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1 Introduction

1.1 Significance of species identification in food safety and

quality control

Species identification plays a crucial role in safeguarding food quality and safety. As
global food supply chains become increasingly complex, the risks associated with food
fraud and mislabelling have escalated, posing significant threats to public health and
economic integrity. The topic has gained increasing public interest due to scandals
such as the "horse meat scandal” in Europe in 2013, where food products labelled as
beef contained up to 100 % horse meat (European Parliament & Council, 2013a;
O’Mahony, 2013). A recent report by the European commission observed that nearly
half of the honey samples (46 %) were not complying with the provisions, e.g. by
addition of syrups (European Parliament & Council, 2023). These findings were
supported by an analysis commissioned by Deutsche Berufs- und Erwerbsimkerbund
und der Europdische Berufsimkerbund, which revealed that more than 80 % of honey
samples taken from German supermarkets were fraudulent (Koch, 2024). In addition to
substitutions during the preparation of food products, contamination also plays an
important role, highlighted by the outbreak of enterohaemorrhagic Escherichia coli in
Germany in 2011 (Burger, 2012) and the outbreak of Listeria monocytogenes in Germany
in 2018 (Robert Koch Institute, 2019). According to a report of the European Parliament,
recent food fraud and contamination cases have damaged consumer trust in the agro-

food sector as a whole (European Parliament & Council, 2013b).



Table 1: Overview of selected European food adulteration and species substitution over the last 15 years, classified by product category, year, declaration, analytical findings, and
substitution pattern.

Product Year Declaration Detection Type of substitution Reference
category
processed 5013 cattle (Bos taurus) horse (Equus caballus) undeclared add|t|.on or replacement of | European Parliament & Council,
meat horse meat in beef products 2013a
species substitution with lower quality
processed . . cod in 10.5 % of tested products;
fish 2014 Atlantic cod (Gadus morhua) pacific cod (Gadus macrocephalus) additional substitutions detected in Helyar et al.,, 2014
lower frequency
dusky grouper
(Mycteroperca marginatus), .
. . hake (Merluccius spp.),
butterfish (Pholis gunnellus), . N .
rocessed 2015 ike-perch (Sander lucioperca) cod (Gadus spp.), species substitution of mostly high-
P . - P P P ' haddock value fish with cheaper species; 26 % of Pardo et al.,, 2018
fish sole (Solea soleaq), . .
2016 . (Melanogrammus aeglefinus), total samples mislabelled
bluefin (Thunnus thynnus), : s .
. swordfish (Xiphias gladius)
yellowfin tuna
(Thunnus albacares)
pacific cod (Gadus macrocephalus), undeclared species substitution in
fish fillet 2020 Atlantic cod (Gadus morhua) haddock 25 % of samples in France; German and Feldmann et al., 2021
(Melanogrammus aeglefinus) Durch samples labelled correctly
. olive leaves (Olea europaea), partial substitution: 1) shredded olive
oregano (Origanum vulgare L.), . .
herbs & . . ’ peanut (Arachis hypogaeaq), leaves instead of oregano, 2) nut shells
. 2021 cumin (Cuminum cyminum), . . . Maquet et al., 2021
spices epper (Piper nigrum) almond (Prunus dulcis), instead of cumin, 3) papaya seeds
Pepp pernyg papaya (Carica papaya) instead of pepper
addition of sugar syrups for dilution of | European Parliament & Council,
honey 2023 honey sugar syrup honey 5023
[N




Mislabelling of food products can lead to the consumption of allergens, toxins, or
species that are otherwise unsuitable or illegal to consume (Figure 1). Ethical (e.g. halal,
kosher) and lifestyle aspects (e.g. vegetarian, vegan, gluten-free) of nutrition must also
be taken into account. In Germany, more than 100,000 people reportedly fall ill every
year from foodborne infections, with the number of unreported cases being much
higher (German Federal Institute for Risk Assessment, 2023). Food retailers and food
control authorities must be able to verify the identity and quality of the goods supplied.
In the interests of consumer protection and to prevent unfair competition, it is
therefore necessary to have standardized methods available for the unambiguous

identification of biological species.
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Figure 1: Commonly substituted fish species and influence on consumers (adapted from Cermakova et
al., 2023)

As a response to the increasing phenomenon of adulterated and substandard food
products, Interpol and Europol initiated the "Operation Opson” in 2011. A key aim of
these operations is the identification of organized criminal networks behind illicit trade
of counterfeit food (Europol, 2014). The “Opson” operations are carried out annually
and are assisted by the food control authorities of several countries worldwide.

"Operation Opson V" focused on the trade of Asian fish and the risk of species



substitution. More than 300 tons of meat and meat products, as well as over 900 tons
of seafood, fish and fish products have been seized during this operation (Interpol,
2016). With a per capita consumption of 14.1 kg in 2020, fish, crustaceans, and molluscs,
as well as products made from them, are popular foods in Germany. 89 % of the fishery
products consumed in Germany are imported, and due to widely ramified trade routes
and the great diversity of the products, they are particularly susceptible to possible
fraud (Federal Office of Consumer Protection and Food Safety, 2022). Again, reliable
species identification is thus necessary, especially for seafood species, due to the high

commercial interest of this organismal group.

1.2 Methods for species identification in food products

Foodomics is an integrative discipline that applies molecular and computational tools
to study food composition to enhance food authenticity, safety and health (Balkir et
al., 2021). Within this framework, DNA-based methods have become a central pillar
enabling precise species identification, traceability, and detection of adulteration in
complex food matrices (Griffiths et al., 2014). As the proportion of processed and ultra-
processed foods is increasing, morphological examination is becoming less reliable and
is replaced by molecular approaches (Bohme et al, 2019; Cermakova et al., 2023;
Danezis et al., 2016; lammarino et al., 2017). Thus, all analytical methods recommended
for animal species authentication in the official collection of examination procedures
are either protein- or DNA-based (Bundesamt fiir Verbraucherschutz und

Lebensmittelsicherheit, 2014).

DNA-based methods offer several advantages over protein-based methods: Firstly,
these methods are independent of sample origin and developmental stage. While
proteins are often only found in certain tissues or at a certain point in developmental

time (Afzaal et al., 2022), DNA is universally present in all species, all tissues, and at all



stages (Filipa-Silva et al., 2024; Piskata et al, 2019). Secondly, DNA offers more
information, facilitating insights about populations of origin, especially when looking
at whole-genome information (Higgins et al., 2021; C. Zhao et al.,, 2023) Thirdly, DNA is
more suitable for processed samples due to the higher thermostability of DNA in
contrast to proteins (Prado et al.,, 2016; Senyuva et al., 2019; Teletchea et al., 2005).
Fourthly, DNA offers another layer of information in the form of epigenetic DNA-
modifications: For example, tissue-specific methylation profiles allow the
differentiation of tissue types in salmon including brain, eye, liver, and muscle, as well

as in veal, including heart, kidney, liver, and muscle (Rodriguez Lépez et al., 2012).

1.2.1 Polymerase chain reaction-based methods

Polymerase chain reaction (PCR) is a fundamental technique for the amplification of
DNA sequences, and it is central to genetic analysis and species identification. The
technique uses a DNA polymerase to synthesize a complementary DNA strand from a
template, using primers (short synthetic oligonucleotides) that flank a target region.
Through repeated cycles of denaturation (melting the DNA double helix), annealing
(binding of primers), and extension (synthesis of the new, complementary DNA strand),
PCR exponentially increases the number of copies of the targeted DNA segment

(Figure 2).

In food analysis, PCR is widely employed for species identification, as it allows for the
selective amplification of species-specific markers, allowing even trace amounts of
template DNA to yield detectable quantities sufficient for detection (Fanelli et al., 2021).
As a targeted approach, PCR relies on the prior knowledges of DNA-sequences which
will serve as the primer binding sites, which define the specificity and scope of
amplification: Species-specific PCR assays are designed to detect DNA sequences
unique to a single species. Primers in these assays target diagnostic nucleotide motifs
that are absent in non-target species, producing a binary result: the presence of an
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amplicon indicates the presence of the target species, while its absence suggests that
the species is not present in the sample. Such assays are useful in authenticity testing
where the goal is to confirm or exclude the presence of a declared ingredient, e.g.,
detection of pork DNA in kosher or halal products or identification of specific fish

species in seafood mixtures (Muflihah et al., 2023; Ulca et al., 2013).
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Figure 2: Principles of PCR. Each cycle consists of three steps: (1) thermal denaturation of double-
stranded DNA, (2) primer annealing to complementary target sites, and (3) primer extension by a
thermostable DNA polymerase. Typical reactions run for 20-40 cycles, where each cycle doubles the
number of target molecules (adapted from Quan et al., 2018).

In contrast, broad-range or generic PCR assays target conserved genomic regions
shared across larger taxonomic groups, enabling simultaneous screening of multiple
species. These primers amplify DNA from a wide range of organisms within a kingdom
or phylum, allowing for subsequent differentiation of species through secondary
analyses. A commonly used PCR target for animal species identification is the
Cytochrome C Oxidase | (COl) gene, located on the mitochondrial genome (MtDNA;

Figure 3A). Other potential targets are mitochondrially encoded ribosomal RNA genes



(rRNA), such as 125 and 165, or Cytochrome b (CYTB) (Fernandes et al., 2021; Heller et
al., 2018). Genes located on the chloroplast genome (ctDNA), such as Ribulose-1,5-
Bisphosphate Carboxylase/Oxygenase (RuBisCO) large subunit (rbcl), Maturase K
(matK; Figure 3B), and Leucine-tRNA (trnL) are commonly used for the identification of
plant species (Mallott et al., 2018). These extranuclear target genes all share common
properties, such as the lack of introns (M. L. Blaxter, 2004; Hebert, Ratnasingham, et al.,
2003), and are highly effective for species-level identification due to their interspecific
variability and intraspecific conservation (Hajibabaei et al., 2007). Moreover, cells
typically contain several hundred to thousand copies of mt- or ct-genomes compared
to only two copies of nuclear genomes in diploid organisms, with high variance
between tissues (Masuyama et al., 2005; Miller et al., 2003), gender (Guevara et al., 2011)
,age (Masuyama et al., 2005; Miller et al., 2003) and diet (X. Zhang et al., 2020). In
animals, elevated mitochondrial mutation rates relative to nuclear DNA (nDNA)
accelerate the accumulation of interspecific differences, enabling discrimination even
among related species (Allio et al., 2017). Although chloroplast genomes usually evolve
more slowly than nDNA, selected plastic loci still provide sufficient interspecific
divergence for species identification (Kim et al., 2024; D. R. Smith, 2015). 765 rRNA genes
are widely used for the identification of prokaryotes, whereas the 785 rRNA gene is
mostly used for detecting microbial eukaryotes (Parada et al., 2016; Walters et al., 2016).
For fungi, the internal transcribed spacer (ITS) region is commonly used as the primary
DNA barcode marker for taxonomic identification and community profiling (Figure 2C;

Schoch et al., 2012).

After the initial PCR, the next step is to further analyse the amplification product in
order to identify species present in the sample. Restriction fragment length
polymorphism (RFLP) digests the PCR amplicon with restriction endonucleases and
resolves the resulting fragments by gel electrophoresis. This approach can differentiate
species based on variations in restriction sites and is useful for identifying genetically

similar species, when diagnostic restriction-site polymorphisms are present (Haider et



al, 2012; Yao et al, 2020). However, it is typically most reliable for single-species
amplicons, requires prior knowledge of the DNA sequence to select appropriate
restriction enzymes, and can be less effective if the genetic diversity is low (Islam et al.,

2021).
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Figure 3: Typical DNA barcoding target regions across major organism groups. A The standard DNA
barcode marker for animals is a fragment of the CO/ gene located on the mitochondrial genome. B The
rbcL and matK genes on the chloroplast genome are commonly used in two-tier DNA barcoding
approaches for plants. C The nuclear ITS region is the standard marker for most fungi (adapted from
Centre for Biodiversity Genomics, 2021).



1.2.2 Quantitative PCR

Quantification is required in food control because regulators and operators must
distinguish trace-level, technically unavoidable contamination from economically
motivated adulteration, verify declared proportions in multi-ingredient products (e.g.
60 % cod, 40 % haddock), and check against legal thresholds for allergens, protected
species, or genetically modified organisms. Qualitative detection alone cannot tell
whether a contaminant correspond to dust from a previous production batch or to a
relevant replacement of one raw material e.g. by a cheaper one. Decisions on recall,
relabelling, or fines therefore need at least semi-quantitative evidence of how much of

each species is present.

Quantitative PCR (qPCR), also known as real-time PCR, is able to quantify DNA amounts
by detecting fluorescence emitted during each amplification cycle. This fluorescence
can originate either from intercalating dyes binding to any double-stranded DNA, such
as SYBR Green, or from sequence-specific probes, e.g. TagMan (Heid et al., 1996;
Higuchi et al.,, 1993). In species identification assays, qPCR uses species-specific probes
labelled with a fluorophore (reporter dye) and a quencher. When the target DNA is
present, the probe hybridizes specifically to the target strand. During the extension
phase, the DNA polymerase cleaves the bound probe, separating the reporter dye from
the quencher. This spatial distance allows the reporter dye to emit fluorescence, which
increases proportionally with the amount of target DNA in the sample (Kubista et al.,
2006). In addition to qualitative species detection, qPCR simultaneously adds
quantitative data on the relative abundance of each species within a sample, thereby
offering a powerful and reliable tool for routine applications in food authenticity testing

and regulatory control (Singh et al., 2024).

Droplet digital PCR (ddPCR) further enhances the precision of DNA quantification by
partitioning the PCR reaction mixture into thousands of water-in-oil emulsion droplets.

These droplets create separate reaction chambers with the aim of obtaining only a



single DNA molecule per droplet and performing subsequent PCR independently in
each droplet (Quan et al., 2018). This approach enables absolute quantification, as each
reaction compartment is measured independently, and the number of positive
reactions correlates directly with the original amount of template molecules in the
sample without the need for calibration standards (Hou et al., 2023; Sidstedt et al.,
2020). ddPCR is more tolerant to inhibitors than qPCR and offers high precision at low
copy numbers (Quan et al., 2018). The method’s analytical power was demonstrated in
a recent study detecting seafood adulteration between closely related salmonid
species: Atlantic salmon (Salmo salar) is often replaced by the cheaper rainbow trout
(Oncorhynchus mykiss), which is difficult to discriminate in processed food samples. A
duplex ddPCR assay targeting the single-copy nuclear myoglobin gene with species-
specific probes enabled absolute quantification of Salmo salar and Oncorhynchus
mykiss DNA, which was directly converted into corresponding meat mass fractions.
Validation on gravimetrically defined mixtures showed high accuracy and
reproducibility unaffected by processing treatments such as cooking, freezing, or
additive inclusion. When applied to commercial “salmon” products, the method
revealed mislabelling with up to 100 % substitution by rainbow trout, underscoring the

robustness of ddPCR for quantitative food authentication (X. Y. Ma et al., 2023).

The most commonly used technique for identifying the species origin of a PCR
amplicon is DNA sequencing of the amplified DNA, a method, which has become

known as DNA barcoding (see below).

1.2.3 DNA barcoding

DNA barcoding was termed after the barcodes present on all products in supermarkets,
whose pattern of black and white bars characterizes each product unambiguously. The

same idea holds true for DNA barcodes, where the pattern of the four nucleotides as

10



components of the DNA can be assigned to the sequence of a specific species

unambiguously (Hebert, Cywinska, et al., 2003; Hebert, Ratnasingham, et al., 2003).

The initial step of DNA barcoding involves PCR, which is mostly targeted at a gene of
broad phylogenetic representation like genes present in mtDNA molecules. Then, DNA
sequencing of the amplificate is performed, with the resulting sequence representing
the barcode of the species (Figure 4). Sequencing was traditionally performed by the
Sanger method, but Next-Generation Sequencing (NGS) methods have become

increasingly common (Batovska et al., 2017; Tigrero-Vaca et al.,, 2025).

PCR on
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sample DNA (e.g. COI) |
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Figure 4: DNA barcoding workflow for species identification. Genomic DNA is extracted from a food
sample and a standardized barcode locus (e.g., mitochondrial COI) is amplified by PCR and sequenced
using Sanger technology. The resulting chromatogram is quality-checked and converted into a
consensus sequence, which is queried against a curated reference database (e.g., BOLD Systems) to
assign taxonomy based on sequence similarity. In routine food testing, this approach is most informative
for products that are largely single-species or dominated by one biological component, for which a
single, unambiguous consensus sequence can be obtained.

Following DNA sequencing, the derived sequence information is compared in a
bioinformatic analysis to databases like the Barcode of Life Data System (BOLD) or
National Center for Biotechnology Information (NCBI) GenBank (Ratnasingham &
Hebert, 2007; Sayers et al., 2022). These databases contain millions of DNA barcodes
from different target genes for reference specimen, enabling an alignment of the newly
derived DNA barcode sequence with the knowledge within those databases. Matches

of defined quality within those databases indicate the presence of a given species in
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the sample (Ratnasingham et al., 2024). It is important to note that this barcoding
procedure is only successful with pure food material derived from a single species,
because Sanger DNA sequencing cannot cope with material of mixed species origin

(Dawan & Ahn, 2022).

1.2.4 DNA metabarcoding

Metabarcoding extends the single-specimen barcoding to mixed samples by
modifying the steps that accommodate multiple templates in parallel. The amplification
of a taxonomically informative locus or multiple loci from a sample is performed using
primers that are sufficiently universal to co-amplify many species at once, while at the
same time adding sample-specific nucleotide index tags (Ruppert et al., 2019; Taberlet
et al.,, 2012). Short mini-barcode targets increase amplification success in matrices with
degraded DNA while preserving usable taxonomic signal, which is why COI amplicons
of about 100 to 300 bp are widely used in food authentication and biodiversity studies
(Andronache et al., 2025; Dobrovolny et al., 2022; Preckel et al., 2021). The indexed
amplicons from multiple samples are then pooled into a single sequencing library and
sequenced with NGS, capable of producing tens to hundreds of thousands of reads per
amplicon. This way, every specimen’s barcode is measured as a separate read rather
than as a single trace chromatograms as in traditional barcoding by Sanger sequencing
(Figure 5; Taberlet et al, 2012). During the subsequent computational taxonomic
assignment, sequence reads are compared against reference databases, allowing
identification of numerous species even from highly complex or processed matrices
(Giusti et al, 2024; Staats et al., 2016). When applied to routine food surveillance,
metabarcoding exhibits clear strengths that address long-standing bottlenecks: First, it
enables high-throughput screening of large sample sets in a single sequencing run,
since all taxa covered by the primer set are detected simultaneously, whereas classical

barcoding require separate assays for each suspected ingredient or matrix (Lanubile et
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al., 2024). Second, by combining markers with complementary taxonomic breadth, such
as 16S rRNA, COlI, and plant ITS2, the method yields multi-kingdom species profiles
within one standardized pipeline, avoiding the need for multiple workflows (Giusti et
al., 2024; Mottola, Piredda, et al., 2024). Third, the use of short amplicons of about 150
— 250 bp preserves detection capacity in highly processed or heat-treated foods in

which DNA is degraded and conventional barcoding underperforms (Gorini et al.,

2023).
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Figure 5: Overview of the metabarcoding analysis workflow. The workflow begins with PCR-based
amplification of a selected marker locus (e.g., COI), followed by high-throughput sequencing to generate
a set of amplicon reads. Raw reads are subsequently processed by quality filtering and either clustering
to infer operational taxonomic units (OTUs) or denoising to infer amplicon sequence variants (ASVs),
yielding discrete sequence features representing species entities. Subsequent to clustering or denoising,
bioinformatics tools are employed to process the raw data into a feature table, summarizing the
abundances of ASVs (or OTUs) across samples. Finally, taxonomic annotation is performed by comparing
OTU/ASV sequences against curated reference databases (e.g. BOLD), enabling classification of OTUs or
ASVs. *Amplicon Sequence Variants (ASVs): biological sequences in the sample prior to the introduction
of amplification and sequencing errors. **Operational Taxonomic Units (OTUs): clusters of reads that
differ by less than a fixed sequence dissimilarity thresold, most commonly 3 % (adapted from Esser et
al., 2024).
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In a recent survey of 62 processed seafood products from retailers in Italy, the United
Kingdom, and Albania, DNA metabarcoding with COI and 12S rRNA was used to
compare label claims with genetic identifications (Lorusso, Shum, et al, 2024).
Amplification succeeded for all but one sample. The authors found 24 of 61 (39 %)
samples were mislabelled, typically because undeclared species were present in
addition, indicating that a substantial fraction of processed seafood circulating in
European retail channels does not correctly represent its true biological composition.
Although the authors argue that metabarcoding is ready for routine food control
(Lorusso et al.,, 2024), several gadoids could not be resolved to species level with one
marker alone, underscoring the need to combine loci for confident identifications.
Moreover, relative read abundances for some taxa differed markedly between COI and
12S, revealing marker-dependent biases that limit quantitative interpretation. These
observations highlight a broader regulatory constraint: detection alone is insufficient if

decisions hinge on amounts.

