tree of 18

life can significantly accelerate comparative studies in the Earth BioGenome era.19

20

Main21

As the global biosphere is increasingly sequenced and annotated1,2,3,4,5, an unprecedented quality 22

of evolutionary insights can now be harnessed to transform the life sciences, where discovery is 23

often driven by the dimensionality reduction of massive experimental data into distinct categories24

(clusters) that capture common features for inference and predictive tasks. In practice, one such 25

application is the grouping of proteins into related sequence classes that enabled recently 26

celebrated breakthroughs such as protein structure prediction6,7, comparative biosphere 27

genomics8,9, and classification within metagenomic samples10,11,12. These studies are early28

adopters of leveraging evolutionary information at scale for groundbreaking molecular and 29
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functional applications and provide first examples of organizing the entire protein universe for 30

downstream predictive tasks.31

32

Recently, we introduced DIAMOND v2 to meet the user demands for scaling protein search to 33

the tree of life8. With DIAMOND v2, we pledged to support the ongoing efforts of the Earth 34

BioGenome project which aims to capture and assemble the genomes of more than 1.8 million 35

eukaryotic species within this decade3. In this community quest to compare query sequences36

against the entire tree of life when millions of species are available, we identified the ability to 37

cluster this vast protein sequence diversity space as a key factor currently limiting the association38

of sequences across large sets of divergent species.39

40

Here, we perform a comprehensive experimental study to demonstrate that deep-clustering the41

protein universe of the assembled biosphere which currently consists of ~19 billion sequences is 42

already possible today. In the Earth BioGenome era, the ability to reduce the sequence space 43

can significantly accelerate protein comparisons when dealing with millions of species and tens44

of billions of sequences. For this purpose, we estimated that the Earth BioGenome consortium 45

will generate ~27 billion protein sequences when averaging ~15,000 genes per species times 46

~1.8 million successfully assembled species. Current protein clustering approaches implemented47

in the standard tools CD-HIT13, UClust14, and Linclust15 are limited when aiming to cluster billions48

of proteins with such broad sequence diversity in reasonable time and with sufficient clustering 49

sensitivity at lower identity-boundaries. To overcome this limitation and provide a future-proof50

software solution, we implemented DIAMOND DeepClust, a cascaded clustering method51

leveraging sensitive protein alignments generated with DIAMOND v28 for incremental clustering52

and near-complete discovery of distant clusterable homologs at tree-of-life scale (Fig.53

1)(Supplementary fig. 1-7). Using DIAMOND DeepClust, we reach this clustering milestone to 54

sensitively cluster 19 billion sequences in 18 days on 27 high performance computing (HPC)55
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nodes (using 250,000 CPU hours in total). This achievement to simultaneously balance speed 56

and sensitivity rather than having to choose between them allows us to substitute Linclust, UClust,57

and CD-HIT and meet the user demands of the Earth BioGenome project, where clustering58

sensitivity across large evolutionary distances is paramount. We further optimized our clustering 59

procedure to be memory efficient for laptop users, but also scale linearly in a High Performance 60

Computing (HPC) and Cloud Computing infrastructure to enable sensitive deep-clustering for a 61

vast portfolio of applications (Methods). Finally, we designed an incremental procedure that allows62

users to add new sequences to a large collection of existing clusters so that the sequencing and 63

assembly community can swiftly add incoming sequences to our biosphere cluster database 64

without the need to re-cluster the entire dataset (Methods).65

66

As a result of clustering ~19 billion sequences with 30% sequence identity and 90% coverage 67

thresholds across the tree of life, we determined ~1.70 billion clusters with 32% of clusters yielding 68

more than one element and 68% denoting singletons (only one unique sequence within each69

singleton cluster). While this majority of singletons suggests the presence of a large pool of 70

putatively novel proteins (orphan polypeptides) within the protein universe (Experimental 71

Study)(Supplementary fig. 11), these ~1.16 billion unique sequences comprise only ~6% of the72

full set of 19 billion sequences. The fact that 544 million clusters can capture ~94% of all known 73

proteins illustrates the potential of deep-clustering the protein universe to accelerate protein 74

search across the tree of life.75

76

To put these ~19 billion sequences of our experimental study into perspective in regard to order 77

of magnitude, we projected that clustering the ~27 billion eukaryotic protein sequences of the ~1.8 78

million Earth BioGenome species with DIAMOND DeepClust would yield ~2.82 billion clusters 79

and would be feasible today on existing HPC systems (Methods). When assuming similar 80

proportions between singletons (6% of 27 billion sequences) and non-singletons (94% of 27 billion 81
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sequences) in this eukaryotic dataset (Supplementary fig. 8-9), we anticipate that the Earth 82

BioGenome project will discover ~1.6 billion unique (singleton) clusters which can be investigated 83

for their putative molecular function. The overall findings of our experimental study suggest that 84

the protein diversity presently available across all major lineages of life can be reduced by a factor 85

of 10 using sensitive deep-clustering and can further be compressed by a factor of 35 when 86

disregarding singletons, or even by a factor of 60 when removing clusters of size below three. This 87

means that 92% of the protein universe (17.8 billion sequences) can be compressed into 335 million 88

representative sequences for downstream analyses (Supplementary fig. 10). These compression 89

levels can additionally be improved when employing more liberal clustering criteria such as 70% 90

coverage and no identity threshold (compared to our conservative 90% coverage and 30% identity 91

setting). A ProtT516-guided analysis of the protein sequence space mapped by our clustering 92

suggests that it is largely composed of sequences that are mostly uncharacterized by curation 93

efforts such as CATH17 or Pfam18 (Fig. 2).94

95

Notably, the empowerment enabled by capturing protein diversity across major kingdoms of life, 96

for example, was also demonstrated by recent breakthroughs in protein structure prediction. The 97

predictive power of AlphaFold2 was largely derived from the use of the Big Fantastic Database6, 98

a public collection of diverse protein sequences containing 345 million clusters and 61 million 99

clusters with at least three members. While currently holding the status of the largest collection of 100

clustered protein sequences, the result of our experimental study yielding 335 million clusters with 101

at least three members represents a 5.5-fold increase in sequence diversity compared to the Big102