1.2.5 Potential problems associated with targeted, PCR-based

identification methods

While PCR techniques are powerful tools for species identification, they come with

several potential limitations and pitfalls:

|.  Barcoding efficiently identifies taxa in environmental or food-derived
metagenomic samples, but often requires multiple assays to cover different
domains of life. Because metabarcoding is marker-targeted and PCR-based,
outcomes depend on locus selection and primer binding efficiency, and a single
primer set can miss entire clades even with deep sequencing (Alberdi et al., 2018;
Elbrecht et al., 2019; Ferreira et al., 2024). In processed food applications, this

dependence on intact target loci is further aggravated by DNA fragmentation:
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amplification of full-length barcode sequences from moderately or highly
processed samples is often unsuccessful and can lead to PCR failure and false-
negative results (Shokralla et al., 2015). For complex matrices, complementary
loci need to be combined, for example 12S rRNA for animals and the chloroplast
trnL gene for plants, to expand taxonomic coverage while accepting marker-
specific bias (Mottola, Intermite, et al., 2024).

PCR is an extremely sensitive technique that can amplify even minute amounts
of DNA. This sensitivity makes it vulnerable to contamination by extraneous
DNA, which can be introduced during sample collection, preparation, or the PCR
process itself. In a case study, traces of sheep (Ovis aries) and pork (Sus scrofa)
were detected in minced pure beef samples, likely due to carryover from
inadequate Good Manufacturing Practices and/or insufficient cleaning of shared
equipment, like knives, workbenches, meat grinders (Mottola, Intermite, et al,
2024). Such contamination can lead to false-positives by amplifying DNA not
intrinsic to the sample, leading to incorrect results and erroneous conclusions.
Species quantification by metabarcoding is constrained primarily by primer
targeting and amplification efficiencies across taxa: One of the main
shortcomings of metabarcoding is targeting only DNA from species for which
the primers bind efficiently, and binding efficiency varies across taxa (Giusti et
al., 2024; Macher et al., 2023). In a study identifying mammalian and poultry
species in food samples for example, fallow deer (Dama dama) was not detected
because a commonly used 16S primer for mammalian identification shows two
mismatches to the deer sequence (Preckel et al, 2021). In a similar study
analysing fish samples with 16S and COlI, only four taxa were shared between
two markers, while five and seven taxa could only be detected exclusively by
one marker (Mottola, Piredda, et al, 2024). Additionally, quantification of
components by barcode sequencing has proven problematic due to taxonomic
biases induced by the varying primer binding efficiencies across taxa. In a 45-

species fish mock community tested with five primer pairs (fish-specific: 2 x 12S
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+1x COI; vertebrate-general: 1 x 12S + 1x 16S), detections and read proportions
shifted markedly with primer choice: fish-specific 12S sets recovered the
community most faithfully, whereas vertebrate-general sets produced more
false-positives and false-negatives. No single primer set was able to correctly
detect all 45 species in the sample, and 6 species (13.3 %) could not be amplified
at all by any tested primer pair (Macher et al., 2023). Even well-performing
primer pairs yielded inconsistent detection among replicates, indicating that
primer-induced variability is a key factor in incomplete species recovery. In
addition, read proportions for each species varied widely across utilized primers
despite identical input DNA, demonstrating that primer-efficiency bias breaks
read-count-to-biomass relationships (Macher et al., 2023). As organellar copy
number varies strongly across species and tissues, with mitochondrial genomes
differing >50-fold in humans and about 200-fold in mice (Rath et al., 2024), the
read-count-to-biomass relationship is further decoupled (Shaffer et al., 2025;
Shelton et al., 2022). Therefore, there are indications of a shift toward nuclear
markers, for example to discriminate hard-to-separate species pairs such as
domestic pig and wild boar (Adenuga et al, 2025). In addition, dominant
template species can suppress amplification signal of low-abundance
ingredients, impairing detection and quantification (Bruno et al, 2019).
Summarizing the existing issues, metabarcoding cannot be considered a
quantitative analysis tool and is better suited for qualitative species screening
(Giusti et al., 2024; Kappel et al., 2023).

DNA barcoding has limitations in resolving closely related species and
providing information beyond species identification, which are critical for
comprehensive food authentication (Valentini et al., 2009). Combining multiple
DNA barcode marker genes per species must be applied to improve the
accuracy and resolution of species identification by providing complementary
genetic information that enhances discriminatory power and reduces

misidentification (Hollingsworth et al., 2009). A study identifying fish species
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using both COI and 16S markers found that a single marker was not enough to
discriminate Gadiformes beyond genus level (Gadus sp. and Merluccius sp.),
illustrating the limited species-level resolution single barcodes provide (Mottola,
Piredda, et al., 2024). While the authors argue multi-marker analysis might
enhance resolution, they also state that closely related species like the example
of Gadiformes will probably remain challenging to resolve even when combining

two or more markers (Mottola, Piredda, et al., 2024).

Collectively, the limitations described above are mirrored in a systematic review
analysing 23 metabarcoding studies on foodstuffs of animal origin, which concludes
that "application in food authentication was proved as still very limited” (Giusti et al.,
2024). Despite its promise for identifying multiple species in complex samples, the
review highlights that the approach suffers from a lack of standardized protocols for
target barcode selection, primer design, and consistent quality control procedures. In
addition, highly variable bioinformatic pipelines and heterogeneous detection
thresholds further reduce comparability between laboratories, contribute to false-
positives and false-negatives, and increase operational complexity, restricting routine
use in food authentication (Giusti et al., 2024). In line with these findings, several
authors emphasize that metabarcoding is not yet suitable as a quantitative method for
regulatory decision-making and is currently better suited to qualitative screening for
species presence (Giusti et al., 2024; Kappel et al., 2023). Together, these limitations
underscore the need for alternative, unbiased approaches that can deliver robust
qualitative and quantitative information on species composition in processed, multi-

ingredient foods.
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1.3 Whole-genome shotgun sequencing for untargeted

species detection and quantification

The alternative to a targeted, PCR-based approach to species identification is the
strategy to sequence the whole genomic DNA from foodstuff and to classify the
generated reads by their bioinformatic assignment to whole-genome sequence
databases. This whole-genome shotgun sequencing (WGS) strategy thus circumvents
the structural constraints by avoiding primer dependency, thereby capturing a broader
spectrum of taxa across all kingdoms of life. WGS thus provides a more holistic view of
the DNA representation in the sample by sequencing entire genomes or large portions
thereof, capturing not only the marker genes, but also additional genomic regions that
contribute valuable information for food authentication (Figure 6; Ripp et al., 2014).
Beyond identification, WGS enables quantitative inference by counting reads for each
reference genome, allowing robust estimation of relative abundances across taxa (Bell
et al., 2021; Haiminen et al., 2019; Rieder et al., 2023; Ripp et al., 2014). This quantitative
capability is directly useful for assessing contamination levels, verifying labelling claims
(especially when close to legal thresholds), and supporting regulatory compliance

decisions in routine testing.

Technically, WGS involves the random fragmentation of DNA followed by high-
throughput sequencing of all DNA fragments, e.g. using the Illumina Next-Generation
Sequencing protocol. This method enables the simultaneous detection of bacterial,
fungal, plants, and animal DNA in a single analysis (Bell et al., 2021; Haiminen et al.,
2019; Ripp et al.,, 2014). This ability of WGS to provide a near-complete identification of
species in a sample could improve the analytical process for food authentication
authorities by streamlining the experimental steps required to obtain the same or even

more information compared to currently applied PCR-based methods.
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Figure 6: Conceptual comparison of metabarcoding and whole-genome shotgun sequencing (WGS) for
food species identification and quantification. Metabarcoding relies on marker PCR and therefore
captures sequencing information from a single targeted barcode locus, which can miss taxa that are not
efficiently amplified. In contrast, WGS sequences all DNA fragments in the sample, enabling detection
of both expected and unexpected species across all domains of life. Consequently, WGS is amenable to
guantitative inference from read counts, whereas metabarcoding is generally only semi-quantitative due
to amplification-related biases.

The principle was first demonstrated by All-Food-Sequencing (AFS): The method uses
WGS reads generated by NGS and databases with reference genomes to identify and
quantify species in food samples (Ripp et al., 2014). In a four-species calibration
sausage, the quantitative mode (AFS-quant) returned matches at >2 % resolution (e.g.,
54.8 % vs 55 % sheep), with absolute deviations across taxa of 0.24 - 1.79 %; the high-
specificity mode (AFS-spec) reduced false-positive assignment to closely related water
buffalo from 0.64 % to 0.07 %. In addition, the metagenomic branch of AFS classified
previously unmapped reads, identified microbial signals and spike-ins of 11 plants
species, among them soy, lupine, and hazelnut, and flagged undeclared taxa (Ripp et
al., 2014). This highlights both the methods ability to analyse all domains of life in a

single unbiased assay, as well as to identify even minor traces of allergens. A similar
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approach following the same principle is Food Authentication from SEquencing Reads
(Haiminen et al, 2019). FASER utilizes BLAST with WGS reads against reference
genomes to identify and quantify. Analysing the same data set as Ripp et al., 2014, they
were able to achieve results comparable to as AFS. Deployed on 31 factory high-protein
powders, FASER confirmed the labelled chicken in all samples and revealed unexpected
pork and beef signal in three samples. A comparison of WGS and metabarcoding on
pollen mock communities showed that WGS achieved nearly complete species
recovery and produced quantitative estimates that correlated more strongly with the
actual pollen grain proportions than those obtained from metabarcoding (Bell et al.,
2021), underscoring the potential of WGS for robust identification and quantification in
mixed biological materials. Together these results show that one WGS assay can span
all domains of life, detect undeclared ingredients, and deliver quantitative results

without amplification bias in routine food authenticity testing.

1.4 All-Food-Sequencing: state at the beginning of this

thesis

AFS is a WGS-based technique used for the simultaneous qualitative and quantitative
analysis of species in complex food samples containing multiple components, first
described by Ripp et al, 2014. The method includes DNA extraction from a
homogenized food sample, followed by length-fragmentation and creation of an
lllumina sequencing library. Subsequent sequencing is carried out on instruments such

as lllumina Next-Seq or NovaSeq.

During the bioinformatic analysis, reads are mapped to reference genome sequences
of respective species and then quantified by read counting (referred to as the
“Quantitative Mapping Approach”, Figure 7). AFS uses the Burrows-Wheeler Aligner

(BWA) aln algorithm when aligning these reads to reference genomes (H. Li & Durbin,
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2009). Employing an iterative mapping method, AFS starts with the analysis of fully
matching sequences and classifies them into three categories: Unique reads that map
specifically to a single reference genome, Multimapped reads that map with equal
quality to multiple reference genomes, and Unmapped reads that cannot be assigned
to any reference genome. Unique reads are directly attributed to the appropriate
species. Multimapped reads originate from homologous genomic regions shared
among multiple species, and their source cannot be definitively determined. Thus,
these reads are allocated proportionately according to the distribution seen in the
unique reads. Unmapped reads then undergo two additional rounds of mapping with
a decreased requirement of sequence identity between read and reference genome

each time (Ripp et al., 2014).

At the end of three successive mapping runs, the final distribution of identified species
within the sample is calculated based on all matches obtained per species. Any
remaining unmapped reads can be identified qualitatively in a subsequent, separate
step through computationally intensive database searches using the BLAST alignment
algorithm (termed “Qualitative Metagenomic Analysis Algorithm”; Altschul et al., 1990;
Camacho et al,, 2009). In this procedure, all unmapped reads are compared with the
NCBI non-redundant nucleotide collection (nr/nt) by local BLAST. This allows for the
identification of species that were not initially included in the reference genomes
selection. If a reference genome is available for a newly identified species, the initial
quantitative mapping step can be repeated under inclusion of this new component. In
cases where no suitable reference genome is available, the unmapped reads can still
help indicate the presence of certain species in food samples qualitatively. This
approach makes it possible to detect even small amounts of ingredients like spices,
impurities, or allergens, and also assists in determining microbiological diversity within

samples (Liu et al., 2017; Ripp et al., 2014).
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Figure 7: Overview of All-Food-Sequencing workflow (Ripp et al., 2014). In the “Wet Lab” step, DNA is
extracted from food samples, libraries are prepared, and sequencing is performed. In the second step,
referred to as the “Quantitative Mapping Approach,” the short-read dataset is iteratively mapped against
a predefined set of reference genomes. Reads that map uniquely to a reference are used to estimate the
relative proportions of known species. Reads that map to multiple references are proportionally
distributed according to initial abundance estimates, ensuring that every read contributes to the
guantification. Any reads that cannot be aligned at progressively relaxed mapping thresholds are
designated as unmapped. In the "Qualitative Metagenomic Approach” step, these unmapped reads
undergo a BLAST search against a comprehensive database such as NCBI's nr/nt. The output of this
search is examined with metagenomic analysis tools to identify additional or overrepresented species
that were not included in the original reference set. Newly discovered genomes can be added to the
reference list to refine the quantitative mapping step.

Despite its potential, AFS has certain limitations that need to be addressed to ensure

its robustness and reliability in food analysis:

|.  Because regulatory decisions by food control authorities are tied to validated
methods and defined thresholds, AFS must be benchmarked against
established approaches. Side-by-side tests with matched samples, certified
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reference materials, and orthogonal PCR assays quantify trueness and precision,
establish calibration functions, and determine when genus-level reporting is
more reliable than species-level claims.

Previous validations of AFS were limited to six species in controlled mixtures,
which is insufficient to reveal limitations that arise in larger, closely related
species clades and complex matrices typical of routine food monitoring. A
meaningful assessment requires extending the taxonomic spectrum to major
product categories (mammals, poultry, fish, molluscs, and plants), including
several closely related species per group that differ in genome size, ploidy state,
and reference quality.

Equally important, the method must be tested on real retail samples without a
priori target selection. A survey across diverse product categories should apply
the untargeted AFS workflow, incorporate newly discovered taxa into the
quantitative analysis, and report concordance with labels, detection of
undeclared ingredients, and allergen findings.

A further limitation is the method's ability to distinguish closely related
species, which complicates the identification of taxa with high genetic similarity.
Multimapped reads are distributed by heuristic rules based on uniquely mapped
reads, which can inflate species present at low proportions or distribute reads
across several close relatives even when only one species is present. This
constrains the robustness of species-level assignments within tight clades and
may necessitate more conservative genus-level reporting in such groups.

The iterative, alignment-based workflow is computationally demanding. Each
BWA aln pass scales with read count, with the number and size of reference
genomes, and with the relaxed identity thresholds applied in later rounds.
Because the reference database is held in memory throughout, RAM usage rises
sharply for large eukaryotic genomes. Broad reference panels therefore inflate
both runtime and memory demand, often forcing preselection of targets and

making wide, untargeted screens impractical on typical laboratory hardware.
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1.5 Aims of this thesis

The objective of this thesis is to advance the methodology of DNA-based food analysis
via AFS by directly addressing the limitations identified for the current workflow and
proposing solutions based on experimental data. This objective is pursued through a
series of targeted aims that encompass the comparison of AFS to established methods,
improvement of the bioinformatic algorithm used in AFS, exploration of the method's

limitations, and the integration of new, emerging sequencing technologies.

A key aim of this thesis is to perform a comprehensive comparison of AFS to well-
established species identification and quantification methods such as qPCR and ddPCR
in a validation framework that is compatible with regulatory decision-making. While
gPCR and ddPCR have been widely adopted for species identification and
quantification in food products due to their sensitivity and specificity, they also have
notable limitations, particularly in terms of their dependence on prior knowledge of
target DNA sequences. This thesis therefore conducts side-by-side tests of AFS, qPCR,
and ddPCR on matched samples and certified reference materials, with a focus on
regulatory decision levels. The study derives calibration functions, quantifies trueness
and precision, and assesses under which conditions genus-level reporting is more
reliable than species-level claims. This analysis evaluates the performance of AFS
relative to these methods, focusing on parameters such as sensitivity, specificity,
accuracy, and practical applicability in routine food analysis. By conducting side-by-
side comparisons, the thesis aims to highlight the strengths and weaknesses of AFS,
potentially positioning it as a superior alternative for comprehensive food authenticity

testing.

A second central aim is to overcome the narrow validation scope of the original AFS
study, which is restricted to six species in controlled mixtures. This thesis investigates
these limitations by expanding the species database and incorporating more reference

genomes. To evaluate performance across varied types of food products, a curated
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species set is defined that covers major groups such as mammals, poultry, fish,
molluscs, and plants, and incorporates several closely related species per group
differing in genome size, ploidy state, and genome assembly quality. Structured
calibration mixtures with varying compositions and mass fractions are used to probe
cross-assignment within tight clades and to define reliable detection and quantification
limits. Additionally, the research explores strategies to mitigate these limitations, such
as optimizing read length and depth of sequencing to enhance resolution and

discrimination power.

Third, this thesis extends AFS beyond controlled mixtures to real-world retail products,
thereby testing the method under conditions that reflect routine food monitoring. A
survey across diverse product categories applies the untargeted AFS workflow without
a priori target selection. Newly detected taxa from the qualitative metagenomic step
are iteratively incorporated into the quantitative mapping, and the results are evaluated
in terms of concordance with labels, detection of undeclared ingredients, allergens,
and other mislabelled components. This provides a systematic assessment of how well
AFS captures species compositions in complex, processed matrices and where its

current boundaries lie.

The initial AFS methodology employs the BWA algorithm, specifically the BWA aln
algorithm for read mapping. This algorithm, however, is outdated, and newer
bioinformatic approaches promise improved performance. Other algorithms like BWA
mem or bowtie2 show decreased runtimes and improved accuracy. This thesis explores
the bioinformatic pipeline used in AFS and improves its performance. A promising
design trend in bioinformatics is the application of so-called k-mer based algorithms
for read classification, which fragment sequences into shorter, overlapping sub-
sequences of length k. These approaches offer higher speeds at the same or even
higher sensitivity compared to traditional read mapping approaches. The integration
of a k-mer-based method is expected to enhance the efficiency and accuracy of species
identification and quantification in complex food samples. The thesis benchmarks these
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new algorithms against the current BWA aln to quantify improvements in

computational speed, mapping accuracy, and overall performance.

Advancements in sequencing technologies present new opportunities for improving
AFS: Long-read sequencing provided by Third-Generation Sequencing (TGS) from both
Pacific Biosciences (PacBio) and Oxford Nanopore Technologies (ONT) generate reads
that span entire genomic regions of up to megabase levels. Offering a more
comprehensive view of the genetic material, these methods reduce the false-positive
mapping rates, especially in hard-to-map regions such as highly repetitive sequences.
Thereby, they potentially improve the accuracy of species identification, especially in
complex samples and for closely related species. This thesis evaluates the feasibility
and benefits of integrating long-read sequencing into the AFS workflow. By comparing
the performance of long reads to the traditional short reads used in AFS, the research
aims to determine whether this integration can provide more accurate and reliable

results for food analysis.

Overall, the planned work addresses the key gaps that currently prevent AFS from
being used as a fully established method in food analysis. Rigorous comparison with
gPCR and ddPCR aligns AFS performance metrics with regulatory expectations, while
the extension of the species panel and calibration designs moves validation beyond
the original calibration sausage mixtures. The application of AFS to real-world retail
products tests its behaviour under realistic matrix and labelling conditions, revealing
both detection potential and practical limitations. Finally, the refinement of the
computational workflow, with a focus on modern alignment and k-mer based
approaches, improves scalability and resolution, thereby strengthening the case for

AFS as a routine tool in food authenticity control.
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Abstract

Complex food matrices bear the risk of intentional or accidental admixture of non-declared species. Moreover, declared com-
ponents can be present in false proportions, since expensive taxa might be exchanged for cheaper ones. We have previously
reported that PCR-free metagenomic sequencing of total DNA extracted from sausage samples combined with bioinformatic
analysis (termed All-Food-Seq, AFS) can be a valuable screening tool to identify the taxon composition of food ingredients.
Here, we illustrate this principle by analysing regional Doner kebap samples, which revealed unexpected and unlabelled
poultry and plant components in three of five cases. In addition, we systematically apply AFS to a broad set of reference meat
material of known composition (i.e. reference sausages) to evaluate quantification accuracy and potential limitations. We
include a detailed analysis of the effect of different food matrices and the possibility of false-positive sequence read assign-
ment to closely related species, and we compare AFS quantification results to quantitative real-time PCR (qPCR) and droplet
digital PCR (ddPCR). AFS emerges as a potent PCR-free screening tool, which can detect multiple target species of different
kingdoms of life within a single assay. Mathematical calibration accounting for pronounced matrix effects can significantly
improve AFS quantification accuracy. In comparison, AFS performs better than classical qPCR, and is on par with ddPCR.

Keywords Food metagenomics - Species identification - Doner Kebap - Read mapping - Next-generation-sequencing

Introduction

The determination and quantification of food ingredients is
an important issue in official food control. The complexity of
foodstuff, difficulties in the traceability of trading channels
and the globalisation of food markets open doors for fraud
Electronic supplementary material The online version of this and failures in correct labelling, stocking and processing pro-
article (https://doi.org/10.1007/s00217-019-03404-y) contains cedures [1]. Possible consequences for consumers are mani-
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halal, kosher or vegan over health risks caused by pathogenic
organisms to simple deception because of economic reasons.
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perhaps also extending to viruses. A broad palette of analytical
methods for analysing foodstuffs has been developed and is
routinely applied at official food control laboratories, but also
private and industrial control labs. Among these, DNA-based
methods like PCR are probably the most widely used tech-
nologies, because of their high sensitivity and the possibility
to perform quantitative measurements [5—13]. However, even
when multiplexed or performed in the meta-barcoding for-
mat, PCR-based approaches have the drawback to detect only
a limited range of target species and produce assay-dependent
amplification biases [14—17].

We have previously shown that deep metagenomic DNA
sequencing of whole-genome DNA from foodstuffs, followed
by dedicated bioinformatic analysis, is in principle able to
overcome these issues. DNA sequence reads obtained from
food can be bioinformatically assigned to existing reference
genomes for species identification, and the number of reads
successfully assigned to a respective genome can be counted to
give a quantitative measure of the species proportions. Impor-
tantly, such whole-genome sequencing of foodstuff DNA
(termed All-Food-Seq: AFS; [18, 19]) does not require any
a priori definition of possible target species. AFS can, there-
fore, be viewed as a screening method, which theoretically
can detect an infinite spectrum of diverse species, being only
limited by our current knowledge of genomes, as represented
in the fast-growing public sequence databases. The “identifica-
tion plus quantification” principle based on read assignment
and read counting has been successfully demonstrated so far as
a proof-of-principle in a limited number of foodstuff samples,
i.e. sausages of pre-defined composition prepared as reference
material [8, 20]. We, therefore, decided to further investigate
the potential of AFS in a real-life test case, analysing different
doner kebap samples obtained from snack bars. We also saw
the necessity to evaluate the quantification potential of AFS in
more detail. Inferring species proportions from DNA read pro-
portions can be difficult, because it may substantially depend
on the food composition and processing. As an example, high
quality meat may be substituted for in a product by the addi-
tion of rind, lard or skin, which could affect DNA amounts
per gram tissue, and thus the inference of species proportions
within the foodstuft. To study this so-called matrix effect, we
have applied the AFS method to an extended set of reference
sausage samples, each containing known admixtures of differ-
ent meat sources, but prepared according to different recipes
[8, 20]. We compared the AFS quantification results to those
obtained by gPCR and ddPCR on the same samples and evalu-
ated the effects of matrix composition.

@ Springer

Materials and methods
Food samples and DNA extraction

Doner kebap samples were purchased at five snack bars
distributed in the Rhine-Main area. All meat pieces were
identified by eye and selected by sterile forceps for sub-
sequent homogenization in large volume using a stand-
ard kitchen device. About | g of the homogenised matrix,
which looked surprisingly different (ranging between
an oily and granular texture), was taken for subsequent
DNA isolation using the Wizard Plus Miniprep DNA
purification system (Promega, Madison, USA) according
to the manufacturer’s protocol. DNA was quantified by
Qubit fluorometry (Thermofisher Scientific, Schwerte,
Germany).

Calibration sausage samples containing admixtures of
cattle, chicken, pig, sheep and turkey at defined amounts
were produced by a professional butchery and provided by
the Official Food Control Authority of the Canton Ziirich,
Switzerland [8, 20]. The samples were prepared for cali-
bration of foodstuft detection methods and reflect three
different recipes of sausage production (Online Tab. S1):
AllMeat sausage (Kal A-E: meat), Lyoner-style sausage
(KLyo A-D: matrix of meat, rind and lard) and Poultry-
Lyoner (KGeflLyo A-D: matrix of meat and skin). Total
DNA was extracted out of 200 mg homogenised sausage
sample using the Wizard Plus system (Promega, Madison,
USA) according to the manufacturer’s protocol.

lllumina library preparation and sequencing

Sequencing library preparations and sequencing were
performed by a commercial provider (StarSEQ, Mainz,
Germany). The Nextera DNA Library Preparation Kit
(Illumina, San Diego, USA) was applied following the
manufacturer’s instructions. Typically, 1 ng of total DNA
was used. Sequencing was carried out on an Illumina
MiSeq instrument using reagent kit v.2 in 150 bp paired-
end (reference sausages) and 50 bp single-end (doner
kebap samples) mode, respectively. In principle, both
sequencing modes deliver comparably valid results [19].
Between 200 k and 2600 k, reads were generated per sam-
ple (Online Tab. S1). Adjustments by downsampling were
omitted, because our previous analysis showed that read
numbers > 100 k produced consistent quantification results
independent of dataset size [19]. All datasets were quality
checked, trimmed and filtered using FASTQC data evalu-
ation software [21] and trimmomatic v0.33 trimming tool
[22]. Datasets have been submitted to the SRA database
under the project names PRINA271645 and PRIEB34001.
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Bioinformatic analysis of main ingredients using
AFS

The AFS read-mapping pipeline was executed with three
rounds of iterative mapping and step-wise decreased map-
ping stringency, as described [18, 19]. This strategy allows
for a final number of two mismatches after mapping step 3.
At each round, reads that mapped against one of the provided
reference genomes were cumulatively counted and reported
on a 1-100% scale to reflect relative species proportions.
In the doner kebap screening analysis, sequence reads were
mapped against a selection of reference genomes (accession
numbers: cattle: NC_037328.1, sheep: NC_040252.1, goat:
NC_030808.1, pork: NC_010443.5, horse: NC_009144.3,
chicken: NC_006088.5, turkey: NC_015011.2, maize:
NC_024459.2 and soy: NC_016088.3). In the quantifica-
tion analysis of the calibrator sausages, reference genome
choice was limited to the animal species cattle, chicken,
pig, horse, sheep, goat, water buffalo (accession number:
NC_037545.1) and turkey. Goat and water buffalo genomes
were added to test the robustness of AFS towards false-
positive signals to be expected between closely related spe-
cies. All evaluations were performed on a standard desktop
PC (Intel(R) Core(TM) 17-8700 CPU @ 3.20 GHz, 16 GB
DDR4 2667 MHz RAM, 256 GB SATA SSD, CentOS Linux
release 7.6.1810).

Reads that did not match, very likely originate from
species not provided as a reference during the AFS map-
ping step. These unmapped reads (around 3% per sample),
often representing spice plants and microbiota [ 18], did not
undergo further metagenomic analysis in the present study,
since the prime goal was to evaluate the quantification prop-
erties of AFS for the main meat components.

Calculation of false-positive read assignments

To determine false-positive read assignment rates for the
tested species, in particular the closely related cattle-buffalo,
chicken-turkey and goat-sheep, we created in silico data-
sets of different proportions of reads for each species with
the corresponding related species being absent. To this end,
we used whole-genome shotgun datasets from the SRA
(SRR8588004, SRR9663406, SRR8442931, SRR856(0982,
SRR6470934) and performed data pre-processing as
described for the reference sausages. For each species, pro-
portions of 1, 5, 10, 25, 50, 75 and 100% were extracted
using the reformat tool from the BBMap suite [23] and com-
plemented to 1 mio reads with the non-related plant species
rice (accession number: NC_008394.4). For the cattle-buf-
falo species pair, we only inspected the false-positive rate of
buffalo assignments given a cattle ingredient, as the opposite
direction is irrelevant to food safety inspections in our opin-
ion. To investigate the effect of sequence read length on

false-positive mapping, all generated datasets were trimmed
using the reformat tool to a length of 50, 100 and 150 bp,
respectively. Subsequent AFS analyses were performed as
described above with three mapping rounds (accepting max.
two mismatches) against buffalo, cattle, chicken, goat, horse,
pork, sheep and turkey genomes.

Results

AFS screening of species composition in doner
kebap samples

Doner kebap samples were obtained from five snack bars
in the Rhine-Main area. Their meat components were sam-
pled, homogenised and the extracted DNA sequenced. AFS
analysis revealed that samples 2 and 3 were prepared from
pure beef, while samples 1, 4 and 5 consisted of beef and
turkey, with the latter as the dominant component (Table 1a).
Samples 1, 3 and 5 revealed measurable amounts of soy-
bean DNA (0.5-0.8%), and sample 1 additionally contained
maize DNA (1.8%). In samples 2, 3 and 5, we observed
that 0.1-0.4% of sequence reads were assigned to goat and
sheep. Since the latter also belong to the family of Bovi-
dae, one could interpret the goat/sheep read assignments
as candidate false-positives, produced as a consequence of
the phylogenetic relatedness and the presence of conserved
genomic elements. However, our detailed evaluation of
possible false-positive values (see below; Online Fig. S1b,
Online Tab. S2) shows that at least for samples 2 and 3, the
measured values of goat and sheep are slightly higher than
expected for a matrix consisting almost only of cattle. We,
therefore, cannot rule out that small amounts of sheep and
goat material were indeed present in these doner samples,
allegedly caused by the presence of cheese matrices or due
to unknown circumstances during doner production. In con-
trast, the 0.2 and 0.3% of chicken reads in samples 1 and 4,
which are clearly dominated by turkey, may accordingly be
considered false-positives.

AFS quantification of meat ingredients in reference
sausages

To specifically study the quantification properties of AFS
in a broad set of samples, a total of 13 reference sausage
samples (Online Tab. S1), prepared according to three differ-
ent standard recipes, were sequenced and analysed. Datasets
were then studied to evaluate quantification accuracy, the
impact of different matrices (i.e. meat, rind, lard and skin),
and the probability of false-positive read assignments. AFS
results were then compared to quantification data previously
obtained by gPCR [8, 20] and droplet digital (dd) PCR [13]
on the very same sausage samples (Table 1b-d).
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Table 1 Quantification results of AFS pipeline

(a) Beef Turkey Soy Maize Horse Pork Chicken Sheep Goat
Doner Kebab 1 8.6 88.6 0.7 1.8 0.0 0.0 0.2 0.0 0.0
Doner Kebab 2 99.5 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.3
Doner Kebab 3 98.7 0.0 0.4 0.0 0.0 0.0 0.0 0.4 0.4
Doner Kebab 4 5.1 94.5 0.0 0.0 0.0 0.0 0.3 0.0 0.0
Doner Kebab 5 27.7 713 0.4 0.0 0.0 0.0 0.3 0.1 0.1
(b) Beef Pork Sheep Horse Chicken Turkey Goat Buffalo Sum dev
Kal A

Expected 1.0 35.0 9.0 55.0 0.0 0.0 0.0 0.0

AFS 14 309 10.1 57.3 0.0 0.0 0.3 0.0 8.2

AFS cal. 0.3 34.9 10.3 54.3 0.0 0.0 0.3 0.0 3.1

qPCR 04 393 8.9 51.5 n.a. n.a. n.a. n.a. 8.6
Kal B

Expected 9.0 55.0 1.0 35.0 0.0 0.0 0.0 0.0

AFS 11.2 49.5 1.3 37.8 0.0 0.0 0.1 0.1 11.0

AFS cal. 9.6 54.2 Lo 35.1 0.0 0.0 0.1 0.1 1.7

gqPCR 23.0 51.0 1.5 24.4 n.a. n.a. n.a. n.a. 29.1
Kal C

Expected 250 25.0 25.0 25.0 0.0 0.0 0.0 0.0

AFS 25.8 19.8 28.2 25.1 0.0 0.0 1.0 0.2 10.5

AFS cal. 23.7 224 29.0 237 0.0 0.0 0.9 0.2 10.3

qPCR 34.0 18.8 25.8 214 n.a. n.a. n.a. n.a. 19.6

ddPCR 25.6 25.3 24.6 24.5 n.a. n.a. n.a. n.a. 1.8
Kal D

Expected 35.0 9.0 55.0 1.0 0.0 0.0 0.0 0.0

AFS 38.2 7.7 50.8 1.3 0.0 0.0 1.7 0.3 11.1

AFS cal. 35.3 9.1 52.1 1.5 0.0 0.0 1.7 0.3 5.8

qPCR 299 7.6 61.7 0.9 n.a. n.a. n.a. n.a. 13.3
Kal E

Expected 55.0 1.0 35.0 9.0 0.0 0.0 0.0 0.0

AFS 56.9 1.0 322 8.5 0.0 0.0 1.1 0.4 6.7

AFS cal. 54.5 1.9 33.8 8.4 0.0 0.0 1.1 0.4 4.7

gPCR 51.2 1.0 37.2 10.5 n.a. n.a. n.a. n.a. 7.5
(c) Beef Pork Sheep Horse Chicken Turkey Goat Buffalo Sum dev
KLyo A

Expected 14.0 80.0 0.0 0.0 0.5 55 0.0 0.0

AFS 19.3 74.6 0.0 0.0 0.7 5.3 0.0 0.1 11.2

AFS cal. 13.0 80.8 0.0 0.0 0.3 57 0.0 0.1 2.3

ddPCR 14.2 80.2 n.a. n.a. 0.4 5.3 n.a. n.a. 0.7
KLyo B

Expected 36.0 58.0 0.0 0.0 2.0 4.0 0.0 0.0

AFS 41.8 524 0.0 0.0 22 34 0.0 0.3 12.5

AFS cal. 359 57.9 0.0 0.0 2.1 3.8 0.0 0.3 0.8

ddPCR 349 60.1 n.a. n.a. 1.4 3.7 n.a. n.a. 4.1
KLyo C

Expected 58.0 36.0 0.0 0.0 4.0 2.0 0.0 0.0

AFS 66.0 28.3 0.0 0.0 3.9 1.4 0.0 0.4 17.0

AFS cal. 60.6 33.1 0.0 0.0 4.1 1.7 0.0 0.4 6.3

ddPCR 58.4 36.8 n.a. n.a. 2.9 1.9 n.a. n.a. 2.4
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Table 1 (continued)
(c) Beef Pork Sheep Horse Chicken Turkey Goat Buffalo Sum dev
KLyo D
Expected 80.0 14.0 0.0 0.0 5.5 0.5 0.0 0.0
AFS 82.8 113 0.0 0.0 5.0 04 0.0 0.5 6.8
AFS cal. 7.7 15.7 0.0 0.0 5.3 0.7 0.0 0.5 4.9
ddPCR 79.2 159 n.a. n.a. 4.3 0.6 n.a. n.a. 4.0
(d) Beef Pork Sheep Horse Chicken Turkey Goat Buffalo Sum dev
KGeflLyo A
Expected 0.5 5.5 0.0 0.0 14.0 80.0 0.0 0.0
AFS 0.6 5.1 0.0 0.0 29.8 64.5 0.0 0.0 319
AFS cal. 0.2 5.6 0.0 0.0 10.0 84.1 0.0 0.0 8.5
ddPCR 0.8 94 n.a. n.a. 24.6 65.1 n.a. n.a. 29.7
KGeflLyo B
Expected 2.0 4.0 0.0 0.0 36.0 58.0 0.0 0.0
AFS 2.0 35 0.0 0.0 56.9 37.6 0.0 0.0 41.9
AFS cal. 22 3.9 0.0 0.0 40.3 53.5 0.0 0.0 9.1
ddPCR 2.1 5.0 n.a. n.a. 41.7 51.2 n.a. n.a. 13.6
KGeflLyo C
Expected 4.0 2.0 0.0 0.0 58.0 36.0 0.0 0.0
AFS 34 1.4 0.0 0.0 75.7 19.5 0.0 0.0 354
AFS cal. 44 1.8 0.0 0.0 61.2 32.6 0.0 0.0 7.2
ddPCR 4.2 24 n.a. n.a. 62.6 30.8 n.a. n.a. 10.4
KGeflLyo D
Expected 55 0.5 0.0 0.0 80.0 14.0 0.0 0.0
AFS 39 0.4 0.0 0.0 89.2 6.5 0.0 0.0 18.4
AFS cal. 52 0.7 0.0 0.0 76.4 17.8 0.0 0.0 7.9

Raw results obtained by AFS analysis as well as calibrated AFS values obtained by linear regression are compared to PCR-based quantification
for (a) Doner Kebab samples, (b) Kal A-E, (c¢) Klyo A-D and (d) KGeflLyo A-D. qPCR data were obtained from [8, 20], ddPCR data from [13].
“Sum dev” represents the sum of % deviation from expected proportions. Best results for each sausage are italics. (n.a. not analysed)

AFS quantification accuracy

Our sample set covered expected species proportions from
0.5 to 80%. Minimal and maximal expected components
varied between the three different sample types (meat-only
samples Kal A-E 1-55%, mixed-matrix samples KLyo A-D
and KGeflLyo A-D 0.5-80%). It turned out that even the low
concentrations of ingredients could be detected by AFS with
high accuracy (0.5+£0.1%; 1+£0.1%; 2+0.4%; 4+ 0.2%;
5.5+0.5%). As species concentrations increased, absolute
deviations of measured values also increased to a maximum
of 20.9% for the 9-36% interval and 20.4% for the 55-80%
interval, respectively (Table 1b—d). To compare the perfor-
mance of AFS for the different sausage types, we summed
up the individual species deviations for each sausage indi-
vidually. Results showed that, omitting any calibration cal-
culations (see below), Kal A-E samples were quantified with
overall best results (ranging between 6.7 and 11.1% devia-
tion), followed by KLyo A-D (6.8-17.0%) and KGeflLyo
A-D (18.4-41.9%).

Evaluation of false-positive read assignments
between related species

The species assignment of sequence reads in AFS is based
on classical read-mapping algorithms involving sequence
alignment [18]. This implies the potential danger of a mis-
classification if a read contains highly conserved DNA
sequences, often present in the genomes of phylogenetically
closely related taxa. Of course, such false-positive assign-
ments could have, if present, an eminent effect on detection
accuracy. To evaluate the potential of such false-positive
read assignment within AFS, we intentionally included in
the read-mapping step the reference genomes of species,
which are not present in the sausages, but which are evolu-
tionarily close to the real food components. Specifically, we
added the genome of the water buffalo (Bubalus bubalis),
which shared a common ancestor with cattle 13 mio years
ago, and the goat (Capra hircus), which diverged from sheep
10 mio years ago ([24]; Online Fig. S1a). False-positive sig-
nals of buffalo and goat from sausages containing cattle or
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sheep as real ingredients ranged between 0.0 and 1.7% and
depended on the amount of the corresponding real ingredi-
ent species (Table 1b—d). For example, the maximal value
of 1.7% false goat reads was obtained for the Kal D sausage
containing 55% sheep.