Fantastic Database which can now be directly incorporated into protein structure prediction 103

research. We therefore provide our 1.7 billion clusters dataset as a free and publicly accessible 104

resource (Data availability).105

106
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Algorithmically, DIAMOND DeepClust is based on a cascaded clustering strategy engineered to 107

gradually reduce the complexity of large datasets and to maximally exploit evolutionary conserved 108

information (Methods). Previous methodologies to cluster protein sequences such as CD-HIT13109

and UClust14 are more than ten years old, were not designed to scale to millions of species, and110

perform poorly when attempting to cluster large datasets deeper than 90% sequence identity. 111

Although MMseqs2/Linclust15 presented a considerable advancement over CD-HIT and UClust, 112

it still suffers from comparatively low performance when clustering at high alignment sensitivity, 113

thereby introducing an analytics bottleneck when attempting to scale to >27 billion estimated Earth 114

BioGenome sequences covering the full breadth of biospheric protein space.115

116

Fig. 1 | Benchmark of the clustering performance of DIAMOND DeepClust, MMseqs2 and CD-HIT 117
using various sensitivity modes and identity thresholds. Computational benchmarks are shown for 118
clustering the NCBI non-redundant (NR) database currently storing ~446 million protein sequences using 119
different clustering criteria. a, Clustering run times for clustering the NR database on a 64-core server are 120
shown in hours b, The resulting cluster counts of compressing the NCBI NR database according to the 121
respective clustering criteria.122

123

To formally benchmark DIAMOND DeepClust against CD-HIT and MMseqs2/Linclust, we 124

clustered the NCBI non-redundant (NR) database containing ~446M sequences at sequence 125

identity thresholds of 90%, 50% and 20% (Fig. 1). DIAMOND DeepClust solved this problem for 126

deep clustering in 3.6h (sensitive mode) and 7.7h (very-sensitive mode) on a single server127

equipped with 64 cores compared to 1.7 days and 4 days using MMseqs2, running 11-fold and 128
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13-fold faster respectively. In addition, DIAMOND DeepClust exhibited higher clustering quality 129

as measured by the sensitivity of clusterable homologs found, the completeness of representation130

by the representative sequences, and the optimality of cluster assignment (Supplementary fig. 2-131

7). In particular, in the most sensitive run MMseqs2 still did not discover clusterable homologs for 132

9.8% of the representatives compared to 2.5% for DIAMOND ultra-sensitive (Supplementary fig.133

2). Further, for MMseqs2 and DIAMOND, 4.2% of the sequences were not within clustering 134

distance to any representative (Supplementary fig. 3), constituting information that is potentially 135

lost during clustering, while the MMseqs2 workflow to correct such errors increased the runtime 136

to >2 weeks compared to 9.8h using DIAMOND DeepClust (runs labeled as distance error 137

correction), simultaneously degrading the quality and inflating the size of the clustering (cluster 138

count). Lastly, MMseqs2 misassigned 31% of sequences (vs 23% for DIAMOND) to a 139

representative that is not the closest to the sequence (Supplementary fig. 7), while the 140

computation to correct such errors ran for 2.4 months compared to 16 days using DIAMOND141

DeepClust (runs labeled as assignment error correction). DIAMOND DeepClust ran 82-fold faster142

than CD-HIT, 3-fold to 8-fold faster than Linclust for clustering at 90% identity and 2-fold faster for143

clustering at 50% identity.144

145

146
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Fig. 2 | Projection of the protein universe clustered by DIAMOND DeepClust onto its protein 147
language embedding space. UMAP projection of cluster representatives from clusters of size ≥5 after148
transformation into the ProtT516 embedding space. Each dot corresponds to a representative-sequence-149
embedding labeled by whether the sequence can be annotated with knowledge derived from 150
SCOP19+ECOD20+CATH17 or Pfam18, or when no annotation was found whether the respective 151
representative sequence has a homolog in UniProt, or a homolog in the BFD6+MGnify21 databases. The 152
result illustrates that the protein sequence space is dominated by unexplored protein sequences not 153
sufficiently characterized by standard databases.154

155

In conclusion, we designed DIAMOND DeepClust to further optimize the computational steps156

towards protein alignments against millions of species through dimensionality reduction 157

(clustering) and inspire a new type of research that embraces the biodiversity of life for molecular158

research and subsequent prediction efforts.159

160

161

162
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263

Methods264

Algorithmic overview of DIAMOND DeepClust265

Representative-based clustering266

Following an analogous strategy as the gold standard approaches implemented in CD-HIT22 and 267
UCLUST14, we define a clustering of an input dataset of protein sequences as a subset of 268
representative sequences such that any input sequence lies within a user-defined distance 269
threshold of at least one representative sequence. As a result, each input sequence will be 270
assigned to one particular representative sequence. This threshold setting (identity, coverage, 271
and e-value) is also referred to as the clustering criterion. For the purpose of this study, in addition 272
to a basic e-value threshold of 0.00001 with respect to the size of the input database, we require 273
that a pairwise local alignment between sequences satisfy a specific minimum sequence identity 274
and length coverage of the co-clustered (non-representative) sequences. Analogous to 275
MMseqs2, we compute the approximate sequence identity instead of the BLAST-like identity 276
defined as the fraction of match columns in the pairwise alignment, as this allows us to save time 277
for backtracing of alignments (Supplementary Information). The approximate identity is derived 278
from the alignment score and the lengths of the aligned ranges in the sequences as a linear 279
regression and can be considered a better measure of evolutionary distance than the actual 280
sequence identity23. Starting from a set of alignments that meet the user-specified or default 281
clustering criterion, we compute a set of representative sequences by first encoding the 282
alignments as a directed graph G where nodes represent individual protein sequences and edges 283
denote pairwise local alignments between them, whereby a directed edge from sequence A to 284
sequence B indicates that A can represent B according to the clustering criterion. In a second 285
step, we apply the greedy vertex cover algorithm on the alignment-graph G to determine a near-286
minimal covering set of graph vertices. The algorithm repeatedly selects the vertex with the 287
highest node outdegree and removes it from the graph along with its out-neighbors to form a new 288
cluster until the graph is completely clustered. In the final round of cascaded clustering, we also 289
permit recursive merges of clusters to prevent clusterable pairs to remain in the final clustering. 290
We also implemented simple length-sorted clustering but observed better clustering quality for 291
the greedy vertex cover approach (data not shown).292