To systematically specify the chance of false-positive read
assignments between species pairs in AFS, we simulated
read datasets with varying, known amounts of reads from the
species in our study and mapped them to the respective ref-
erence genomes. The amount of false-positive reads in fact
scaled linearly with the real ingredient proportions (Online
Fig. S1b, Online Tab S2), allowing us to define threshold
values for the respective species pairs. Interestingly, but
not unexpectedly, the short 50 bp reads produced markedly
higher false-positive values than 100 bp and 150 bp reads.
For example, a 100% sheep dataset produced 5.1% false-pos-
itive goat assignments with 50 bp read length, but only 2.7%
with 150 bp reads (Online Fig. S1b). Some minor ‘asymmet-
ric’ quantification results (i.e. chicken against turkey genome
versus turkey against chicken genome) could be noted and
are probably caused by different qualities of the respective
reference genomes. Notwithstanding, these calculated values
can now be applied by the AFS user to objectively assign
quantification values as potential false-positives, as done
above in the case of the doner kebap samples.

Matrix effects and their possible correction by linear
regression

Different types of food matrices can bias quantification anal-
yses, because different tissues often contain varying concen-
trations of DNA, and cellular DNA may also be extracted
from them at different efficiencies. To study this effect, we
included three types of sausage matrices: the Kal samples,
consisting only of pure meat, the KLyo samples, in which
pork material was represented by three tissues (meat, rind
and lard at a ratio of 1:4:15) and the KGeflLyo sausages,
containing chicken material as a 1:1 mixture of meat and
skin (Online Tab. S1).

Specifically for the KGeflLyo sausages with their par-
tial replacement of chicken meat by skin (Online Fig. S2),
the chicken component showed a substantial overrepresen-
tation on the DNA level, thus severely compromising the
quantification results for this matrix type (independent of
whether AFS or PCR methods were applied; comp. Table 1).
While samples containing meat-only chicken showed mini-
mal deviations of 0.1-0.5% from expected values, the meat/
skin matrix led to an almost proportional overestimation of
chicken by 9-20% (Table 1d; Online Fig. S2). A second, but
milder effect was noticed for pork as an ingredient, which
was systematically underestimated by 2.7-7.8% in the KLyo
A-D, 0.1-0.6% in the KGeflLyo A-D and 0-5.5% in the Kal
A-E samples, respectively.

@ Springer

Assuming that the observed effects represent system-
atic errors, we decided to normalise our measurements by
applying linear regression. We did this for every sample
type and species separately to consider both matrix-specific
and species-dependent effects (see calibrated AFS values in
Table 1). In fact, the improvement of the quantification val-
ues turned out to be massive, showing that AFS (very much
like the PCR methods; comp. [8, 13]) will benefit from the
establishment of such matrix calibration factors. Indeed, we
were able to correct efficiently for most of the systematic
error over a broad range of expected values. Note, however,
that in some cases (e.g. Kal A and E), deviation slightly
increased after the normalisation procedure for the very low
expected values of 0.5 and 1%, respectively (Table 1b).

Limits of detection and precision

Using normalised values gained by linear regression, we cal-
culated the limit of detection (LoD) of AFS at a confidence
level of 95%, applying the procedure described by [25]. The
LoD describes the lowest quantity of an analyte that can
be reliably detected above the observed background noise.
In the case of read-mapping approaches, LoD will depend
on genome relatedness and resulting chance for false-posi-
tive read assignment, which in turn partly depends on read
length (see above). If closely related genomes (e.g. sheep
vs. goat and cattle vs. buffalo) are included in an AFS map-
ping procedure using 150 bp reads, the method produces a
LoD of 1.6%. If only distant species are tested for, the LoD
decreases to 1.0%.

To also infer the random error produced by AFS, and thus
the precision of the method, we calculated 95% confidence
intervals for every instance of the expected species propor-
tions between 0.5 and 80% (Online Tab. S3). Proportion
components below 2% are measured with about 50% uncer-
tainty. Measurement error decreased to about 10% for pro-
portions between 2 and 36%, and 4% for proportions above
36%. Overall, CIs turned out to be close to the expected val-
ues and, therefore, are an excellent indication of high AFS
precision over the entire range of expected values from 0.5
to 80%.

Discussion

Classical DNA-based species identification in food is rou-
tinely performed as a targeted approach using PCR-based
methods, which can detect only a certain range of taxa, for
which the PCR primers ideally fit [5-8, 10-13]. AFS in
contrast analyses the complete DNA of a foodstuff with-
out amplification and is, therefore, a non-targeted, whole-
genome screening approach [18]. To investigate the potential
of AFS to detect unforeseen species components, we chose
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to study a real-case food control scenario and sequenced
the meat from five doner kebap samples from the Rhine-
Main area. According to German food legislation, snacks
sold under the label “doner kebap™ are expected to consist
only of sheep and/or beef [26]. However, occasional surveys
conducted by food authorities [27] or even occasioned by
broadcasting stations [28] have already pointed at a consid-
erable heterogeneity of animal species components in doner
kebap samples from Germany, which very often contained
unlabelled poultry (chicken, turkey) and in rare cases even
pork. Using AFS, we found that three of our five samples
indeed contained turkey meat, two samples even at a major
extent (90% or more). None of the samples, however, was
openly advertised to the consumer as “poultry doner”. In
addition, AFS detected in four cases soy as an unexpected
and unlabelled ingredient, which may be critical for consum-
ers suffering from allergy towards soybeans. Soybean DNA
may originate from the usage of spice coating (panada).
One sample additionally contained maize DNA, the origin
of which is unclear. AFS thus confirmed the results previ-
ously obtained by other labs in doner kebap species screens
and thus should function well as a method in routine food
screening.

The performance of AFS for the quantification of species
in different types of food matrices has not yet been inves-
tigated systematically. The main focus of the current study
was, therefore, to explore the quantification potential of AFS
to infer species proportions of reference sausages, which
have previously been used in the field to evaluate PCR-based
quantification methods. To directly compare AFS to quan-
tification results obtained by qPCR [8] and ddPCR [13], we
calculated for simplicity the sum of the % deviation (meas-
ured vs. expected) for each sausage sample (Table 1b-d).
Results showed that AFS data—very much like the gPCR
and ddPCR data—need to be calibrated for matrix-depend-
ent biases to generate the most accurate results. Indeed, in
8 of 12 cases “AFS-cal” produced the best results, while
ddPCR turned out to be clearly superior in 1 case (Kal C)
and slightly better in 3 cases (KLyo A, C, D). AFS readily
identifies and quantifies proportions of species over a broad
% range. Most importantly, it works at the 1% level, a value
often approximatively taken by food authorities to distin-
guish problematic species amounts from trace amounts, e.g.
originating by unavoidable contamination.

Very much like for other DNA-based methods, the limi-
tations of AFS are set by sequence similarities between
closely related genomes and by the so-called matrix effect,
which ultimately determines the extent to which species
proportions in food can be indirectly inferred from DNA
proportions. Our theoretical evaluation of possible wrong
read assignments between closely related taxa provides
the applicant of AFS with a means to readily distinguish
between true and false quantification results. Food consisting

of species, which have diverged at minimum 10 mio years
ago (e.g. sheep—goat or cattle-buffalo), may thus be analysed
without much problems. If AFS is performed for other, pos-
sibly closer taxa, the limits of false-positives can easily be
determined by the procedure, which we have outlined in the
methods section.

As previously noticed for PCR-based quantification meth-
ods [8, 13], the AFS requires mathematical calibration for
matrix effects to achieve best results (see above). Theoreti-
cally, for instance, it should be necessary for AFS to take
into account that birds have only 1/3 the genome size of
mammals. In practice, this consideration proved to be not
useful at all for quantifying food containing a mixture of bird
and mammalian material by AFS (data not shown). The pos-
sible reason is that chicken meat may contain more DNA per
gram tissue than, e.g., pork [29], thus compensating for the
smaller genome size. It will be almost impossible to define
the DNA amounts for all conceivable tissues from food-
relevant species. However, the application of food matrix
reference material, as done in the present study, facilitates
a guided calibration of matrix effects and thus efficiently
circumvents this problem.

In conclusion, we confirm here that AFS is a potent addi-
tional screening and quantification tool in the repertoire of
foodstuff analysis. We have calculated that AFS sequencing
reagent costs (50 libraries prepared in parallel, 500 k reads
each, all loaded on 1 Illumina MiSeq flowcell) currently
would amount to appr. 90 EUR per sample (see [19] for
high-multiplex estimations). The computer skills required
match those of a typical bioinformatics master student, and
routine screening of 1 mio reads against up to 10 eukaryotic
genomes can be performed on a laptop PC requiring a com-
putation time of appr. 20 min (see Materials and Methods
for hardware used). We like to point out that, in contrast to
standard PCR analytics and depending on the desired depth
of analysis, the AFS can go well beyond the mere identifi-
cation of animal and plant species into the world of food
microbiota, even including viruses [18]. Ideally, AFS would
screen for the ever-growing number of sequenced animal,
plant, fungal and bacterial genomes in one single analysis
on standard computers. However, due to the usage of algo-
rithms involving read mapping and sequence alignments, the
screening power of AFS is currently limited to 20-30 species
with large eukaryotic genomes in 1 analysis. We, therefore,
investigate the applicability of novel non-alignment-based,
memory-efficient algorithms for AFS. At the same time, the
identification and quantification of microbiota from foodstuff
by AFS is a goal worth of pursuing in future.
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6.1 DNA-basierte Speziesidentifikation: ein unverzichtbares Werkzeug
der Lebensmitteliiberwachung

Regelmalig berichten die Nachrichten von Lebensmittelskandalen: falsch deklarierte Rezep-
turen oder Austausch teurer durch glinstigere Zutaten werden mit Regelmafigkeit aufge-
deckt [1-5]. Neben einer Tauschung des Verbrauchers kann dies erhebliche gesundheitliche
Auswirkungen haben, wenn der Verbraucher Nahrungsmittelunvertraglichkeiten oder Aller-
gien hat oder es zur Aufnahme gesundheitsschadlicher Substanzen kommt. Auch ethische
Aspekte der Ernahrung (z. B. halal, koscher, vegan) gilt es zu beachten. In Deutschland er-
kranken jahrlich Gber 200.000 Menschen an durch Lebensmittel ibertragenen Mikroorga-
nismen [6], die z.B. durch einen Mangel an Hygienemaflnahmen bei der Verarbeitung in die
Produkte gelangen kénnen [7]. Lebensmittelhandler selbst sowie Behdrden der Lebensmit-
teliberwachung muissen die Méglichkeit haben, die Identitédt und Qualitat der gelieferten Wa-
ren zu Uberprifen. Im Sinne des Verbraucherschutzes und zur Verhinderung von unlauterem
Wettbewerb ist es daher erforderlich, standardisierte Methoden fur die eindeutige Identifizie-
rung biologischer Arten zur Verfligung zu haben. Fir prozessierte Lebensmittel haben sich
dafir DNA-basierte Nachweisverfahren als vorteilhaft erwiesen, da die Struktur von Protei-
nen je nach Grad der Verarbeitung oft zerstdrt wird und ein Nachweis auf Proteinebene sich
somit schwierig gestalten kann. Des Weiteren zeichnen sich DNA-basierte Methoden wie die
am haufigsten eingesetzte Polymerase-Kettenreaktion (PCR) durch ihre hohe Sensitivitat,
Spezifitdt und Quantifizierbarkeit (quantitative PCR, gPCR) aus [8-17]. Diese PCR-
Verfahren beruhen zum Nachweis einer Spezies in der Regel auf der Amplifikation von all-
gemein hoch-konservierten Genabschnitten, die charakteristische artspezifische Basensub-
stitutionen aufweisen. Die Zielsequenzen fir die PCR stammen oftmals aus mitochondrialer
(cytB, cox1, 16S rDNA) oder plastidarer DNA (rbcL, matK), da diese Organellen-DNAs in ho-
her Kopienzahl vorhanden und selbst nach starker Prozessierung im Gewebe effizient nach-
weisbar sind.
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Typischerweise werden die PCR-Amplikons fur den Artennachweis mit der klassischen San-
ger-Technik sequenziert. Die dann sichtbaren charakteristischen Sequenzaustausche wer-
den als artspezifischer ,DNA-Barcode” bezeichnet [18-20]. Fiir viele hunderttausende tieri-
sche, pflanzliche und Pilz-Spezies sind solche DNA-Barcodes bereits in entsprechenden Se-
quenzdatenbaken gesammelt worden, so dass die aus einem Lebensmittel erhaltenen Bar-
code-Sequenzen einfach durch Datenbankabgleich identifiziert werden kann [21]. Eine Ab-
wandlung der beschriebenen Methodik kommt zum Tragen, wenn nicht homogenes biologi-
sches Material aus einer Spezies, sondern komplexe Lebensmittelgemische bestehend aus
mehreren Arten analysiert werden sollen. Beim sogenannten ,Meta-Barcoding” erfasst ein
Primerpaar beispielweise das cyfB-Gen von Tieren. Die resultierenden Amplifikate stellen
dann ein Gemisch der unterschiedlichen Tierarten in der Probe dar. Sie werden hoch-parallel
durch Next-Generation-Sequencing entschlusselt. Die im Gemisch vorhandenen unter-
schiedlichen artspezifischen Sequenzen kénnen danach durch einen Datenbankabgleich
identifiziert werden (Abbildung 1).

gesamte DNA der Probe amplifizierte Barcoding
Fragmente (z.B. COl)
M

Homeogenisierung und PCR-basierte

DNA Extraktion M Amplifikation Un\f \'{ y \J‘
SO A A
' . DPUDITDOADT
N
MR
A H v :
« . accasTea
* P’Lﬁﬁj SpeTies D AACACTCA
= bioinformatischer Abgleich mit Amplikon-basiertes
Speziesliste . :
Referenzdatenbank Next Generation Sequencing

Abbildung 1: Schematischer Aufbau einer ,Meta-Barcoding“-Analyse: Die zu analysierende Probe wird ho-
mogenisiert und eine Gesamt-DNA-Extraktion durchgefiihrt. Mittels PCR werden Genabschnitte mit spezies-
spezifischen Sequenzaustauschen (z.B. aus dem Gen der mitochondrialen COI) amplifiziert, sog. DNA-Barcoding
Fragmente. Fir eine umfassende Analyse multipler Spezies sind parallele PCR-Ansatze mit unterschiedlichen
Primersystemen notwendig. Die DNA-Barcoding Fragmente werden anschlieRend hoch-parallel durch NGS-
Methoden sequenziert. In einer bioinformatischen Analyse werden die sequenzierten Fragmente mit bestehenden
Referenzdatenbanken abgeglichen und somit das Artenspektrum der metagenomischen Probe abgeleitet.

Qualitativ kann man die Artzusammensetzung des Lebensmittels auf diese Weise hochspe-
zifisch ermitteln. Flr die gleichzeitige Erfassung z.B. von Pflanzen, Tieren und Mikroorga-
nismen sind aber parallele Ansatze mit jeweils anderen PCR-Primersystemen erforderlich.
Prinzipiell ist also das Next-Generation Sequencing (NGS)-basierte Meta-Barcoding durch
den Einsatz dieser Primersysteme auf ein Spektrum an identifizierbaren Arten beschrankt.
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Die Barcode-typischen Markergene aus Organellen-DNA schwanken zudem in der Kopien-
zahl je nach Gewebe und auch zwischen den Arten sehr stark. Eine Quantifizierung von Art-
Anteilen durch einfaches Auszahlen der Meta-Barcode-Sequenzen gilt daher durch Schwan-
kungen in der Anzahl der zur Verfligung stehenden PCR-Matrizen, durch die variable Bin-
dungsspezifitat der Primer und durch Assay-abhangige Amplifikationsbias als eher proble-
matisch [22-29].

Eine Alternative zum PCR/Barcode-basierten Speziesnachweis stellt die Sequenzierung der
Gesamtheit aller genomischer DNA eines Lebensmittels dar (,whole-genome shotgun meta-
genomics®). Die artspezifischen Unterschiede der erhaltenen Sequenzabschnitte sollten da-
bei eine Bestimmung der Artzusammensetzung erlauben. In der Tat bestehen die Genome
von Eukaryoten Uberwiegend aus nicht-funktionellen Bereichen, die weitgehend ohne selek-
tiven Druck wahrend der Evolution speziesspezifische Mutationen anhaufen und so fur eine
Artbestimmung bestens geeignet sind. Der Genomanteil zwischenartlich konservierter Gen-
Exons ist dagegen niedrig (z.B. 1.2 % bei Sdugetieren [30]). Lebensmittelrelevante Spezies
wie Schwein, Huhn u.a. zeigen zudem innerhalb einer Art nur wenige Polymorphismen von
etwa 0,5 — 5 pro 1.000 Nukleotiden [31-34]. Diese geringen Werte sollten eine Differenzie-
rung der Spezies durch gesamt-genomische Sequenzierung nicht negativ beeinflussen; sie
kdénnten hingegen flr eine Bestimmung von Populationen und geografischer Herkunft des
Materials ausgewertet werden.

Eine weitere Uberlegung ist, dass der DNA-Anteil jeder Spezies in einem komplexen Le-
bensmittel in etwa proportional zum Gewichtsanteil der entsprechenden Spezies in der Pro-
be sein sollte. Dies wirde zusatzlich zur Artidentifikation eine Quantifizierung von Speziesan-
teilen in Nahrungsmittelgemischen ermaéglich, indem man die Anteile der Arten in dem Se-
quenzdatensatz durch Auszahlen der sogenannten ,Sequenz-Reads" bestimmt. Zudem kann
ein solcher Ansatz der metagenomischen Gesamtsequenzierung von Lebensmittel-DNA alle
in der Probe vorhandenen Spezies, egal ob eukaryotisch, prokaryotisch oder gar viral, in ei-
nem einzigen Experiment bestimmen. Daher entfallt die Notwendigkeit von multiplen Assays,
um Bestandteile aller Domanen des Lebens identifizieren zu konnen. Eine zusatzliche DNA-
Amplifikation uber Primer entfallt ebenso, wie das hieraus resultierende Bias. Da die erhalte-
nen genomischen DNA-Sequenzen quasi ohne vorherige Erwartungen betrachtet werden,
kénnen auch unerwartete ,exotische” Speziesanteile detektiert werden, insbesondere auch
solche, die ein mogliches Gesundheitsrisiko fir den Konsumenten darstellen.
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6.2 All-Food-Sequencing: Gesamt-genomisches NGS-basiertes Lebens-
mittel-Screening

Das All-Food-Sequencing (AFS) ist ein DNA-basiertes Screeningverfahren zur gleichzeitigen
qualitativen und quantitativen Artendiagnose in komplexen Lebensmitteln, die aus Anteilen
mehrerer Spezies bestehen [35]. Die Methode umfasst die ungezielte Sequenzierung der
gesamten Genom-DNA eines Lebensmittels mittels NGS. Daher wird im Gegensatz zu ande-
ren Methoden wie PCR oder Meta-Barcoding keine Amplifikation bestimmter genomischer
Regionen und somit auch keine a priori-Informationen in Form von z.B. Amplifikationsprimern
bendtigt. Eine zu prifende Lebensmittelprobe wird homogenisiert und die gesamte DNA ex-
trahiert. Die gewonnene DNA wird langenfragmentiert und eine lllumina-Sequenzierbibliothek
erstellt; die Sequenzierung erfolgt auf z.B. auf einem lllumina HiSeq-, NextSeq- oder MiSeq-
Gerat. Bereits ca. 200k erhaltene Sequenz-Reads einer Leselange von je 50 bp sind ausrei-
chend, um die Hauptkomponenten des Lebensmittels mit einem Anteil von mindestens 1 %
zuverlassig zu quantifizieren [36]. Besser werden fir eine Analyse mit der AFS jedoch etwa 1
Mio. Reads erstellt, um auch Bestandteile in geringeren Anteilen zuverlassig detektieren zu
konnen. Die bioinformatische Arbeit, bei der die Reads identifiziert und gezahlt werden, lauft
folgendermafen ab (Abbildung 2): zunachst werden die Reads hochspezifisch an eine Pa-
lette zur Verflgung stehender Referenz-Genomsequenzen kartiert und somit einer Art zuge-
ordnet sowie dabei auch ausgezahlt (,quantitatives Mapping“). Reads, die bei diesem Schritt
der Auswahl an Referenzgenomen nicht zugeordnet werden kénnen (,Unmapped Reads®),
werden optional durch massive Datenbank-Suchen mit dem Alignment-Algorithmus BLAST
identifiziert (,qualitative Metagenomik®).

Beim Kartieren der Reads an Referenzgenome greift AFS auf den etablierten Mapping-
Algorithmus BWA zurtck [37]: Im quantitativen Mapping werden die Reads einer Lebensmit-
telprobe iterativ in drei Durchgangen mit abnehmender Stringenz an eine Auswahl von Refe-
renzgenomen kartiert. Zunachst werden nur vollstandig sequenzidentische Reads ausgewer-
tet. Resultierende Treffer werden in drei Kategorien eingeteilt: 1) Unique Reads, die spezi-
fisch an ein Referenzgenom kartieren, 2) Multimapped Reads, die mit gleicher Gute an meh-
rere Referenzgenome kartieren und 3) Unmapped Reads, die keinem Referenzgenom zuge-
ordnet werden konnten (Abbildung 2). Die Unique Reads werden direkt der entsprechenden
Spezies zugeordnet. Multimapped Reads entstehen durch zwischen mehreren Spezies kon-
servierte Genomregionen und ihre Herkunft ist nicht eindeutig bestimmbar. Daher werden
diese Reads anteilig im Verhaltnis entsprechend der bei den Unique Reads beobachteten
Distribution auf die beteiligten Spezies verteilt. Zuletzt werden die Unmapped Reads als Ein-
gabe fir zwei weitere Mapping-Durchgéange genutzt, wobei jeweils die geforderte Sequenzi-
dentitdt zwischen Read und Referenzgenom um 1 % gesenkt wird.
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Am Ende der drei Durchgange wird anhand aller pro Spezies erzielten Treffer die finale Dis-
tribution der identifizierten Spezies berechnet. Die verbleibenden Unmapped Reads kdnnen
in der qualitativen Metagenomik durch optionale massive BLAST-Analysen zugeordnet wer-
den [38, 39]. Hierbei werden alle Unmapped Reads per lokalem BLAST mit der NCBI non-
redundant nucleotide collection (nr/nt) abgeglichen. Somit kénnen Spezies identifiziert wer-
den, die nicht bei der initialen Auswahl der Referenzgenome berlcksichtigt wurden.
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Abbildung 2: Workflow der AFS. Mit gangigen molekularbiologischen Methoden wird die gesamte DNA einer
Lebensmittelprobe extrahiert, eine NGS library erstellt und auf einem lllumina-Gerat sequenziert. Im quantitativen
Mapping werden in drei lterationen die sequenzierten Reads an ausgewahlte Referenzgenome kartiert und in
Klassen unterteilt: Unique Reads treffen spezifisch an nur einem Referenzgenom, Multimapped Reads treffen
aufgrund konservierter Sequenzen an mehreren Referenzgenomen. Multimapped Reads werden anhand des
Verhaltnisses von Unique Reads auf Spezies aufgeteilt. Unmapped Reads kdnnen keinem Referenzgenom zu-
geordnet werden und zeigen in der Regel zusétzliche in der Probe enthaltenen Spezies oder mikrobiologische
Belastungen an. In der qualitativen Metagenomik wird die Speziesherkunft jedes ungemappten Reads durch
BLAST-Analysen ermittelt. Sofern ein Referenzgenom fiir neu entdeckte Spezies vorhanden ist, kann das quanti-
tative Mapping um entsprechende Spezies erweitert werden.
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Wenn flUr eine dabei neu identifizierte Spezies ein Referenzgenom existiert, so kann der initi-
ale quantitative Mappingschritt unter Einbeziehung dieser neu identifizierten Komponente
wiederholt werden. Bei Fehlen eines passenden Referenzgenoms kann mit den Unmapped
Reads zumindest eine qualitative Aussage Uber die Anwesenheit der Spezies im Lebensmit-
tel getroffen werden. Durch diese qualitative Metagenomik sind selbst in Spuren vorhandene
Zutaten wie Gewturze, Verunreinigungen oder Allergene in der Probe detektierbar. Auch eine
Bestimmung des mikrobiologischen Artenspektrums ist auf diese Weise moglich.

6.3 AFS liefert exaktere Resultate als gPCR

Die Performanz der AFS-Methode wurde anhand von Wurstproben mit exakt bekannten Zu-
sammensetzungen getestet, sogenannten Kalibrator-Wursten. Diese Proben wurden von ei-
ner professionellen Metzgerei zu Versuchszwecken nach drei Rezepturen erstellt: AllMeat
(Rind, Schwein, Schaf, Pferd in variablen Anteilen), Lyoner (Rind, Schwein und in geringe-
rem Umfang Huhn, Truthahn) sowie Geflligel-Lyoner (Huhn, Truthahn und in geringerem
Umfang Rind, Schwein) [9, 10]. Viele Lebensmittel enthalten auch pflanzliche Komponenten,
die bei Personen zu allergischen Reaktionen fiihren kénnen. Daher wurden insgesamt 11
Pflanzen mit Allergiepotential in unterschiedlichen Mengen in die Wurstrezepturen eingear-
beitet.

Die so konzipierten Proben wurden per AFS analysiert und die Ergebnisse mit denen kon-
ventioneller Methoden wie gPCR und droplet digital PCR (ddPCR) verglichen (Abbildung 3):
In 9 von 13 Féllen lieferte AFS die besten Resultate, bei 3 Proben war eine ddPCR leicht
besser und nur in einem Fall lieferte eine ddPCR eindeutig bessere Ergebnisse als AFS [40].
Fir keine der betrachteten Proben konnte eine gPCR das beste Ergebnis liefern. Selbst Zu-
taten mit einem Anteil von 0,5 — 1 % konnten zuverlassig durch AFS detektiert werden. Noch
keine quantitative Analytik war zum Zeitpunkt der Datenauswertung fur die potenziell aller-
genen Pflanzenspezies mdglich, da fiir diese nur ein einziges Referenzgenom existierte. Da-
her konnten diese Bestandteile nur durch qualitative Metagenomik untersucht werden. Alle
Pflanzenspezies konnten dabei identifiziert werden [35]. Eine quantitative Aussage ist bei
dieser BLAST-Analyse aufgrund der ungleichmalligen Reprasentation von Spezies in der
Datenbank nicht méglich. Zwar wurde eine Pflanzenart sogar mit nur einem Read identifi-
ziert, vor allem bei Allergenen gehen wir jedoch davon aus, dass eine qualitative Aussage
als Alarmsignal ausreichend ist.

Zur Einschatzung der Gefahr von méglichen falsch-positiven Resultaten bei der AFS-
Analyse wurden zusatzlich zu den in den Wirsten real enthaltenen Spezies-Komponenten
zusatzlich nah-verwandte Spezies getestet.
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Eine enge phylogenetische Beziehung von Arten bedingt eine héhere Sequenzahnlichkeit
aufgrund konservierter DNA-Sequenzen, die wiederum zu uneindeutigen Read-Zuordnungen
und somit zu qualitativ und quantitativ falschen Aussagen filhren kénnten. Es konnte gezeigt
werden, dass phylogenetische Distanzen von ca. 10 Mio. Jahren (z.B. Schaf-Ziege oder
Rind-Wasserbiiffel) nur zu geringen Falsch-Zuordnungen bei der AFS fiihren und diese le-
bensmittelrelevanten Speziespaare somit sicher unterschieden werden kénnen [40]. Durch in
silico-Simulationen haben wir gezeigt, dass eine Erhéhung der Read-Leselange bei der Se-
quenzierung auf 150 bp falsch-positive Treffer erwartungsgeman verringert, da langere
Reads haufiger diagnostische Unterschiede zwischen den Spezies enthalten. Durch diese
technische Madifikation kann die falsch-positive Detektionsrate mit nur geringen Mehrkosten
deutlich gesenkt werden.

reale Anteile All-Food-Seq

Schaf 1% Schaf 1,0%

Schwein
54,2%

Schwein 55%

Pferd 35% Pferd 35,1%.

Rind 9% Rind 9,6%

qPCR

Senf
Sellerie
Erdnuss
Soja
Lupine
Walnuss
Mandel
Sesam
Haselnuss
Cashewnuss
Pistazie

Schaf 1,5%

Pferd 24,4%

Qualitative Metagenomik

Schwein
51,0%
Pseudomonas spp.

Rind 23,0% Leuconostoc spp.

I

Abbildung 3: Vergleich der All-Food-Seq und qualitativer PCR am Beispiel des AllIMeat-Kalibrators B. Die
Ergebnisse der qualitativen PCR stammen aus [8].
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6.4 AFS identifiziert ,,exotische”“ Komponenten in der Praxis

Das Potential der AFS zur Detektion unerwarteter Komponenten sollte in der Praxis getestet
werden, indem reale Lebensmittelproben sequenziert wurden. Diese umfassten flinf Déner
Kebab von Imbissen aus dem Rhein-Main-Gebiet. Laut dem Bayerischen Landesamt fir Ge-
sundheit und Lebensmittelsicherheit (LGL) durfen unter dem Namen Déner Kebab verkaufte
Gerichte ausschliefdlich Fleisch von Lamm/Schaf oder Kalb/Rind enthalten; Hahnchen- oder
Putenhaltige Gerichte mussen hingegen einen entsprechenden Namen gemalf} der enthalte-
nen Geflligelart tragen [41]. Mehrere Studien berichten jedoch von Fehldeklarationen von
Déner Kebab-Snacks, wobei haufig nicht deklariertes Geflligel oder in seltenen Fallen auch
Schweinefleisch enthalten waren [42—44]. Bei der Untersuchung mit der AFS lag daher der
Fokus auf der Identifikation der Fleischkomponenten, weshalb nur diese extrahiert und ana-
lysiert wurden. In drei von flinf Proben konnte Fleisch vom Truthahn mit je einem Anteil von
Uber 70 % nachgewiesen werden, obgleich keine der Proben als Geflligeldéner verkauft
wurde [40]. In drei Proben konnten geringe Mengen an nicht deklarierter Soja nachgewiesen
werden, die womaoglich aus einer Gewlrzmischung der Marinade des Fleisches stammen
konnte und fur Konsumenten besonders im Hinblick auf Allergien von grof3er Relevanz ist. In
einer Probe wurden auferdem nennenswerte Mengen an Mais gefunden, dessen Ursprung
wir in der Salatbeilage des Déner Kebab vermuten.

Des Weiteren wurde eine Paella mit Huhn analysiert. Bei diesem Gericht handelt es sich um
ein rezeptorisch komplexes Gericht mit vielen Zutaten in zum Teil geringen Mengenanteilen.
Zur Vereinfachung dieser komplizierten Aufgabe wurden bei der Analyse mit der AFS nur die
,Nicht-Reis“-Komponenten untersucht. Die meisten der Komponenten wie Huhn, Alaska
Seelachs, Miesmuscheln, Tomaten und Paprika konnten zuverlassig detektiert werden [un-
veroffentlichte Ergebnisse]. Diese Probe zeigt aber auch eine Schwache der AFS auf: fur die
im Gericht enthaltenen Erbsen sowie Zwiebeln existieren bis dato keine Referenzgenome,
die jedoch eine zwingende Voraussetzung fir die quantitative Analyse sind. Durch die daher
notwendigerweise fehlerhafte Quantifizierung wurde der Anteil der real vorhandenen Spezies
(mit Referenzgenom) Uberschatzt, sodass eine exakte mengenmallige Aussage in diesem
Fall nicht mdglich war. Durch den zweiten Analyseschritt der AFS, die Metagenomik per
BLAST-Analyse, war es indessen mdglich, diese Spezies zumindest qualitativ zu identifizie-
ren. Auf diese Weise konnte im Gericht entgegen der deklarierten Rezeptur Hefe detektiert
werden (ein Befund, den der Hersteller auf Nachfrage bestatigte). Aulerdem wurden geringe
Mengen an Nepetoideae identifiziert. Dieser Pflanzen-Unterfamilie gehoren diverse Gewdurz-
pflanzen wie Basilikum, Oregano, Rosmarin, Thymian an. Auch geringe Spuren von Faden-
wirmern wurden identifiziert. Da Seelachs haufig von diesen Parasiten befallen ist, erscheint
dieser Weg in das Lebensmittel am naheliegendsten.
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Im tiefgefrorenen Produkt stellen diese zwar keine Gesundheitsgefahr fiir den Menschen dar,
sie sind jedoch Indiz fur eine verspatete Entfernung des Bauchlappens bei der Bearbeitung
des Fischs [45, 46]. Interessanterweise konnte die AFS die im Rezept angegebenen Shrimps
nicht bestatigen, dafiir wurde unerwartet Tintenfisch identifiziert. Wir vermuten, dass es sich
hierbei um eine mogliche Anderung der Rezeptur oder eine Kontamination in der Produkti-
onslinie handelt; diese Beobachtung hat der Hersteller jedoch nicht kommentiert. Diese Bei-
spiele demonstrieren, dass die AFS als Screening-Methode sinnvoll einsetzbar ist. Erganzt
durch etablierte Methoden wie die gezielte PCR-Detektion hat die AFS ein grofltes Potential
zur routinemalfigen Analyse von komplex zusammengesetzten Lebensmitteln.

6.5 Bakterien- und Phagen-Detektion ohne Mehraufwand

Die AFS basiert wie beschrieben auf einer Sequenzierung der gesamten DNA einer Probe.
Dies bietet zeitgleich das Potential, das mikrobielle Spektrum ohne finanziellen Mehraufwand
bedingt durch eine separate Typisierung testen zu kénnen. Diese Starke der AFS zeigte sich
eindrucksvoll an den Gefligel-Lyoner-Proben: In diesen wurden die Bakterien Brochothrix
spp., Pseudomonas spp. und Psychrobacter spp. identifiziert [47]. Vertreter aller drei Gattun-
gen sind daflir bekannt Lebensmittel zu verderben [48, 49]. Des Weiteren wurde in diesen
Lyonerwursten Brochothrix phage BL3 nachgewiesen [47]. Dieser Bakteriophage wird in der
Lebensmittelindustrie eingesetzt, um die Haltbarkeit von verpacktem Fleisch zu verlangern
[50, 51]. Somit zeigt AFS eindrucksvoll, dass selbst die Detektion von Viren und auch bi-
oprozessierten Lebensmitteln mdglich sind.

6.6 Limitation durch Referenzgenome

Bedingung fur die Funktionsweise der AFS ist das Vorhandensein von Referenzgenomen fur
moglichst viele zu testende Spezies. In der Vergangenheit waren solche Genomsequenzen
nur kostenintensiv und sehr aufwandig herzustellen. So hat etwa das human genome project
vor zwanzig Jahren mehrere Tausend Wissenschaftler (iber einen Zeitraum von Uber 10 Jah-
ren beschaftigt und fast 3 Mrd. US-Dollar gekostet [52, 53]. Die Kosten einer Sequenzierung
sind jedoch erheblich gesunken (z.B. auf ca. 1.500 € pro Humangenom), und verbesserte
Computertechnologie sowie Algorithmik haben den zur Assemblierung benétigten Rechen-
aufwand deutlich reduziert. Heute ist daher die Erstellung eines Referenzgenoms einer Spe-
zies auch fiir kleine Labore erschwinglich und der Arbeitsaufwand von einem Doktoranden in
wenigen Wochen zu bewerkstelligen.

Als weiter kostensparende Alternative haben wir getestet, ob die AFS auch mit sehr schwach
redundant sequenzierten und daher dullerst kostenglinstig erstellten Genomsequenzen
funktioniert.
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Solche Genome, die typischerweise mit einer Redundanz von nur 5-10x produziert werden,
erreichen selbstverstandlich bei weitem nicht die hohe Qualitat von grindlich erarbeiteten
Referenzgenomen wie dem des Menschen. Die Basensequenz ist jedoch in der Regel nahe-
zu vollstdndig vorhanden (> 90 %), liegt aber eben stark fragmentiert vor. Dennoch eignen
sich diese ginstig erstellten Genomsequenzen offenbar hervorragend flr analytische Zwe-
cke wie die AFS [unverdffentlichte Ergebnisse]. Zusatzlich planen grole Genom-Konsortien
die Sequenzierung von vielen Tausend Genomen [54, 55]. Daher ist davon auszugehen,
dass in einigen Jahren Referenzgenome fir die wichtigsten aller eukaryotischen Spezies
vorhanden sein werden. Vermutlich werden damit alle lebensmittelrelevanten Spezies schon
friher abgedeckt sein, sodass diese Limitierung der AFS voraussichtlich bald entfallt.

6.7 Schnellere Analysen durch algorithmische Weiterentwicklung

Wahrend einer AFS-Analyse missen bei der Kartierung der Reads alle Referenzgenome in
den Arbeitsspeicher des Rechners geladen werden. Die Menge an bendtigten Computerres-
sourcen nimmt schon heute zum Teil problematische Dimensionen an und wird klnftig mit
mehr verfugbaren Referenzgenomen weiter steigen. Zum Teil werden diese Herausforde-
rungen sicher durch Fortschritte in der Computertechnik kompensiert werden. Dennoch wird
parallel eine Reduktion der Rechenlast erforderlich. Wir entwickeln daher die Software AFS-
MetaCache, die durch geschickte Reduktion der zu durchsuchenden Genomgrofie den Re-
chenaufwand stark reduziert [47, 56]. Die Vorgehensweise flhrt MinHash als algorithmisches
Prinzip in DNA-Analyseverfahren ein: diese informatische data mining-Technik berechnet
den Jaccard-Koeffizienten zweier Elemente und bestimmt deren Schnittmenge, sodass ziigig
Ubereinstimmungen detektiert werden kénnen. Die Methode stammt urspriinglich aus der
Webentwicklung und wird u.a. von Internet-Suchmaschinen verwendet, um sich ahnelnde
Websites zu filtern.

AFS-MetaCache unterteilt sich in zwei Arbeitsschritte: 1) einmalige Erstellung der Datenbank
mit den Referenzgenomen und 2) Analyse einer Probe durch Abgleich der Reads mit der er-
stellten Datenbank. Bei der Konstruktion der Datenbank wird jedes zur Verflgung stehende
Referenzgenom in Windows der Lange | unterteilt, die einer genomischen Region entspre-
chen (Abbildung 4). Innerhalb eines jeden Windows werden alle k Nukleotide langen Se-
quenzen, sog. k-mers, extrahiert und in eine Liste geschrieben. Auf jedes Element dieser Lis-
te wird nun eine Hashfunktion angewandt, die jedem k-mer basierend auf seiner Sequenz
einen eindeutigen Zahlenwert zuteilt. Nun folgt der Vorteil, der zur enormen Reduktion an
Hardware-Ressourcen fihrt.
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Anstatt wie rechenintensive Mapping-Algorithmen die gesamte verfiigbare Information als
Referenz zu nutzen, reduziert AFS-MetaCache die Sequenz der Referenzgenome nach ei-
nem reproduzierbaren Prinzip: aus der Liste an Hash-Werten jedes Windows werden nicht
alle, sondern nur die s kleinsten k-mere fiir die folgende Analyse in die Datenbank geschrie-
ben. Dadurch reduziert sich die GréRe jedes zu durchsuchenden Referenzgenoms, wahrend
jedoch alle genomischen Regionen abgebildet bleiben.