Cascaded clustering293

As exhaustive all-vs-all alignment of protein datasets consisting of hundreds of millions of 294
sequences is prohibitively expensive, we approach this issue by adopting cascaded clustering24295
to gradually construct larger sequence clusters in several rounds of comparison with increasing 296
alignment sensitivity (iterating between modes: --fast, default, --sensitive, --very-sensitive, --ultra-297
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sensitive). In the first round, we subsample the seed space using minimizers25 with a window size 298
of 12 which we empirically found to provide a good balance between speed and sensitivity, and 299
attempt to achieve linear computational scaling of comparisons by considering only seed hits 300
against the longest sequence for identical seeds rather than trialing all possible combinations15. 301
This heuristic is sufficient to find meaningful representatives as the seeds at this stage are 302
selected to be highly specific and the longest sequence is a priori the most likely to maximize 303
recruitment of member sequences due to the unidirectional length coverage criterion. We 304
compute representative sequences from the resulting alignments by greedy vertex cover24, which 305
are then passed on to the next round of cascaded clustering and subjected to an all-vs-all306
DIAMOND v2 blastp search at increased sensitivity. Depending on the desired clustering depth, 307
two to six of these alignment rounds are chained until reaching sufficient sensitivity such that most 308
representatives within clustering distance have been discovered. We optimized self-alignment of309
the representative databases by taking advantage of the symmetry of queries and targets in the 310
seeding stage, avoiding the evaluation of redundant seed hits, and thus doubling the performance 311
of this computation. This is accordingly taken into account when the database is processed in 312
blocks by eliminating redundant block combinations.313

Distance error correction314

Distance errors in the clustering are introduced by sequences that do not fall within the clustering315
distance of their assigned representative and arise due to the recursive merging of clusters in the 316
cascaded clustering workflow based on alignments of only the representative sequences. These 317
errors do not necessarily present an error in the biological sense, since biological properties of318
the sequences such as ancestry, structure and function can be conserved despite the fact that 319
the local alignment does not satisfy a certain threshold requirement. Nevertheless, we320
implemented an additional workflow to optionally correct such errors. We first align all sequences 321
against their assigned representatives to find the sequences failing the clustering criterion.322
After the identification of all putatively mis-clustered sequences, we re-align the set of these323
sequences against the database of all representative sequences using DIAMOND v2 in iterated 324
blastp search mode with increasing sensitivity. If an alignment against a representative sequence 325
is detected, the sequence is reassigned to the cluster of that representative. If multiple 326
representatives satisfy the clustering criterion, the e-value of the local alignment determines the 327
assignment. We collect all sequences that fail to align against any representative, remove them328
from the clustering and re-cluster this dataset with the cascaded clustering workflow. The resulting329
sub-clustering is again subjected to the distance error correction workflow, an iterative procedure 330
that continues until convergence to a clustering with no distance errors.331

Assignment error correction332

For any given clustering a sequence may lie in clustering distance of multiple representative 333
sequences. Cascaded clustering or incremental clustering as performed by tools like CD-HIT or 334
UClust hold no guarantee of assigning a sequence to the cluster of the closest representative,335
measured by a metric such as the e-value of the local alignment. Although this property of336
assignment error has no impact when users wish to work only with the set of representative 337
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sequences in the context of dimensionality reduction, it becomes a relevant drawback when 338
attempting to use all cluster members for downstream analyses such as multiple sequence 339
alignments or gene family characterization. To this end, we have implemented a reassignment 340
workflow that will search all non-representative sequences against the representative database 341
and assign each sequence to the closest representative as measured by the e-value (if the e-342
value is 0 for different representatives the bitscore determines the representative assignment), 343
while maintaining the clustering criterion.344

Many-core parallelization of clustering tasks345

Analogous to our computational scaling efforts introduced in DIAMOND v2, we elevated our 346
clustering capabilities to run massively parallel on High-Performance-Computing (HPC) and347
Cloud Computing infrastructures. To accommodate servers with 128 or more compute cores, we 348
have refactored our multi-threading code to fix existing load imbalances during the alignment349
workflow and allow the software to scale smoothly to 256 threads or more. Optimal scaling of the 350
seed extension stage in DIAMOND v2 is impeded by query proteins that attract a disproportionate 351
number of target hits or incur an unusual cost of Smith Waterman extensions based on the length 352
of their respective sequence, due to the use of static load balancing that is only able to distribute 353
different query sequences among threads. We addressed this issue in DIAMOND DeepClust by 354
implementing a fine granular task-based parallelism in which individual threads that are 355
processing expensive queries can make use of a work-stealing task scheduler to redistribute 356
extension tasks among the thread pool.357

Gapped alignment computation358

We produced a novel vectorized Smith Waterman implementation based on a modified SWIPE26359
approach that was originally developed for the first DIAMOND version27, but dropped out of its 360
code base soon after the initial release. While SWIPE vectorized the Smith Waterman algorithm 361
by computing alignments of the same query against multiple targets, we generalize this approach 362
to computing alignments of multiple independent query/target pairs. This is accomplished by using 363
score profiles for the queries that store alignment scores along the sequence for each of the amino 364
acid residues. For computing one column of the dynamic programming matrix, we maintain 365
pointers into these profiles for each SWIPE channel and apply an AVX2-optimized matrix366
transposition to interleave the query/target scores for each dynamic programming cell into the 367
same register, then compute the cell updates according to the standard SWIPE logic. Contrary to 368
the original SWIPE design, this approach permits the computation of banded and anchored369
alignments, which in turn also enable optimizations such as the cheap determination of alignment 370
start and end coordinates as well as X-drop termination. Compared to our implementation of the 371
original SWIPE algorithm, we have measured ~20% computational overhead for this approach 372
on the Intel Ice Lake architecture.373
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Ungapped alignment heuristics374