Beim zweiten Schritt, der Klassifikation der sequenzierten Reads aus der Lebensmittelprobe,
wird nun sehr dhnlich vorgegangen: Jeder sequenzierte Read wird in seine k-mere zerlegt
und diese in einer Liste gespeichert, jeweils eine Hashfunktion angewandt und zuletzt nur die
s kleinsten k-mere betrachtet (Abbildung 4). Anstatt die ganze Sequenz eines Reads zu ver-
gleichen, missen somit nur s k-mere ausgewertet werden, um die genomische Region des
Reads und damit seine Herkunft und Spezies-Zuordnung zu identifizieren. Diese Reduktion
des Suchaufwands hat eine Uber 400-fache Steigerung der Geschwindigkeit bei gleichblei-
bender Sensitivitdt und Spezifitat zur Folge, sodass die bicinformatische Auswertung einer
Probe mit 10 Mio. Reads auf deutlich unter 1 Minute reduziert werden kann [47, 56].
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Abbildung 4: Konzeptioneller Ablauf von AFS-MetaCache. Die Methode Iauft in zwei Schritten ab: Zunachst
wird einmalig eine Datenbank aus allen zur Verfugung stehenden Referenzgenomen erstellt. Dabei wird jedes
Genom in windows unterteilt. Anschlieend wird fir alle in einem window enthaltenen k-mere ein Hash-Wert be-
rechnet. Nur die k-mere mit den s kleinsten Hash-Werten werden in die Datenbank Ubertragen. Der zweite AFS-
MetaCache Schritt ist die Analyse: Jeder zu analysierende Read wird in seine k-mere zerlegt und deren Hash-
Werte berechnet. Die s kleinsten Hash-Werte jeden Reads werden mit der Datenbank abgeglichen. Basierend auf
den getroffenen k-meren in der Datenbank wird ermittelt, an welches window und Genom der jeweilige Read kar-
tiert werden kann.
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6.8 Kosten der AFS

Die Materialkosten einer AFS-Analyse reflektieren grofitenteils die Reagenzien zur Erstel-
lung der lllumina NGS-Library. Die Reagenzien fir die Sequenzierung selbst von etwa 1 Mio.
Reads sind hingegen sehr glnstig. Kommerzielle Anbieter offerieren beispielsweise die Ana-
lyse von 40 Proben (parallel) mit je 2x 1 Mio. Reads (,paired-end“-Sequenzierung) und 75 bp
Leselange fiir ca. 120€ pro Probe [57].

6.9 Zusammenfassung und Ausblick

Die All-Food-Seq (AFS) ist eine Screening-Methode zur Analyse von Lebensmittelkompo-
nenten basierend auf Next-Generation Sequencing der Gesamt-DNA. Verglichen mit etab-
lierten Methoden wie der qPCR oder ddPCR liefert die AFS eine vergleichbare oder sogar
bessere Quantifizierungsaussage. Bedingung flr eine Analyse mit der AFS ist das Vorhan-
densein von Referenzgenomen der zu untersuchenden Spezies. Durch kontinuierlich sin-
kende Kosten flur Genomdaten ist mit deren VerfUgbarkeit fir die meisten Lebensmittel-
relevanten Spezies in wenigen Jahren zu rechnen. Der Preis pro Analyse wird vermutlich
ebenfalls weiter sinken.

Prinzip-bedingt ermoéglicht AFS das Screening eines Lebensmittels chne a priori-Annahmen,
z.B. durch den Einsatz von PCR-Systemen. AuRerdem stellt die Methode einen All-in-One
Ansatz dar, da neben tierischen und pflanzlichen Komponenten auch die mikrobielle Belas-
tung festgestellt werden kann. Dabei ist es unerheblich, ob es sich um Parasiten, Pilze, Bak-
terien und gar Viren handelt: Vertreter aller Domanen des Lebens kdnnen in nur einem Ex-
periment parallel detektiert werden. Aktuell lassen sich Mikroorganismen zwar identifizieren,
aber nur bedingt quantifizieren. Wir arbeiten daher daran, den Zusammenhang zwischen
identifizierten bakteriellen Reads und koloniebildenden Einheiten herzustellen. Hierdurch
wird es potenziell moglich, per AFS eine Aussage z.B. Uber die Anzahl von Faulnisbakterien
und somit den Frischegrad des Lebensmittels zu treffen. Allergene kénnen in der AFS der-
zeit haufig nur qualitativ identifiziert werden; fir viele relevante Pflanzenspezies fehlen aktu-
ell noch die Referenzgenome.

Fortschritte in der Sequenziertechnologie werden sich vermutlich sehr positiv auf die AFS in
der Praxis auswirken: aktuell testen wir die Eignung des Nanoporen-Sequenzierprinzips fiir
die AFS. Diese ultraportable Sequenziertechnologie erméglicht Analysen am Ort der Pro-
bennahme, also z.B. auf dem Markt oder direkt beim Produzenten, und damit in Echtzeit. Es
entfallt die Notwendigkeit des Probentransports in ein Labor, was vor allem bei der Kontrolle
von schnell verderblichen Lebensmitteln von Vorteil ist. Besonders die Kombination mit
schnelleren Analyse-Algorithmen wie AFS-MetaCache ist dabei erfolgsversprechend. Somit
kann die aktuell géngige Praxis der Beanstandung einer Probe im Nachhinein aufgrund der
grolien Zeitersparnis bei der Analyse schon bald der Vergangenheit angehdren.
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Abstract

Background: All-Food-Sequencing (AFS) is an untargeted metagenomic sequencing method that allows for the
detection and gquantification of food ingredients including animals, plants, and microbiota. While this appreach avoids
some of the shortcomings of targeted PCR-based methods, it requires the comparison of sequence reads to large
collections of reference genomes. The steadily increasing amount of available reference genomes establishes the
need for efficient big data approaches.

Results: We intreduce an alignment-free k-mer based method for detection and quantification of species
composition in food and other complex biclogical matters. It is orders-of-magnitude faster than our previous
alignment-based AFS pipeline. In comparison to the established tools CLARK, Kraken2, and Kraken2+Bracken it is
superior in terms of false-positive rate and quantification accuracy. Furthermore, the usage of an efficient database
partitioning scheme allows for the processing of massive collections of reference genomes with reduced memory
requirements on a workstation (AFS-MetaCache) or on a Spark-based compute cluster (MetaCacheSpark).

Conclusions: We present a fast yet accurate screening method for whole genome shotgun sequencing-based
biosurveillance applications such as food testing. By relying on a big data approach it can scale efficiently towards
large-scale collections of complex eukaryotic and bacterial reference genomes. AFS-MetaCache and MetaCacheSpark
are suitable tools for broad-scale metagenomic screening applications. They are available at https://muellan.github.io/
metacache/afshtml (C++ version for a workstation) and https://github.com/jmabuin/MetaCacheSpark (Spark version

for big data clusters).

sensitive hashing, Big data

Keywords: Next-generation sequencing, Metagenomics, Species identification, Eukaryotic genomes, Locality

Background

Monitoring of food ingredients is becoming an increas-
ingly important task. Relevant issues include correct label-
ing, fraud detection, and assessment of health risks [1].
This motivates the need for analytical methods that allow
for accurate determination and quantification of food
ingredients ideally spanning all kingdoms of life including
animals, plants, bacteria, fungi, and possibly even viruses.
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K BMC

Quantitative real-time polymerase chain reaction
(qPCR) [2] and droplet digital PCR (ddPCR) [3] are DNA-
based technologies for food control that are widely used
in practice. Unfortunately, these methods are limited by
the number of target species within a single assay and thus
are not suitable for broad-scale species screening. Similar
restrictions apply to approaches based on sequencing of
species-specific DNA bar codes [4].

High-throughput sequencing of total metagenomic
DNA from biological samples provides the possibility to
screen for a wide range of species as it does not require
any prior definition of possible target species. How-
ever, subsequent bioinformatic analysis of large amounts

© The Author(s). 2020 Open Access This article is licensed under a Creative Commaons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were

made. The images or other third party material in this article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/. The Creative
Commons Public Domain Dedication waiver (http/creativecommons.org/publicdomain/zero/1.0/) applies to the data made
available in this article, unless otherwise stated in a credit line te the data.

56



Kobus et al. BMC Bioinformatics (2020) 21:102

of sequence-reads is required to identify and quantify
actual food components. Our All-Food-Seq (AFS) pipeline
[5, 6] maps each sequenced read to a number of reference
genomes and then determines species composition and
relative quantities based on a read counting procedure.
Evaluation based on simulated as well as real data has
demonstrated that AFS can detect anticipated species in
food products and achieve quantification accuracy com-
parable to qPCR.

However, the AFS pipeline relies on applying a read
alignment tool (such as BWA [7-9], Bowtie2 [10], or
CUSHAW [11]) for each considered reference genome.
Thus, runtime scales linearly with the number of consid-
ered genomes. For example, the quantification of a typical
short read dataset consisting of a few million reads using
ten mammalian and avian reference genomes with the
BWA-based AFS pipeline already requires several hours
on a standard workstation (not including the time for
index construction). For broader scale screening of many
species a much larger amount of reference genomes would
be required, making this approach unfeasible.

More recently, a number of innovative techniques
for fast taxonomic labeling in the field of bacterial
metagenomics have been proposed. Wood and Salzberg
[12] demonstrated that a k-mer-based exact matching
approach can achieve high read classification accuracy
while being around three orders-of-magnitude faster than
the alignment tool MegaBLAST. It relies on building a
database of all substrings of length & of each considered
(bacterial) reference genome. A read is classified by query-
ing the database using each of its k-mers as query. If a
query returns a match a counter for the corresponding
reference genome(s) is incremented. Finally, a read is taxo-
nomically labeled based on high-scoring counters. Recent
benchmark studies [13, 14] demonstrated that k-mer
based tools such as Kraken [12], Kraken2+Bracken [15],
CLARK [16], and MetaCache [17] can produce superior
read assignment accuracy compared to several other tools
including MetaPhlAn [18], mOTU [19], QIIME [20], and
Kaiju [21] for selected bacterial metagenomic datasets.
While being accurate, the major drawback of the k-mer
based approach is high main memory consumption and
long database construction times. For typical bacterial ref-
erence genome sets the databases used by Kraken and
CLARK already consume several hundreds of gigabytes in
size. The significantly higher complexities of eukaryotic
reference genomes relevant for monitoring food ingre-
dients therefore make an extension of this method to
food-monitoring challenging.

Here, we present a novel computational method for
broad-scale detection and quantification of species com-
position in food and other complex biological matters.
It is based on our recently introduced MetaCache [17]
bacterial metagenomic read classification algorithm. We
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employ a big data technique called minhashing to sub-
sample k-mers in an intelligent way, thereby reducing the
amount of stored k-mers by an order-of-magnitude. In
this paper we show how this method can be extended
from the taxonomic labeling of bacterial reads to the
detection and quantification of ingredients in food sam-
ples that can span various kingdoms of life. MetaCache
is augmented with the ability to estimate the abundance
of organisms at a selectable taxonomic level as well as
the possibility to filter out target references based on
sequence coverage. Furthermore, we combine the min-
hashing algorithm used by MetaCache with efficient par-
titioning schemes. This allows us to employ databases
that index large collections of reference genomes effi-
ciently in terms of both construction times and mem-
ory consumption. We present two partitioning schemes
and provide corresponding implementations for standard
workstations based on C++ (AFS-MetaCache) and for big
data clusters based on Apache Spark (MetaCacheSpark).
Both version can be used as substitutes for the alignment
tools previously employed in the AFS pipeline.

Our experimental results using a number of sequenced
calibrator sausages of known species composition show
that AFS-MetaCache runs orders-of-magnitude faster
than the alignment-based AFS pipeline while yield-
ing similar results. Furthermore, AFS-MetaCache and
MetaCacheSpark vyield lower false-positive rates and
higher quantification accuracy compared to Kraken2,
Kraken2+Bracken, and CLARK. They also provide faster
database construction times and competitive query
speeds. Our database partitioning scheme allows the
reduction of peak main memory consumption on a single
workstation or a cluster node significantly and therefore
enables scalability to growing genome collections.

Implementation

Approach

Many tools in metagenomics struggle to keep pace with
the increasing amount of available reference genomes. We
address this issue by aiming at species identification and
quantification at a large scale by using a combination of
two big data techniques.

Minhashing: We adopt minhashing — a locality sensi-
tive hashing (LSH) based data subsampling tech-
nique. It has been successfully applied by search
engines to detect near duplicate web pages [22]
but has recently gained popularity in bioinformat-
ics with example applications including genome
assembly [23], sequence clustering [24], and privacy-
preserving read mapping [25]. Mash Screen [26]
also employs minhashing for metagenomic analysis.
While it allows to identify genomes contained in a
sample, Mash Screen is not able to classify individual
reads or quantify abundances by itself.
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Partitioning: Because the RAM of a single workstation
or a cluster node can become insufficient to hold
a complete reference database, we employ a parti-
tioning scheme to divide reference sequences into
multiple chunks. The partitions can be queried suc-
cessively on a single workstation or among multi-
ple worker nodes of a distributed compute cluster.
In order to support these two types of compute
resources we have developed (i) AFS-MetaCache:
a C++ version for individual workstations, and (if)
MetaCacheSpark: a distributed version based on the
big data analytics engine Apache Spark [27] for com-
pute clusters.

Database construction

Consider a collection G of m genomic sequences (reference
genomes). Each reference genome is divided into win-
dows of size [ which overlap by k — 1 base-pairs. Typically,
[ is of similar size to the anticipated read length (e.g.
[ = 128 for Illumina data as default). For each window
a sketch is calculated using minhashing. A sketch con-
sists of the s smallest k-mers (in strand-neutral canonical
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representation) contained in the window with respect to
an applied hash function /;. Thus, the sketching proce-
dure selects only a subset of k-mers to be inserted into
the database used for similarity computation. Assuming
unique k-mers, the subsampling factor can be determined
as § = '!_f;'*'l; i.e. for typical values such as s = 8, k = 16,
and [ 128 this corresponds to a data reduction by
over an order-of-magnitude (S = 14.125). Besides provid-
ing data reduction, minhashing also exhibits a desirable
mathematical property when comparing two sketches:
The relative intersection ratio between two sketched win-
dows approximates the true Jaccard index evaluated on
the whole k-mer space [22].

The hash table (database) for a given collection of refer-
ence genomes is constructed using open addressing. The
entries of the hash table consist of key-target-list pairs. An
associated hash function /; maps k-mers to slots in the
hash table. If an identified slot is empty or occupied with
the same k-mer, the corresponding k-mer is inserted as
key and the corresponding location (genome ID, window
ID) is appended to the target-list. If the slot is occupied
by a different k-mer quadratic probing is used to iterate
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Fig. 1 Workflow: (a) Partitioning: reference sequences are divided into the sets G' and G?. Each reference is further partitioned into slightly
overlapping windows w;. (b) Database construction: the s smallest k-mers of each window are computed and inserted into the database. ()
Classification: a database is queried with the s smallest k-mers of a read. The returned hits are used to count the number of hits within each window.
Target reference genomes are identified by high scores in the window count statistics. In case of several partitions, the top hits from querying each
database need to be merged in order to assign a read to a reference genome. After all reads have been processed, coverage check and

quantification are performed
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to the next slot. Target lists have a pre-defined maximum
length. If the maximum length is reached, the correspond-
ing k-mer is considered uninformative and deleted from
the hash table at the end of the construction.

In the big data scenario we need to consider cases where
the database is too large to fit into the RAM of a sin-
gle workstation or a cluster node. Hence, it needs to be
split into multiple parts which can be queried successively
or distributed among multiple worker nodes of a cluster.
Partitioning divides the collection of reference genomes
G of total base-pair length M into disjoint buckets G =
UL, G’ of roughly equal size; i.e. G' = {G‘i,...,th_}
where N; = Z?‘:l ‘Gj ~ M/n. The partition size N;
can be chosen depending on the available main memory
resources and the subsampling factor S. For each parti-
tion G' a separate hash table (database) is constructed
by the aforementioned method. Our partitioning scheme

is illustrated in Fig. 1(a) and database construction in
Fig. 1(b).

Single workstation

AFS-MetaCache constructs a separate database for each
partition of reference sequences G' and stores it as a
database file on disk. We also allow to add sequences to
previously constructed databases. This makes it easy to
modify the set of reference genomes by either swapping
out database partitions or including more sequences.

Spark

Apache Spark is a distributed memory computing engine
[27]. It is able to process a large quantity of input data
in parallel thanks to the combination of the Hadoop Dis-
tributed File System (HDFS) and Resilient Distributed
Datasets (RDDs). These two features are used by Meta-
CacheSpark. Our algorithm consists of four phases that
are illustrated in Fig. 2.
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1. Reference genome sequences are loaded from HDFS
and distributed proportionally among the Spark
executors. In this way, each executor will contain a
different subset of sequences to work with.

2. With these sequences loaded into memory, the Spark
executors perform the described minhashing
algorithm. Results are stored in a executor-local C++
hash table, similar to the one used by
AFS-MetaCache.

3. We apply a map-reduce operation where the map
operator receives the number of items belonging to
the same key in each executor, and the reduction
phase sums up the number of items calculating a
global count. If the global item count per key exceeds
a given threshold (by default 254), the corresponding
items are deleted from all the executor-local hash
tables.

4. Each hash table is written to a database file stored in
HDES.

At the end of the process, each executor will contain
one, and only one, hash table. Note that a key can be
present in several hash tables. However, items belonging
to the same target ID (i.e., to the same reference sequence)
will be present only in one hash table (this is important for
the subsequent read assignment phase).

Furthermore, both versions have a pre-processing phase
prior to database construction that builds a taxonomic
tree of the considered reference genomes.

Individual read assignment

In order to assign reads to reference genome(s) minhash-
ing is applied to any given read R in the same way as
to a reference genome window using the hash function
hy. The produced sketch is used to query a loaded hash
table using the hash function hy. Each query returns a

HDFS

Spark Executors

HDFS

Input file 1 ‘ C++ HashMulllmap| | Ctt HashMuIllmap| Output file 1
|nput f||e 2 1 2 CH++ HashMuIlimapl 3 C++ HashMultimap 4 Output f||e 2
|nput file 3 + + ‘ C++ HashMultimap|+ | C++ HashMultimap + output file 3
Get Minhashing Remove Write
and process overpopulated result
distribute C++ HashMultimap | I C++ HashMultimap OUtpUt file 4
sequences
Input file N| | | |setofsequences |- C+ HashMulnmap| -------- C++ HashMultimap output file 5

Fig. 2 Database construction algorithm used by MetaCacheSpark
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(possibly empty) target list. The target lists are merged
into a sparse two-dimensional data structure (called win-
dow count statistic) by accumulating identical (genome
ID, window ID) pairs. High values in the window count
statistic indicate a match of the read in the corresponding
genome. The counts are sorted in descending order and
the targets with the highest counts are considered in order
to classify a read. This process is illustrated in Fig. 1(c).

However, a match of a paired-end (or even a single-

end) read typically corresponds to a region in the genome
that overlaps the borders of two or more windows in this
genome. Thus, we accumulate the counters spanning a
contiguous range of several neighboring windows to find
the ranges with maximum hit counts. The considered read
is assigned to the genome containing the best final count if
it is significantly higher than the second best. If the count
difference is small, the read is assigned to the lowest com-
mon ancestor (LCA) of multiple candidate genomes which
are in a similar count range using the provided taxonomic
tree.

Single workstation

AFS-MetaCache reads the database partitions from disk
and queries them with the set of reads in succession.
Subsequently, the individual results are merged to deter-
mine the final classification for each read. We further
support multi-threading by processing chunks of reads
independently in order to exploit multiple CPU cores.

Spark
Two inputs are needed: the database files created in the
build phase and the input reads to be processed. The
MetaCacheSpark algorithm consists of four steps (see
Fig. 3):
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1. Each hash table is loaded into the main memory of
one executor. Furthermore, the taxonomy is loaded
only in the Spark driver.

2. All executors read a block of N input reads to be
processed from HDFS. Note that every executor
needs to read all of them since the hash table is
distributed. While reading the input sequences, each
executor queries its local hash table to compute the
(local) classification candidates with their
corresponding hits. This process returns a set of
key-value pairs, where the key is the ID of the read
being processed, and the value is a list of possible
candidates with their corresponding hit counts.

3. The next step is a reduction phase. Here, partial
results from each executor are grouped using read
IDs as keys. The driver then collects the N results
and performs the assignment of reads to reference
genomes (classification). This step uses the Spark
function reduceByKey(), and it requires a shuffle.

4. Classification results from the previous step are
written to the output file in HDFS. The algorithm
goes back to Step 2 to process the next chunk of reads.