When clustering highly similar sequences at >90% identity, most ungapped segment pairs that375
make up their alignments can already be found during the seeding stage. We exploit this by 376
clustering sequences without full Smith Waterman extension if one of the ungapped alignments 377
emerging from the seed hits already satisfies the clustering criterion. Conversely, we exclude a 378
target from gapped extension if the sum of identities or sequence coverage of these ungapped 379
segment pairs fails a relaxed clustering criterion based on empirically derived thresholds. The first 380
heuristic for accepting alignments without full extension was also used for the clustering runs at381
50% sequence identity. Together, this ungapped alignment strategy allows to reduce the 382
computational burden when dealing with highly similar sequences without the loss of clustering 383
sensitivity.384

Memory optimization385

Next to speed, sensitivity and user-friendliness, feedback from DIAMOND users identified386
memory efficiency of the search procedure as one the main advantages compared to alternative 387
aligners. This memory optimization feature of DIAMOND allows users to perform large scale 388
searches on their laptops and scale their parallelization efforts seamlessly into an HPC or cloud 389
infrastructure through its distributed memory and parallelization library. Our aim for DIAMOND 390
DeepClust was therefore to continue this memory efficiency streak by designing a memory 391
efficient cascaded clustering to unlock the clustering of large input datasets on a laptop or 392
massively parallel virtual machines when aiming to scale distributed computing in the cloud. In393
detail, the double indexing approach with runtime-generated and partitioned indexes allows the 394
aligner to operate memory-efficiently without the need to store large index data structures on disk 395
or maintain them in memory. For clustering large datasets with limited memory, DIAMOND will396
automatically use an incremental procedure on a length-sorted and partitioned database as397
described under Experimental Study/Clustering, which effectively limits both the use of temporary 398
storage space and main memory to a user-defined maximum (command line option -M). For399
clustering on HPC systems, the design of the cascaded clustering algorithm as chained rounds 400
of all-vs-all alignments at increasing sensitivity also allows decomposition of this computation into 401
arbitrarily many work packages that can be processed independently on a distributed 402
infrastructure. This process can be automated using the multiprocessing feature introduced in 403
DIAMOND v28.404
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Cluster extension405

Sensitively clustering billions of sequences across the tree of life is a computationally heavy task. 406
However, this procedure has to be performed only once and the resulting cluster database can 407
be made publicly available (Data availability). To accommodate the future growth of sequenced 408
species within this decade, we designed a cluster extension workflow to allow users to add new 409
query sequences to existing clusters to extend the initial cluster database without the need of re-410
clustering all sequences together. In particular, new sequences can be searched against the 411
existing representative set using DIAMOND in iterative search mode (option --iterate). This mode 412
identifies all sequences that can be assigned to an existing cluster. The remaining unaligned 413
sequences can then be clustered independently, and the resulting representatives can be added 414
to the existing clustering.415

Benchmarks416

417

Supplementary fig. 1 | Benchmark of the clustering performance of DIAMOND DeepClust, MMseqs2 418
and CD-HIT using a broader variety of max-seqs parameters. To cover a broader range of parameter 419
settings, we benchmarked various alternative settings of the MMseqs2 max-seqs parameter against 420
DIAMOND DeepClust and CD-HIT. a, Run times for clustering the NCBI NR database on a 64-core server 421
are shown in hours b, An illustration of the cluster counts resulting from clustering the NCBI NR database 422
with the respective clustering criteria.423

Design424

Our clustering benchmark is based on the NCBI NR database downloaded in November 2022, 425
containing 513,991,389 sequences and 200,929,118,620 total residues. We hard-masked this 426
database using tantan28 with default settings and removed all sequences that were masked over 427
>10% of their range, resulting in a reduced database of 445,610,930 sequences. This choice is 428
motivated by the fact that stringent filtering of false positives is important for deep clustering, which 429
is normally handled by DIAMOND and MMseqs2 by applying soft-masking and composition-430
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based score correction. For the purpose of our benchmark, we did not want to rely on the tools’ 431
internal masking and score correction procedures however, as this would impair the comparability 432
of results. We therefore disabled these features for our benchmarking runs and instead relied on 433
the precomputed hard masking. Removing sequences that are masked over a substantial part of 434
their range is necessary for this design since otherwise they would remain as unclusterable 435
singletons throughout the computation due to the coverage criterion, needlessly inflating the 436
runtime. For each of the benchmarked tools, we report the wall clock time for clustering this 437
database and the resulting number of clusters. We conducted separate runs with a clustering438
criterion of 90% and 50% sequence identity, as well as no restriction of the sequence identity, 439
while setting a coverage cutoff of 80% of the co-clustered sequence for all runs. The deep440
clustering runs without restriction of the sequence identity were executed three times using the -441
-sensitive, --very-sensitive and --ultra-sensitive modes of DIAMOND, as well as the -s6.0 and -442
s7.5 sensitivity settings of MMseqs2, which we chose to roughly correspond to the first two443
DIAMOND modes8. The --max-seqs parameter of MMseqs2 needs to be manually set by the user, 444
so we decided to try a set of possible values whereby further increases were limited by the amount445
of disk space available on the benchmark system (Supplementary fig. 1). We selected the run 446
that was most comparable to the corresponding DIAMOND run based on the sensitivity error 447
metric (Supplementary fig. 2) for creating (Fig. 1). We limited the evaluation of CD-HIT to 448
clustering at 90% identity since deeper clusterings at lower sequence identity levels cannot be 449
computed with this tool in practical time. For DIAMOND and MMseqs2, we conducted additional 450
runs labeled as distance error correction, designed to correct errors where sequences do not451
satisfy the clustering criterion against their assigned representative. These runs correspond to the 452
recluster workflow in DIAMOND and the --cluster-reassign option of MMseqs2. For DIAMOND453
and MMseqs2, we conducted additional runs labeled as assignment error correction, designed to 454
reassign each non-representative sequence to the cluster of the closest representative (as455
measured by the e-value of the local alignment) that satisfies the clustering criterion. The actual456
computations of the reassignment runs were distributed on a compute cluster and the runtimes 457
converted to the equivalent of a single 64-core server. The benchmarks for clustering at 90%458
identity were run based on an older version of the NR database downloaded in September 2021459
containing 425,032,034 protein sequences and 155,806,124,097 total residues. The database 460
was not hardmasked and no sequences were excluded.461

Environment462

All runs were conducted on a pair of 64-core dedicated virtual cloud nodes with 1 TB RAM and a463
2 TB SSD on the HPC Cloud at the Max Planck Computing and Data Facility in Garching. The 464
hypervisors used were dual Intel IceLake-based (Xeon Platinum 8360Y @ 2.4 GHz) compute 465
nodes with a total of 72 cores, 2 TB of RAM and 10 TB SSD storage in RAID 6 configuration. The466
HPC Cloud is based on OpenStack and CEPH and offers standard cloud computing “building 467
blocks”, including virtual machines based on common Linux operating systems, software-defined 468
networks, routers, firewalls, and load balancers, as well as integrated block and S3-compatible 469
object storage services. Analogous infrastructures are currently employed by centralized 470
commercial cloud computing providers such as Google Cloud, Amazon Web Services, and471
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Microsoft Azure, thereby allowing native adoption of DIAMOND DeepClust on these systems as 472
well.473

474

Supplementary fig. 2 | Benchmark of the sensitivity errors with DIAMOND DeepClust and MMseqs2 475
using various clustering criteria. Shown is the fraction of cluster representative sequences that satisfy 476
the clustering criterion against another representative. Error rates below 0.05 indicate that most 477
representatives are unique in the clustered set and do not correspond to other representatives.478

479

Supplementary fig. 3 | Benchmark of distance errors when clustering with DIAMOND DeepClust and 480
MMseqs2 using various clustering criteria. Shown is the fraction of cluster member sequences that do 481
not satisfy the clustering criterion against any representative sequence.482

483

Supplementary fig. 4 | Benchmark of distance errors (relaxed) when clustering with DIAMOND 484
DeepClust and MMseqs2 using various clustering criteria. Shown is the fraction of cluster member485
sequences that do not satisfy a relaxed clustering criterion against any representative sequence, defined 486
as 60% coverage and a sequence identity threshold lowered by 10 percentage points.487
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488

Supplementary fig. 5 | Benchmark of distance errors when clustering with DIAMOND DeepClust and 489
MMseqs2 using various clustering criteria. Shown is the fraction of cluster member sequences that do 490
not satisfy the clustering criterion against their assigned representative sequence.491

492

Supplementary fig. 6 | Benchmarking of distance errors (relaxed) when clustering with DIAMOND 493
DeepClust and MMseqs2 using various clustering criteria. Shown is the fraction of cluster member 494
sequences that do not satisfy a relaxed clustering criterion against their assigned representative sequence, 495
defined as 60% coverage and a sequence identity threshold lowered by 10 percentage points.496

497

Supplementary fig. 7 | Benchmark of assignment errors when clustering with DIAMOND DeepClust 498
and MMseqs2 using various clustering criteria. Shown is the fraction of cluster member sequences that 499
are not assigned to the closest representative that satisfies the clustering criterion, defined by the e-value 500
of the local alignment. Smaller error rates indicate that most cluster members are indeed sufficiently 501
assigned to their closest representative and do not match other (closer) representatives better than the 502
assigned representative.503
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Clustering evaluation504

We show four different metrics to measure errors in the computed clusterings. First, we show the 505
fraction of representative sequences that fulfill the clustering criterion against another 506
representative and represent false clusters that could have been merged into one unifying cluster 507
but were missed due to limited alignment sensitivity (Supplementary fig. 2). Second, we show the 508
fraction of cluster member sequences that do not satisfy the clustering criterion against their 509
assigned representative, errors that are caused by the cascaded clustering algorithm (see 510
distance error correction)(Supplementary fig. 5-6). Third, as a relaxed version of the second 511
metric, we show the fraction of cluster member sequences that do not satisfy the clustering 512
criterion against any representative and therefore constitute information that is potentially lost in 513
the representative set (Supplementary fig. 3-4). Fourth, we report the fraction of cluster member 514
sequences that are not assigned to the closest representative that satisfies the clustering criterion, 515
as measured by the e-value of the local pairwise alignment (Supplementary fig. 7). The cascaded 516
clustering algorithm as well as the incremental algorithm used by CD-HIT may both produce such 517
suboptimal assignments by design, causing errors in the clustering that could be undesirable 518
depending on the application (see assignment error correction).519

520
We established the ground truth for these evaluations by computing a full Smith Waterman 521
alignment of the evaluated representative or cluster member sequences against all representative 522
sequences using DIAMOND in --swipe mode which guarantees perfect pairwise alignment 523
sensitivity. Due to the much larger representative set, we used DIAMOND in default mode for the 524
90% identity runs. On account of the expense of computing the exhaustive Smith Waterman 525
alignments, we evaluated these error metrics on random samples of 3,000 representative and 526
cluster member sequences respectively. We sampled 3,000 clusters for each run from the set of 527
clusters containing at least 5 sequences, and additionally sampled one member sequence out of 528
each of these clusters. Since this evaluation is based on comparing raw alignment output, we 529
added an option to DIAMOND to mimic the alignment score computations of MMseqs2 530
(Supplementary Information). We computed 95%-confidence intervals for the error metrics based 531
on the procedure of Clopper and Pearson29 (source data for Supplementary fig. 2-7).532
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533
Supplementary Fig. 8 | Eukaryotic protein clusters generated with DIAMOND DeepClust. Shown is534
the number of clusters resulting from clustering all 77.3 million protein sequences derived from up to 5,155 535
eukaryotic assemblies. The monotonically increasing graph illustrates that the eukaryotic sequence 536
diversity space is not fully saturated yet, suggesting that the efforts of the Earth BioGenome Project have 537
the potential to add a sufficient proportion of eukaryotic protein diversity to the existing protein universe. 538
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539
540