It is also important to note that:

e There is a guarantee that items belonging to the same
reference sequence during the build phase are
present in the same local hash table. Otherwise,
calculating the hits in Step 2 would involve a
distributed operation (such as groupByKey()) that
would cause severe performance degradation.

® To gain speed, we further support multi-threading.
Each thread processes a different set of input reads by
means of a map-reduce job that corresponds to Steps
3and 4.

L
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Fig. 3 Individual read classification algorithm used by the MetaCacheSpark
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Table 1 Food-related reference genomes used for database construction

Item Name ID Size on disk
1 Sus scrofa (pig) GCF_0000030256 2.4GB
2 Equus caballus (horse) GCF_002863925.1 2.4GB
3 Meleagris gallopavo (turkey) GCF_000146605.2 1.2GB
“ Mus musculus (house mouse) GCF_000001635.26 2.7GB
5 Gallus gallus (chicken) GCF_000002315.5 1.1GB
6 Qvis aries (sheep) GCF_000298735.2 2.5GB
7 Rattus norvegicus (Norway rat) GCF_000001895.5 2.8GB
8 Bos taurus (cattle) GCF_002263795.1 2.6GB
9 Bubalus bubalis (water buffalo) GCF_003121395.1 2.6GB
10 Cervus elaphus hippelaphus (red deer) GCA_002197005.1 3.3GB
" Capreolus capreolus (Western roe deer) GCA_000751575.1 3.0GB
12 Struthio camelus australis (African ostrich) GCA_000698965.1 1.2GB
13 Anas platyrhynchos (mallard) GCF_003850225.1 1.1GB
14 Capra hircus (goat) GCF_001704415.1 2.8GB
15 Oryctolagus cuniculus (rabbit) GCF_000003625.3 2.6GB
16 Cavia aperea (Brazilian guinea pig) GCA_000688575.1 2.6GB
17 Camelus ferus (Wild Bactrian camel) GCF_000311805.1 1.9GB
18 Canis lupus familiaris (dog) GCF_000002285.3 2.3GB
19 Felis catus (domestic cat) GCF_000181335.3 2.4GB
20 Homo sapiens (human) GCF_000001405.38 3.1GB
21 Equus asinus (ass) GCA_001305755.1 2.3GB
22 Rangifer tarandus (reindeer) GCA_004026565.1 2.9GB
23 Phasianus colchicus (Ring-necked pheasant) GCA_004143745. 987MB
24 Glycine max (soybean) GCF_000004515.5 946MB
25 Zea mays (maize) GCF_000005005.2 2.1GB
26 Triticum aestivum (bread wheat) GCA_900519105.1 14.0GB
27 Secale cereale (rye) GCA_S00079665.1 1.8GB
28 Hordeum vulgare (barley) GCA_004114815. 3.8GB
29 Oryza sativa Japonica Group (Japanese rice) GCF_001433935.1 362MB
30 Arachis hypogaea (peanut) GCF_003086295.1 24GB
31 Saccharomyces cerevisiae 5288C (baker's yeast) GCA_000146045.2 12MB
Total 74GB

e The reduction generates a lot of traffic over the
network and requires an expensive shuffle operation.
In order to reduce the associated communication
overhead, we have introduced an optional parameter
(H) that is used to discard all candidates in Step 2 and
Step 3 with less than H hits. However, if this
parameter is used, results can be slightly different
compared to the single workstation version.

Coverage filter
False positive read assignments can be caused by shared
regions of DNA among multiple reference genomes [28].

We use coverage information to detect some of these cases
as follows.

Before assigning reads to classification targets we can
filter the list of candidate genomes identified during the
read assignment phase by checking the coverage per
genome as follows. We analyze which windows of a tar-
get genome are covered by reads from the dataset. If
the percentage of covered windows of a genome is much
lower compared to other genomes, it is likely to be a
false positive and will be deleted from the list of possi-
ble target genomes. In fact we delete a quantile (e.g. 10%)
of the target genomes with the lowest coverage. The
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reads are then classified with respect to the remaining
genomes.

Note that this strategy is only applicable if the num-
ber of reads is large enough to cover significant parts of
the genomes. In our experience it proofed especially effi-
cient in case of bacterial genomes which are orders of
magnitudes smaller than animal or plant genomes.

Quantification

In addition to the per-read classification we are able to
estimate the abundances of organisms contained in a
dataset at a specific taxonomical rank. For each taxon
which occurs in the dataset we count the number of reads
assigned to it. We then build a taxonomic tree containing
all found taxa.

Taxa on lower levels than the requested taxonomic
rank are pruned and their read counts are added to their
respective parents, while reads from taxa on higher lev-
els are distributed among their children in proportion to
the weights of the sub-trees rooted at each child. After
the redistribution the estimated number of reads and
abundance percentages are returned as outputs.

Results

Datasets

In order to measure performance and accuracy of our
approach in comparison to other metagenomic tools, we
have created databases of varying size containing differ-
ent organisms. Food-related genomes (selection of main
ingredients) used for database construction are listed
in Table 1 while the considered bacteria, viruses, and
archaea from NCBI RefSeq (Release 90) are summarized
in Table 2. The created databases with their included
reference genomes are described in Table 3.

We use ten short read datasets sequenced from cal-
ibrator sausage samples containing admixtures of a set
of food relevant ingredients (chicken, turkey, pork, beef,
horse, sheep) on an Illumina HiSeq machine (down-
loaded from ENA project ID PRINA271645 (Kal_D and
KAL_D) and PRJEB34001 (all other data)). Table 4 shows
the read datasets together with the corresponding per-
centage of meat components used during preparation.
The samples comprise meat proportions ranging from
0.5% to 80% and can be subdivided into two categories:

Table 2 Reference genomes from NCBI RefSeq (Release 90) used
for database construction

Organism Number of references Size on disk
Bacteria 10838 41.0GB

Viral 7857 269MB
Archaea 269 656MB
Total 18964 41.9GB
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Table 3 Data sets used for database construction

Number of Size on disk

species

AFS10 Animal genomes 22.3GB

from1to 10

AFS20 Animal genomes 45.8GB

from 1to 20

AFS20RS90 Animal genomes 87.5GB
from 1 to 20 plus
NCBI RefSeq

(Release 90)

Animal genomes
from 1 to 31

AFS531 76.8GB

AFS31RS90 Animal genomes 118.5GB
from 1 to 31 plus
NCBI RefSeq

(Release 90)

KKal A-E consist only of mammalian meat, while KLyo A-D
represent Lyoner-like sausages containing poultry in addi-
tion to mammals [29, 30]. The dataset KAL_D is identical
to Kal_D but sequenced with higher coverage.

Quantification accuracy

Tables 5 and 6 show the quantification results returned
by the tested tools (AFS-MetaCache (v.0.5.3), Meta-
CacheSpark, CLARK (v.1.2.6), Kraken2 (v.2.0.7-beta),
and Kraken2 with subsequent abundance estimation by
Bracken v.2.0.0 — all executed with default parameters)
using AFS20 as reference database. Besides showing the
quantification for each included meat component, we also
show the (false positive) results for water buffalo (closely
related to cattle) and goat (closely related to sheep). In
addition, we provide the sum of all false positive (£ FP)
read classifications over all of the detected reference
genomes that were not included in the sample. In addition,
the sum of the deviations of the measured proportions

Table 4 Calibrator sausage datasets and their meat compasition

Name #Reads Cattle Sheep Pig Horse Chicken Turkey

(paired-end)
KLyo_A 401K 14.0% 0.0% 80.0% 0.0% 0.5% 5.5%
KLyo_B 302K 36.0% 0.0% 58.0% 0.0% 2.0% 4.0%
Klyo_C 507K 58.0% 0.0% 36.0% 0.0% 4.0% 2.0%
KLyo_D 417K 80.0% 0.0% 14.0% 00% 55% 0.5%
Kal_A 830K 1.0% 9.0% 35.0% 55.0% 0.0% 0.0%
Kal_B 977K 9.0% 1.0% 550% 350% 00%  0.0%
Kal_C 404K 25.0% 25.0% 25.0% 25.0% 0.0% 0.0%
Kal_D 403K 350% 550% 9.0% 1.0% 00%  00%
Kal_E 289K 55.0% 35.0% 1.0% 9.0% 00% 0.0%
KAL_D 26,114K 350% 55.0% 9.0% 1.0% 0.0% 0.0%
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Table 5 Quantification results for the Klyo samples using the reference dataset AFS20 and the average result for AFS31RS90

Dataset Classifier Cattle Pig W.Buf. Goat Chicken Turkey ZFP % Dev
Expected 14.0% 80.0% 0.00% 0.00% 0.50% 5.50%
AFS-MC 16.6% 71.5% 0.04% 0.02% 0.60% 4.64% 0.28% 12.39%
Klyo_A MCSpark 16.9% 71.2% 0.04% 0.02% 0.60% 4.64% 032% 12.99%
CLARK 16:4% 70.4% 0.20% 0.09% 0.62% 461% 051% 13.55%
Kraken2 15.9% 70.0% 0.27% 0.11% 065% 4.59% 0.87% 13.82%
K2+Brack 17.6% 70.3% 0.30% 0.14% 0.66% 4.63% 0.97% 15.33%
Expected 36.0% 58.0% 0.00% 0.00% 200% 4.00%
AFS-MC 37.6% 51.0% 0.12% 0.04% 2.05% 2.99% 0.50% 10.16%
Klyo_B MCSpark 37.9% 50.5% 0.12% 0.04% 2.06% 3.02% 0.60% 11.11%
CLARK 35.9% 50.4% 0.47% 0.19% 2.10% 3.01% 1.03% 9.84%
Kraken2 34.5% 49.9% 0.68% 0.24% 2.12% 2.99% 1.57% 1211%
K2+Brack 39.1% 50.2% 0.32% 0.78% 2.15% 3.02% 1.84% 13.93%
Expected 58.0% 36.0% 0.00% 0.00% 4.00% 2.00%
AFS-MC 57.7% 27.1% 0.16% 0.06% 3.56% 1.16% 0.95% 11.47%
Klyo_C MCSpark 57.7% 269% 0.16% 0.06% 363% 1.18% 0.95% 11.48%
CLARK 54.1% 259% 0.69% 0.29% 3.58% 1.16% 1.88% 17.11%
Kraken2 52.2% 25.7% 0.95% 0.36% 357% 1.17% 2.58% 19.94%
K2+Brack 58.6% 25.8% 1.07% 046% 3.60% 1.18% 2.8%% 14.90%
Expected 80.0% 14.0% 0.00% 0.00% 5.50% 0.50%
AFS-MC 74.7% 10.9% 0.23% 0.08% 4.66% 0.33% 0.93% 10.27%
Klyo_D MCSpark 74.7% 10.8% 0.23% 0.08% 4.69% 0.33% 1.09% 10.58%
CLARK 70.8% 10.8% 0.94% 0.39% 473% 0.35% 1.94% 15.27%
Kraken2 68.0% 10.7% 1.26% 0.48% 4.70% 0.36% 242% 1862%
K2+Brack 77.6% 10.8% 1.45% 0.62% 4.76% 0.36% 2.87% 9.35%
AFS-MC 0.14% 0.05% 0.67% 11.07%
MCSpark 0.14% 0.05% 0.74% 11.54%
Average CLARK 0.58% 0.24% 1.34% 13.94%
Kraken2 0.79% 0.30% 1.86% 16.12%
K2+Brack 0.71% 0.50% 2.14% 13.38%
AFS31RS90 AFS-MC 0.58% 13.97%
Average MCSpark 0.59% 14.08%

AFS-MC: AFS-MetaCache, MC-Spark: MetaCacheSpark, K2+Brack: Kraken2 with subsequent Bracken, W.Buf: Water Buffalo, £ FP: Sum of all false positive read classifications,
Dev: Sum of absolute deviations to the given meat composition (best results for each dataset in bold)

to the real sausage composition (£ Dev) as well as the
averages over all tested datasets are shown.

In terms of sensitivity, all methods are able to detect
the included meat components. In addition, several
tools detect false positive signals; e.g., Kraken2+Bracken
detects over 1% of water buffalo in KLyo_C and KLyo_D
and over 3% of goat in Kal_C, Kal_D, and Kal_E. False pos-
itive quantities in these cases correlate with the amount
of beef and the amount of sheep present in the respec-
tive sample. Overall, AFS-MetaCache achieves the lowest
FP-rates for each tested dataset with an average FP-sum

per sample of only 0.67% for the Klyo samples and 1.12%
for the Kal samples. This is much lower compared to
CLARK (1.34% for Klyo, 3.59% for Kal), Kraken2 (1.86%
for Klyo, 3.87% for Kal), and Kraken2+Bracken (2.14% for
Klyo, 4.41% for Kal). The relative differences become even
more significant when looking at some of the individual
FP signals. In the Klyo samples (Table 5) AFS-MetaCache
only detects negligible amounts of goat (0.05% on average)
and water buffalo (0.14%), while the amounts detected
by CLARK, Kraken2, and Kraken2+Bracken are higher
by factors of 4.2 and 4.8, 5.6 and 6.0, and 5.1 and 10.0,
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Dataset Classifier Cattle Sheep Pig Horse W.Buf. Goat L FP ¥ Dev
Expected 1.00% 9.0% 35.0% 55.0% 0.00% 0.00%
AFS-MC 1.25% 11.0% 30.5% 54.1% 0.01% 0.29% 0.42% 8.13%
Kal_A MCSpark 1.27% 11.1% 30.3% 54.1% 0.01% 0.29% 0.45% 8.42%
CLARK 1.29% 9.1% 31.1% 54.0% 0.09% 0.89% 1.15% 6.43%
Kraken2 1.23% 8.7% 30.9% 53.9% 0.08% 0.96% 1.31% 6.99%
K2+Brack 1.43% 10.3% 31.0% 54.0% 0.10% 1.12% 1.53% 8.24%
Expected 9.0% 1.00% 55.0% 35.0% 0.00% 0.00%
AFS-MC 10.5% 142% 49.3% 35.6% 0.03% 0.06% 0.27% 843%
Kal_B MCSpark 10.6% 1.42% 49.1% 35.7% 0.03% 0.06% 0.30% 8.92%
CLARK 10.3% 1.26% 50.0% 35.8% 0.17% 0.18% 0.56% 7.85%
Kraken2 10.0% 1.21% 49.6% 35.7% 0.20% 0.20% 1.03% 8.40%
K2+Brack 11.0% 1.40% 35.8% 49.7% 0.22% 0.23% 1.09% 9.60%
Expected 25.0% 25.0% 25.0% 25.0% 0.00% 0.00%
AFS-MC 23.3% 29.6% 19.2% 23.0% 0.06% 0.73% 1.08% 15.28%
Kal_C MCSpark 23.5% 29.6% 19.0% 22.9% 0.06% 0.73% 1.18% 15.32%
CLARK 23.4% 256% 19.4% 23.2% 045% 2.56% 3.38% 12.98%
Kraken?2 227% 24.7% 19.4% 23.1% 0.49% 2.69% 3.48% 13.65%
K2+Brack 24.8% 27.8% 10.4% 23.2% 0.54% 3.02% 3.89% 14.35%
Expected 35.0% 55.0% 9.00% 1.00% 0.00% 0.00%
AFS-MC 32.9% 51.5% 7.14% 1.14% 0.09% 1.50% 2.07% 9.62%
Kal_D MCSpark 33.2% 51.2% 7.03% 1.13% 0.09% 1.49% 2.23% 9.91%
CLARK 32.8% 43.1% 7.31% 1.16% 0.72% 4.40% 5.69% 21.61%
Kraken2 31.6% 41.3% 7.26% 1.16% 0.79% 4.62% 5.77% 24.75%
K2+Brack 35.8% 48.4% 7.28% 1.16% 0.89% 5.40% 6.70% 15.96%
Expected 55.0% 35.0% 1.00% 9.00% 0.00% 0.00%
AFS-MC 50.4% 33.7% 0.99% 7.80% 0.12% 0.96% 1.52% 8.55%
Kal_E MCSpark 50.7% 33.4% 0.97% 7.73% 0.12% 0.95% 1.66% 8.82%
CLARK 50.7% 28.7% 1.02% 7.81% 0.84% 3.07% 443% 16.26%
Kraken2 49.2% 276% 1.00% 7.80% 0.99% 3.28% 4.58% 18.96%
K2+Brack 54.1% 314% 1.00% 7.81% 1.10% 371% 5.15% 10.86%
Expected 35.0% 550% 9.00% 1.00% 0.00% 0.00%
AFS-MC 30.3% 49.6% 7.27% 1.16% 0.08% 1.25% 1.38% 13.36%
KAL_D MCSpark 30.4% 49.5% 7.25% 1.16% 0.08% 1.26% 1.36% 13.36%
CLARK 30.8% 43.3% 7.51% 1.20% 0.86% 4.57% 6.30% 23.85%
Kraken2 29.6% 41.3% 747% 1.19% 0.95% 4.98% 7.03% 27.86%
K2+Brack 33.5% 48.7% 7.58% 1.19% 1.08% 5.84% 8.07% 17.44%
AFS-MC 0.07% 0.80% 1.12% 10.56%
MCSpark 0.07% 0.80% 1.20% 10.79%
Average CLARK 0.51% 261% 3.59% 14.83%
Kraken?2 0.58% 2.79% 3.87% 16.77%
K2+Brack 0.66% 3.22% 441% 12.74%
AFS31RS90 AFS-MC 1.84% 13.38%
Average MCSpark 1.84% 13.63%

AFS-MC: AFS-MetaCache, MC-Spark: MetaCacheSpark, K2+Brack: Kraken2 with subsequent Bracken, W.Buf: Water Buffalo, X FP: Sum of all false positive read classifications,
Dev: Sum of absolute deviations ta the given meat composition (best results for each dataset in bold)
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Table 7 Runtimes and peak memory consumption for non-partitioned database construction (build) and querying for different data

sets on a workstation with 512 GB RAM

Data set AFS-MetaCache CLARK Kraken2 Kraken2+Bracken
Build time 1Th11m 15h 37m Th 27m 5h 32m
Build memory 64 GB 428 GB 69 GB 147 GB
AFS20
Query time 1365 93s 37s 1115
Query speed 11.5 MR/m 16.9 MR/m 43.2 MR/m 14.2 MR/m
Query memory 50 GB 152 GB 54 GB 54 GB
Build time Th 47m - 3h 19min 1Th 41min
Build memory 91 GB - 107 GB 296 GB
AFS31
Query time 1755 - 44s 585
Query speed 8.9 MR/m - 35.9 MR/m 270 MR/m
Query memory 78 GB - 72GB 72GB
Build time 1h 42m - 2h 58m 8h 53m
Build memory 110 GB - 94 GB 168 GB
AFS20RS90
Query time 1805 - 43s 175
Query speed 8.7 MR/m - 37.0 MR/m 13.5 MR/m
Query memory 94 GB - 79GB 79GB
Build time 3h 10m - 5h 55min 17h 44min
Build memory 135GB - 134 GB 329GB
AFS31RS90
Query time 217s - 49s 615
Query speed 7.2 MR/m - 32.1 MR/m 25.7 MR/m
Query memory 117 GB - 97 GB 97 GB

Query speeds are measured for the KAL_D dataset in terms of million reads per minute (MR/m). For the cases with *-" the corresponding program exceeds the main memory
capacity of 512 GB. Fastest runtimes and lowest memory consumption for each dataset are indicated in bold

respectively. Similar results can be observed for the Kal
samples (Table 6): AFS-MetaCache only detects 0.07% of
water buffalo meat on average and 0.80% of goat meat on
average, while the amounts detected by CLARK, Kraken2,
and Kraken2+Bracken are higher by factors of 7.3 and 3.3,
8.3 and 3.5, and 9.4 and 4.0, respectively.

In terms of deviation from the expected foodstuff ingre-
dients, AFS-MetaCache shows the lowest average of the
sums of absolute differences for both Klyo (11.07%) sam-
ples and Kal samples (10.56%). Kraken2+Bracken (13.38%
and 12.74%) has smaller deviations on average than

Kraken?2 alone (16.12% and 16.77%), showing that quan-
tification after read assignment is beneficial.