Supplementary Fig. 9 | Cluster representation for eukaryotic proteins from clusters generated with 541
DIAMOND DeepClust. Shown is the number of clusters against the fraction of the 77.3 million eukaryotic 542
proteins that are covered by the clustering. The vertical line illustrates that eukaryotic sequences cluster in 543
similar proportions between non-singletons (93%) vs singletons (7%) as the full protein universe (~19 billion 544
sequences; 94% non-singleton vs 6% singleton) which is currently dominated by protein sequences derived 545
from microbial samples.546

Projection for Earth BioGenome Era547

Clustering the protein universe of our earth’s biosphere allows us to quantify and understand the 548
complexities and degrees of divergence when aiming to apply the comparative method across 549
the tree of life and harness insights of relatedness for downstream analyses. To estimate the 550
future applicability of DIAMOND DeepClust, we projected the computational effort of running it on 551
a future dataset that would cover all protein sequences retrieved from the ~1.8 million eukaryotic 552
species expected to be sequenced by the Earth BioGenome Project. To this end, we downloaded 553
the protein sequences of 5,155 eukaryotic assemblies with annotated genes that were available 554
in GenBank as of July 2022 and randomly partitioned them into groups of 200 assemblies. We 555
clustered the protein sequences of the first group using DIAMOND DeepClust in very-sensitive 556
mode at a 75% coverage cutoff and no identity cutoff and kept adding the sequences of another 557
group to the clustering as described above under Cluster extension, until all assemblies were 558
added. We observed a linear growth of the cluster count in the number of species with no apparent 559
saturation (Supplementary fig. 8). Based on a number of 8,080,544 clusters for this dataset (when 560
clustered together in a single run), we could project a linear growth of the cluster count as an 561
upper bound estimate, resulting in 2.82 billion clusters for 1.8 million species. The clustering 562
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computation is dominated by all-vs-all alignment in the most sensitive clustering round and can 563
thus be assumed to scale roughly quadratically in the number of clusters. On the basis of this 564
projection assumption and a DIAMOND v2 runtime of 2.07h on a 72-core server for the given 565
computation, we project a computation time of at most 18.1 million CPU hours for processing the 566
full Earth BioGenome dataset with DIAMOND DeepClust. Such a computation is already feasible 567
on HPC systems hosted by the Max Planck Society today and illustrates that the scalability of 568
DIAMOND DeepClust will enable users to learn from the protein sequences of millions of species 569
once they are available. We note that the actual cluster count and run time will likely be lower due 570
to saturation effects. While the nature of prokaryotic versus eukaryotic gene expression and 571
regulation is fairly different, our clustering of all available eukaryotic proteins shows that after 572
clustering the ratio between singletons (66%) vs non-singletons (34%) is comparable to our 573
microbes dominated dataset of 19 billion sequences in that non-singleton clusters capture 93% 574
of all eukaryotic proteins (Supplementary Figure 9).575

576

Supplementary fig. 10 | Cluster representation for the experimental study. Shown is the number of 577
clusters generated with DIAMOND DeepClust against the fraction of the 19.4 billion input proteins that are 578
covered by the clustering. The vertical lines indicate the start of clusters of size two and one (from left to 579
right). The result illustrates that ~335 million representatives can capture 92% (~17.48 billion sequences) 580
of the protein universe that comprises 19 billion sequences.581
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Experimental study582

Recently, we introduced DIAMOND v2 to unlock the familiar functionality of a BLASTP search for 583
tree-of-life scale applications in the Earth BioGenome era. To mimic protein alignments at this 584
scale, we aligned ~280 million sequences from the NCBI NR database against ~39 million585
sequences of the UniRef50 database which resulted in ~32 billion pairwise alignments which 586
could be performed in less than 6h on a HPC system (compared to several months with BLASTP) 587
while matching the sensitivity of BLASTP8. While this speedup allowed us to introduce DIAMOND 588
v2 as biosphere-ready protein aligner, searching protein sequences against millions of species 589
and yielding trillions of pairwise alignments remains a computational challenge. Overcoming this 590
bottleneck requires extensive dimensionality reduction of protein sequence space into sequence 591
clusters to perform pairwise alignments only on the set of representative sequences rather than 592
all sequences.593

594
Using DIAMOND DeepClust, we performed an experimental study to showcase the power of 595
dimensionality reduction through sequence clustering when the Earth BioGenome project will 596
have successfully sequenced and assembled all ~1.8 million species. For this purpose, we597
collected ~22 billion protein sequences across all kingdoms of life (currently mostly comprising of 598
microbes) to match the order of magnitude and sequence diversity space of the estimated ~27 599
billion eukaryotic protein sequences planned to be generated as part of the Earth BioGenome 600
project (assuming ~1.8 million species times an average of ~15,000 genes per species). We note 601
that compared to our collection of ~22 billion sequences (~19.4 billion deduplicated sequences), 602
the Earth BioGenome set will include a much broader sequence diversity space derived from 603
eukaryotes (while our current dataset is enriched in proteins mostly derived from microbial 604
metagenomic samples).605
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Supplementary fig. 11 | Characterization of the 1.7 billion clusters generated by DIAMOND 627
DeepClust. Illustrated are sequence length and Shannon entropy for cluster representatives. The length 628
and Shannon entropy (sequence randomness) were computed for the representatives of clusters with at 629
least five members compared with the singletons. IQR outlier cutoff was determined based on the 630
distribution computed for clusters with at least five members, denoted as dashed lines. a. Sequence length 631
distribution of non-singleton versus singleton clusters, b. Shannon entropy distribution of non-singletons 632
versus singleton clusters. c. Sequence length distributions shown in a, now grouped by the public database 633
the respective sequence originated from. d. Shannon entropy distributions shown in b now grouped by the 634
public database the respective sequence originated from.635

636
As a result of clustering ~19 billion deduplicated sequences with 30% sequence identity and 90% 637
coverage thresholds across the tree of life, we determined ~1.70 billion clusters with 32% of 638
clusters yielding more than one element, 12% of clusters holding more than five elements, and 639
68% of clusters with only one element (singletons)(Supplementary fig. 10). This striking result 640
shows that while 68% of clusters contain unique sequences, these ~1.16 billion singletons 641
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represent only 6% of the 19 billion sequences defining our current protein universe which begs 642
the question whether these distinct proteins are derived from novel orphan genes or whether they 643
represent assembly and annotation artifacts. To inform ongoing mega-assembly consortia about 644
the proportion of novelty versus assembly artifact we compare the sequence and protein 645
properties of singletons vs non-singletons. First, we filtered out obvious artifacts and poorly 646
annotated sequences by running the repeat masking software tantan28 with default settings on a 647
random sample of 1,000,000 singletons vs non-singletons to evaluate the proportion of low-648
complexity sequences among putatively novel proteins. Interestingly only 10.5% of proteins were 649
masked over >25% of their range by tantan compared to 9.41% for non-singletons. Next, we 650
compare the length distributions of sequences derived from singleton clusters vs non-singleton 651
clusters, since a well-studied feature of novel proteins is their short average length compared to 652
evolutionarily conserved proteins30. As a result, we find that singletons are indeed significantly 653
shorter than non-singleton protein sequences with singletons having a median length of 62 amino 654
acids and non-singletons 174 amino acids (Supplementary fig. 11). In addition to sequence 655
length, the entropy in the protein sequence is also known to vary between novel and evolutionarily 656
established proteins30. Therefore, we calculated the Shannon entropy for all singletons vs non-657
singletons and observed that singletons indeed show significantly higher entropy values than non-658
singletons, thereby illustrating the uneven nature of these unique novel proteins (orphan 659
polypeptides) (Supplementary fig. 11). Furthermore, we aligned random samples of 1,000,000 660
singletons vs 1,000,000 non-singletons (from clusters containing ≥5 members) against the ECOD 661
database20 using DIAMOND in ultra-sensitive mode and found that 11,601 sequences (~1.16%) 662
generated alignments with e-value < 0.001, while 180,421 non-singleton sequences (~18%) 663
generated alignments with the same alignment settings. This fact further establishes that the 664
~1.16 billion singletons we report in this study require further attention to assess their biological 665
relevance. Since these singletons show signatures previously assigned to novel orphan proteins 666
they encourage further studies. For example, the clustering run used in creating the AlphaFold2 667
Big Fantastic Database used only 18% of all clusters and constrained the cluster size to at least 668
three elements, while removing 82% of singleton clusters. If, however, further research would 669
reveal that they are the product of poor mega-assembly efforts, our current representation of the 670
protein universe would turn out to be heavily biased by assembly quality, particularly when derived 671
from metagenomic assemblies. Together, our experimental study reveals an unprecedented 672
quantification of the protein universe and will enable future efforts to test whether more high quality 673
genome assemblies based on long-read technologies will yield smaller numbers of singleton 674
clusters when joining the tree of life or whether this unique diversity is an intrinsic feature of life 675
itself.676

677
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678
Supplementary fig. 12 | DIAMOND protein search of DIAMOND DeepClust generated 679
representative sequences against public databases. Shown is the sequence identity 680
distribution when aligning a randomly drawn sample of one million representative sequences from 681
clusters of size ≥5 from our experimental study against the combined BFD+MGnify databases.682

683
To quantify the relatedness of our clusters to existing protein databases, we sampled one million 684
representative sequences from the clusters containing five or more sequences and aligned them 685
against the combined MGnify21 and BFD6 databases using DIAMOND in ultra-sensitive mode. We 686
selected the best hit for each query and show the quantity of identities in the alignment divided687
by the length of the query as a histogram (Supplementary fig. 12) (queries with no hit are assigned 688
zero identities). These results hint toward the possibility that the known protein sequence diversity 689
space of microbes is already fairly saturated today. For the same representative sample, we 690
computed ProtT516 embeddings (using the ProtT5-XL-UniRef50 model) for all sequences of691
length below 1024 and used mean-pooling of these embeddings as the basis for computing a 692
UMAP31 projection (Fig. 2). We labeled sequences according to whether (a) they could be 693
annotated over ≥60% of their range against the combined SCOP19+ECOD20+CATH17 databases 694
using DIAMOND in ultra-sensitive mode, (b) they could be annotated over ≥60% of their range 695
against the Pfam-A database18 using HMMER32 at an e-value threshold of 0.001, (c) an alignment 696
against UniProt was found using DIAMOND ultra-sensitive that satisfied an e-value threshold of 697
0.001, a query coverage threshold of 90% and a sequence identity threshold of 30%, 698
corresponding to the clustering criteria of our clustering and the BFD, (d) an alignment against 699
BFD+MGnify was found satisfying the same criterion, (e) none of the above. If multiple conditions 700
were true, we chose the label according to the order in the previous sentence.701

702

Data retrieval of the protein biosphere703

A total of 22,788,215,153 publically accessible protein sequences were retrieved from JGI IMG33, 704

SRC and MERC34, MGnify21, Metaclust15, NCBI NR35, AGNOSTOS36, MetaEuk37, SMAGs38, TOPAZ39, 705
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GPD40, NovelFams41and MGV12 databases during March-April 2022 (additional details are 706

provided in supplementary table 1).707

Data pre-processing and filtering708

We first sorted each downloaded FASTA file individually in memory by the length of the sequence 709
in descending order, followed by a global disk-based merge sort on all files using GNU sort,710
resulting in a combined file of 22,788,215,153 protein sequences. Next, we computed hashes for 711
all sequences which resulted in a deduplicated set of 19,387,935,704 unique sequences.712

Clustering713

We clustered the combined input file using a cascaded clustering approach in four rounds at714
increasing sensitivity employing the DIAMOND modes --faster, --fast, default and --sensitive, also715
using the option to linearize the comparison in the first round as described in the cascaded716
clustering section. The clustering criterion was 90% coverage of the cluster member sequence 717
and 30% approximate sequence identity, corresponding to the parameters used to generate the 718
Alphafold2 BFD6. To limit the use of resources and create checkpoints that could be reverted to719
in case of an error, we conducted the clustering rounds as an incremental procedure as follows. 720
First, we split the input sequence file into chunks that we processed in sequential steps. Each 721
chunk was first aligned against the current working set of representatives that resulted from the 722
previous steps. Sequences that align against a representative were assigned to its respective 723
cluster. Next, we subjected the remaining sequences that failed to map against an existing724
representative to all-vs-all alignment at the current round’s sensitivity level and determined new725
representatives using the greedy vertex cover algorithm, which were then added to the working 726
set. The clustering computation of the unclustered input sequences ran for 6.38 days on a single 727
high-memory 72-core node for the first round, 36.8 hours on 16 nodes for the second round, 20.1 728
hours on 16 nodes for the third round, and 9.63 days on up to 27 nodes for the fourth round. In 729
total, the computation consumed ~255,000 CPU hours. The resulting output of DIAMOND 730
DeepClust generated 1,697,446,279 clusters, where 68% of clusters denote singletons and 20% 731
of clusters had three or more members.732

733

Code availability734

DIAMOND DeepClust is available as Open Source Software under the GPL3 license from 735

https://github.com/bbuchfink/diamond.736
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Data availability737

We will make the Experimental Study dataset freely available upon journal publication. All source 738

datasets that were used are publicly available.739

740



Run Id% Time (h) Cluster count 

90% identity    

CD-HIT 90 586 181447250 

MMseqs2 Linclust 90 7.13 189333075 

MMseqs2 max-seqs=20 90 19.4 179657638 

Diamond Linclust 90 0.93 187409369 

Diamond 90 6.72 171579375 

50% identity    

MMseqs2 max-seqs=100 50 14.6 44646306 

Diamond 50 7.99 44592448 

20% identity    

MMseqs2 s=6.0 max-seqs=1000 20 40.3 22328947 

MMseqs2 s=6.0 max-seqs=300 + distance EC 20 281 31811284 

MMseqs2 s=7.5 max-seqs=1000 20 96.6 22058400 

MMseqs2 s=7.5 max-seqs=1000 + assignment EC 20 1776 22058400 

Diamond sensitive 20 3.57 22499618 

Diamond sensitive + distance EC 20 9.23 25664139 

Diamond very-sensitive 20 7.65 22166526 

Diamond ultra-sensitive 20 28.3 21955199 

Diamond very-sensitive + assignment EC 20 368 22166526 

 

Source data for figure 8 of the thesis/figure 1 from “Sensitive clustering of protein sequences at 

tree-of-life scale using DIAMOND DeepClust” (2023). Run time and cluster counts for clustering runs 

at 90%, 50%, and 20% sequence identity cutoffs. Distance EC refers to an additional round of error 

correction to fix cases where sequences do not satisfy the clustering criterion against their assigned 

representative. Assignment EC refers to error correction that assigns each sequence to its closest 

representative. 

  



Run Id% Representatives 
with other 
representatives 
in distance 

Not within 
distance to 
any 
representative 

Not within 
distance to 
assigned 
representative 

Not assigned 
to closest 
representative 

90% identity      

CD-HIT 90 0.091 0.001 0.006 0.112 

MMseqs2 Linclust 90 0.149 0.007 0.013 0.102 

MMseqs2 max-seqs=20 90 0.019 0.012 0.022 0.084 

Diamond Linclust 90 0.121 0.014 0.020 0.065 

Diamond 90 0.015 0.023 0.033 0.039 

50% identity      

MMseqs2 max-seqs=100 50 0.025 0.018 0.063 0.159 

Diamond 50 0.033 0.027 0.05 0.094 

20% identity      

MMseqs2 s=6.0 max-
seqs=1000 

20 0.136 0.041 0.158 0.307 

MMseqs2 s=6.0 max-
seqs=300 + distance EC 

20 0.404 0 0.002 0.384 

MMseqs2 s=7.5 max-
seqs=1000 

20 0.087 0.047 0.151 0.311 

MMseqs2 s=7.5 max-
seqs=1000 + assignment EC 

20 0.097 0.048 0.049 0.015 

Diamond sensitive 20 0.097 0.042 0.132 0.236 

Diamond sensitive + 
distance EC 

20 0.173 0.001 0.002 0.289 

Diamond very-sensitive 20 0.059 0.041 0.124 0.227 

Diamond ultra-sensitive 20 0.024 0.046 0.133 0.235 

Diamond very-sensitive + 
assignment EC 

20 0.072 0.044 0.050 0.033 

 

Source data for supplementary figures 2, 3, 5, 7 from “Sensitive clustering of protein sequences at 

tree-of-life scale using DIAMOND DeepClust” (2023). 

Error metrics for clustering runs at 90%, 50% and 20% sequence identity cutoffs. Source data for 
supplementary fig. 2 (fraction of cluster representative sequences that satisfy the clustering criterion 

against another representative/sensitivity errors), supplementary fig. 3 (fraction of cluster member 
sequences that do not satisfy the clustering criterion against any representative sequence), 
supplementary fig. 5 (fraction of cluster member sequences that do not satisfy the clustering criterion 
against their assigned representative sequence), and supplementary fig. 7 (fraction of cluster 
member sequences that are not assigned to the closest representative that satisfies the clustering 
criterion, defined by the e-value of the local alignment). Additional MMseqs2 runs with different max-
seqs parameters not used for comparison due to inferior error metrics are omitted for readability. The 
full source data including confidence intervals is included in the online version of the paper 
(https://www.biorxiv.org/content/biorxiv/early/2023/02/07/2023.01.24.525373/DC2/embed/media-
2.xlsx?download=true). 

https://www.biorxiv.org/content/biorxiv/early/2023/02/07/2023.01.24.525373/DC2/embed/media-2.xlsx?download=true
https://www.biorxiv.org/content/biorxiv/early/2023/02/07/2023.01.24.525373/DC2/embed/media-2.xlsx?download=true
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