As can be seen in Tables 5 and 6 there are small
differences between the results of AFS-MetaCache and
MetaCacheSpark. They are caused by the constraint
list of target genomes with highest scores (tophits) of
MetaCacheSpark and by the different ordering of tar-
gets with the same score. The differences could be
reduced by increasing the tophits list size, but we
decided for a smaller list in favor of faster querying
speeds.

Table 8 Partitioned build time and query speed for AFS31RS90 database

Tool Build time Max. Memory Query Speed Max. Memory
AFS-MetaCache (1 part.) 3h 10min 135 GB 7.2 MR/m 117 GB
AFS-MetaCache (2 part.) 3h 04min 82 GB 3.1 MR/m 70 GB
AFS-MetaCache (4 part.) 3h 45min 52 GB 2.5 MR/m 39GB
MetaCacheSpark (8Ex-32Th) 2h 57min 175 GB 4.3 MR/m 76 GB
MetaCacheSpark (16Ex-16Th) 1h 57min 100 GB 34 MR/m 48 GB
MetaCacheSpark (32Ex-8Th) Th 25min 69 GB 2.2 MR/m 37GB
MetaCacheSpark (64Ex-4Th) Th 03min 45GB 1.4 MR/m 29GB

Query speed measured for dataset KAL_D in million reads per minute (MR/m). For MetaCacheSpark, the number of executors and threads per executor are indicated
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When scanning the calibrator sausage read datasets
with AFS-MetaCache using the bigger AFS31 and
AFS31RS90 databases, we can make the following obser-
vations: (1) More k-mers are removed from the hash table
due to overflowing target lists. Therefore, the number of
classified reads is reduced and total deviation increases
slightly. (2) Additional false positive targets are intro-
duced, but the total number of false positives is reduced
for the Klyo datasets (excluding bacteria).

A benefit of screening for microbiota and eukaryotic
foodstuff species at the same time is a lower false positive
rate. Usually reads of a dataset are queried against either
one or the other and only the remaining unclassified reads
are investigated further. This can lead to false assumptions
about the data. In our experiments some reads are falsely
classified as Triticum aestivum (bread wheat) when using
the AFS31 database. With the AFS31RS90 database, how-
ever, those reads are identified as bacterial or unspecific
(classified as the lowest common ancestor of bread wheat
and bacteria).

Runtime and memory consumption for non-Partitioned
databases

Runtime and memory consumption where the whole
database can fit into the available main memory are mea-
sured on a system with a dual Xeon E5-2630v4 (2.2 GHz,
2 x 10 cores) CPU with 512 GB of DDR4 RAM. We
have compared the speed and the peak memory con-
sumption during database construction and classifica-
tion of the default versions of AFS-MetaCache (v.0.5.3),
CLARK (v.1.2.6), Kraken2 (v2.0.7-beta), and Kraken2
with subsequent abundance estimation by Bracken v.2.0.0
(Kraken2+Bracken) using 40 threads. Table 7 shows the
results for the reference genome datasets listed in Table 3
and the KAL_D read dataset (26 million paired-end reads
of length 101 bp) for classification. Note, that the time
to load the databases is excluded when measuring query
speed for all programs to make the results independent of
dataset size.

AFS-MetaCache is fastest for database construction for
all tested data sets. Furthermore, it requires least mem-
ory for constructing the database for AFS20 and AFS31,
but requires slightly more memory than Kraken2 for
AFS20RS90 and AFS31RS90.

Kraken2 is fastest in terms of query (classification)
speed. If Kraken2 is executed with subsequent quantifica-
tion by Bracken, corresponding runtimes increase. Even
though query speeds of MetaCache-AFS are slowest, cor-
responding execution times are still competitive (only
around three minutes for the largest data set (KAL_D)).

For common data set sizes in food control applications
runtimes for database construction (a few hours) are typ-
ically much higher than for the classification stage (a few
minutes). Since the amount of relevant reference genomes
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Table 9 Runtimes and peak memory consumption for database
construction (build) and querying for AFS10

Data set AFS-MetaCache AFS-previous
Build time 47m 7h Om
Build memory 35GB 5GB

AFS10
Query speed 17.1 MR/m 0.04 MR/m
Query memory  30GB 6GB

Query speeds are measured for the KAL_D dataset in terms of million reads per
minute (MR/m)

is increasing rapidly corresponding databases have to
be constructed or extended frequently. Thus, fast built
times are of high importance. Besides having the fastest
database construction time, AFS-MetaCache is also the
only tool that supports the functionality of extending an
existing database.

Runtime and memory consumption for partitioned
databases

In this subsection we evaluate the ability of AFS-
MetaCache and MetaCacheSpark to reduce the consumed
main memory by partitioning the database into smaller
chunks. AFS-MetaCache is again evaluated on a work-
station with a dual Xeon E5-2630v4 CPU and 512 GB of
DDR4 RAM. MetaCacheSpark has been tested on a big
data cluster composed of 12 Dell EMC PowerEdge R730
servers, each one with a dual Xeon E5-2630v4 (2.2GHz 10
cores) CPU with 384 GB RAM and 32 TB HDDs running
Java version Openjdk 1.8.0_201, gcc 7.3.1, Spark 2.2.0, and
Hadoop 2.7.3.

Table 8 shows the speed and memory consumption
of AFS-MetaCache and MetaCacheSpark for partitioned
database construction and querying using the AFS31RS90
reference genome dataset and the KAL_D dataset. Using
four partitions, AFS-MetaCache can reduce the main
memory consumption from 135 GB to only 52 GB while
the construction time only slightly increases from 3h 10m
to 3h 45m. In addition, memory consumption for classi-
fication is reduced from 117 GB to 39 GB. However, the
corresponding query speed decreases from 7.2 MR/m to
2.5 MR/m since the partitions have to be queried by all

Table 10 Average quantification results for the Klyo and Kal
samples using the reference dataset AFS10

Dataset Classifier T FP % Dev
AFS-MC 0.37% 10.71%
KLyo Average
AFS-prev 0.37% 10.80%
AFS-MC 0.19% 8.43%
Kal & KAL_D Average
AFS-prev 0.33% 6.65%

AFS-MC: AFS-MetaCache, AFS-prev: previous AFS pipeline,  FP: Sum of all false
positive read classifications, £ Dev: Sum of absolute deviations to the given meat
composition
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Fig. 4 Visualization of the AFS-MetaCache results using Krona [31] for the dataset KLyo_C using the AFS31RS90 reference data set

reads in succession and the individual results need to be
merged.

The results show that memory requirements per node
and build time for MetaCacheSpark both decrease when
increasing the number of executors. As the number
of executors increases, the benefits of using the Spark
version are revealed. For 64 executors the AFS31RS90
database can be built in around one hour using 45
GB of memory per node. This is 3x, 3.6x, 5.6x,
16.9x faster than AFS-MetaCache, 4-partitioned AFS-
MetaCache, Kraken2 and Kraken2+Bracken, respectively.
Important reductions in the memory consumed per node
can also be observed.

MetaCacheSpark consumes less memory in the classi-
fication phase than in the build phase. Some additional

Table 11 Detected bacteria in dataset KLyo_C using reference
dataset AFS31RS90

Genus AFS-MetaCache Kraken2  Kraken2+Bracken
Brachothrix 1.94% 1.94% 1.98%
Pseudomonas 1.23% 1.73% 1.92%
Psychrobacter  0.59% 1.43% 1.45%

Genera with less 500 than hits (< 0.1% of the dataset) are omitted

memory is required to store query hits. However, this
memory can be re-used with each batch of sequences
being classified. As a trade-off to fast build time and
low memory consumption per node, the query speeds of
MetaCacheSpark are lower compared to non-partitioned
AFS-MetaCache. This can be explained by the necessity to
perform a costly shuffle operation for the reduce-by-key
function. Its cost increases with the number of executors
as can be seen in Table 8: query speed reduces from 4.2
MR/m with 8 executors to 1.4 MR/m with 64. Neverthe-
less, runtimes are still acceptable in application scenarios
where relevant read datasets are small compared to the
utilized databases.

Comparison to previous aFS pipeline

To compare AFS-MetaCache to our previous alignment-
based AFS pipeline the same dual-socket workstation as
before is used. Runtimes and memory consumption of
both approaches are shown in Table 9. For the small
genome dataset AFS10 the previous AFS pipeline already
takes several hours to construct the index. Querying
of the KAL_D dataset takes even more than 10 hours.
For bigger numbers of reference genomes this approach
becomes unfeasible because the runtime scales linearly
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Fig. 5 Genome coverage of Actinoalloteichus for the dataset KLyo_C. The sparse coverage is an indicator for false positives

with the number reference genomes. On the other hand,
AFS-MetaCache takes less than an hour for database con-
struction of AFS10 while the query speed improves by
more than two orders of magnitude. As shown before
even larger databases like AFS31 can be built by AFS-
MetaCache in just a few hours and query speed drops by
less than a factor of two.

The average quantification results for the Klyo and Kal
samples produced by AFS-MetaCache and the previous
AFS pipeline are shown in Table 10. The k-mer based
AFS-MetaCache is able to match quantification accuracy
of the previous alignment-based pipeline for the KLyo
datasets. The average deviation to the meat components is
even lower for AFS-MetaCache. For the Kal datasets AFS-
MetaCache reduces the false positive rate while the aver-
age deviation increases slightly. However, it is still possible
to identify the correct components with the benefit of less
false positives.

Detection of microbiota

A major strength of next generation sequencing when
applied to foodstuffs, is its theoretically infinite range
of species that can be detected. We therefore analyzed
the microbiota detected by AFS-MetaCache and Meta-
CacheSpark in more detail. A visualization of the AFS-
MetaCache results using Krona [31] for the dataset
KLyo_C using the AFS31RS90 reference data set is shown
in Fig. 4. The results of Kraken2 and Bracken agree on
the most prominent bacteria as shown in Table 11. The
detected bacterial genera Brochothrix, Pseudomonas, and
Psychrobacter are well known representatives in food-
stuffs. In some sausages a very high amount of the species
Brochothrix thermosphacta and even the corresponding

Brochothrix phage BL3 could be found, possibly indicat-
ing meat spoilage. Furthermore, in several cases a signif-
icant amount of Actinoalloteichus was initially detected
which has no known relation to foodstuff. However, after
application of the coverage filter these matches could be
detected as false positives and were removed.

Figures 5 and 6 show the corresponding genome cov-
erage diagrams for Actinoalloteichus and Brochothrix
thermosphacta for the KLyo_C read dataset. The highly
uneven genome coverage of Actinoalloteichus is taken
as an indicator by AFS-MetaCache for a false-positive
species identification. The Brochothrix genome is evenly
covered by reads and is thus classified as a true positive.

Discussion

The determination and quantification of food ingredients
is an important issue in official food control [1]. Fur-
thermore, microbiological contamination or the presence
of non-declared allergenic food components establishes
the need for a broad-scale screening method that allows
for precise determination and quantification of ingredi-
ents ideally spanning all kingdoms of life including plants,
animals, fungi, and bacteria. DNA-based methods like
quantitative real-time PCR are established technologies
for analyzing foodstuff. However, they have the drawback
of being limited to a set of target species within a single
assay that need to be defined beforehand. The usage of
next-generation sequencing of total genomic DNA from
biological samples followed by bioinformatics analyses
based on comparisons to available reference genomes can
overcome this limitation. Our previous alignment-based
AFS-pipeline was found suitable to screen for species
in processed food samples [5, 6]. However, the utilized
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Fig. 6 Genome coverage of Brochothrix thermosphacta for the dataset KLyo_C. The even coverage is an indicator for true positives
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algorithms put limitations on the number species to be
screened and on the computational throughput.

Here, we have presented AFS-MetaCache and Meta-
CacheSpark as new computational methods for the effi-
cient detection and quantification of species composition
in food samples from sequencing reads. Being based on an
alignment-free exact k-mer matching approach, we gain
significant speed compared to our previous alignment-
based AFS method at the expense of a higher mem-
ory consumption for constructing and querying reference
genome databases. We apply an intelligent subsampling
technique based on minhashing within local windows
to reduce the database size. Further reductions of peak
memory consumption can be achieved by the intro-
duced partitioning schemes either for single workstations
(AFS-MetaCache) or for big data clusters (MetaCacheS-
park) at the expense of query speed. Applications of
our previous alignment-based AFS pipeline have been
limited to around ten complex genomes. With AFS-
MetaCache we are able to significantly extend this limit,
which is of high importance since the amount of avail-
able reference genomes continues to grow rapidly [32, 33].
Thus, our results are particularly encouraging since AFS-
MetaCache and MetaCacheSpark are fastest in terms of
database construction times. Corresponding peak mem-
ory consumption is competitive and can be even further
reduced by the partitioned version of AFS-MetaCache on
a single workstation or by using MetaCacheSpark on a big
data cluster.

While AFS-Metacache can achieve higher query speed
than MetaCacheSpark, it takes some manual setup for
the partitioned version. MetaCacheSpark on the other
hand allows for faster database creation and can easily
be deployed on existing Spark infrastructure, while being
faster than the partitioned version of AFS-Metacache.
Spark, while being fault tolerant, also enables to use a
cluster of lower powered computers than we used for our
benchmarks.

Within this study we have applied our approach on a
broad set of reference samples, containing admixtures of
a set of food relevant ingredients (chicken, turkey, pork,
beef, horse, sheep). The results demonstrate that our
approach is able to reliably detect the components even at
the 0.5% level. The comparison to the established metage-
nomics tools Kraken2, CLARK, and Kraken2+Bracken
shows that AFS-MetaCache and MetaCacheSpark are
superior in terms of false positive (FP) rates. In particu-
lar for pairs of closely related genomes AFS-MetaCache
can achieve almost an order-of-magnitude lower FP-
rates. These results demonstrate that our classification
approach based on counting k-mer matches within small
windows is effective compared to simply counting k-mer
matches over an entire genome (as used by CLARK and
Kraken) and to an alignment-based approach (as used by
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the our previous AFS pipeline). Our results also show
that AFS-MetaCache achieves the lowest sum of absolute
deviations to the included food ingredients. As differ-
ent types of tissue can contain different concentrations of
DNA (matrix effect), deviations could possibly be further
reduced by a subsequent normalization procedure that
takes tissue ratios into account.

Applications of AFS-MetaCache and MetaCacheSpark
are not limited to the study of foodstuff but can be used to
analyze high throughput sequencing datasets of metage-
nomic DNA from other complex biological samples as
well, including diverse environmental materials, in-vitro
cell cultures, and biopharmaca.

Conclusion

We have presented a fast screening and quantifica-
tion method together with two corresponding publicly
available implementations (AFS-MetaCache and Meta-
CacheSpark) for whole genome shotgun sequencing-
based biosurveillance applications such as food testing.
By relying on a big data approach our approach can
scale efficiently towards large-scale collections of com-
plex eukaryotic and bacterial reference genomes making
both tools suitable for broad-scale metagenomic screening
applications.

Availability and requirements

Project name: AFS-MetaCache

Project home page: https://muellan.github.io/metacache/
afs.html

Operating system(s): Linux

Programming language: C++

Other requirements: gcc

License: GPL-3

Any restrictions to use by non-academics: according to
license

Project name: MetaCacheSpark

Project home page: https://github.com/jmabuin/MetaCa
cheSpark

Operating system(s): Linux

Programming language: Java and C++

Other requirements: Openjdk, gcc, Spark, Hadoop
License: GPL-3

Any restrictions to use by non-academics: according to
license
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AFS: All-Food-Sequencing; ddPCR: Droplet digital real-time polymerase chain
reaction; HDFS: Hadoop distributed file system; LCA: Lowest common
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Abstract

Accurate seafood authentication and quantification protect consumers, deter fraud,
and support regulatory enforcement. All-Food-Seq (AFS) is an untargeted whole-
genome shotgun sequencing workflow that can profile a broad range of taxa across
domains of life, but its quantitative performance in fish-dominated processed foods
has not been systematically assessed. Here, we applied AFS-MetaCache to defined
“FishCal” calibration sausages containing five economically important fish species and
to 11 commercial seafood products (fish cake, surimi, paella, and shrimp paté). Major
ingredients were consistently identified. Quantification improved markedly after
genome-size scaling and further improved after applying calibration functions derived
from FishCal to mitigate matrix-specific biases: the mean absolute deviation between
expected and measured proportions in calibration samples decreased from 44.5 % to
19.9 % (genome-size scaled) and to 14.2 % after calibration. In retail products, AFS
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confirmed declared ingredients and additionally detected undeclared taxa (e.g., squid,
celery, and Japanese threadfin bream). Species-level discrimination within closely
related taxa remained challenging in some cases. Microbial community profiles varied
substantially across products and were more consistent with processing and storage
than with recipe. Overall, AFS combined with genome-size scaling enables high-
throughput, comprehensive surveillance of eukaryotic constituents and accompanying
microbiota in processed seafood.

Keywords

Food authentication — label verification — WGS — NGS — quantitative metagenomics —
taxonomic profiling — species quantification — calibration materials — seafood — fishcake
— surimi

Introduction

Accurate species identification in seafood is essential for consumer protection,
regulatory enforcement, and fraud prevention, particularly in product categories prone
to substitution and mislabelling (Chang et al.,, 2016; Galimberti et al., 2013; Liou et al.,
2020). Beyond economic deception, undeclared species can violate dietary preferences
and religious requirements and may pose health risks, for example through allergen
exposure (Everstine et al., 2013; Huck et al., 2016).

DNA barcoding and, more recently, metabarcoding are widely used for seafood
authentication by amplifying defined marker loci (e.g., COI for animals) and comparing
sequences against reference databases such as BOLD or GenBank (Galimberti et al.,
2013; Macher et al., 2023; Sayers et al., 2022). While these PCR-based approaches are
sensitive and cost-effective, they rely on prior marker selection and primer binding,
which constrains taxonomic scope and introduces amplification bias that can
compromise quantitative interpretation, especially in complex or highly processed
matrices (Kappel et al., 2023; Macher et al,, 2023; Staats et al., 2016).

Untargeted whole-genome shotgun sequencing of food DNA (All-Food-Seq, AFS) aims
to overcome these limitations by profiling all DNA present without defining target taxa
a priori (Hellmann, Ripp, et al., 2020; Kobus et al., 2020; Ripp et al., 2014). In AFS,
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sequencing reads are assigned to reference genomes, and read counts are used to
estimate relative species contributions. In practice, however, quantitative accuracy can
be affected by matrix-dependent DNA recovery, genome size, and incomplete or
ambiguous reference representation - factors that are particularly relevant for seafood
products, where closely related taxa and intensive processing are common.

Here, we evaluate AFS-MetaCache for taxonomic authentication and quantification in
fish-dominated matrices using defined “FishCal” calibration sausages containing
economically important fish species and a set of commercial seafood products. We
assess qualitative identification performance and quantify the impact of genome-size
scaling and calibration functions on agreement between expected and measured
species proportions, providing a framework for improved quantitative AFS-based
surveillance of processed seafood.

Materials & Methods

Sample collection and preparation

Lophius piscatorius, Melanogrammus aeglefinus, Salmo salar, Sebastes norvegicus and
Thunnus albacares for the preparation of calibration sausages (FishCal) were purchased
at a local fish monger (Fisch Jackob GmbH, Mainz, Germany). DNA extraction was
outsourced to StarSEQ GmbH (Mainz, Germany) and performed following the
provider's standard protocol for animal tissue. To verify the correctness of species
identity, DNA barcoding was performed by StarSEQ GmbH (Mainz, Germany) by PCR
amplification of a mitochondrial barcode marker COlI, followed by Sanger sequencing
and sequence comparison against BOLD database. Six calibration samples with various
amounts of each species were prepared by weighing fish filet in proportions of 1, 4, 9,
15, 20 and 71 %, respectively. Processed food samples (SeaFood and Surimi) were
bought at various supermarkets in Rhinehessen (Germany). For both calibration and
processed food samples, DNA extraction and Illumina library preparation was
performed by StarSEQ GmbH (Mainz, Germany). Sequencing was carried out according
to the provider's protocols on an Illlumina MiSeq instrument.
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Bioinformatic Sequence Read Preparation

To remove sequence adapters and low-quality sequences, all samples were pre-
processed using BBDuk from the BBTools software package v37.93

(https://sourceforge.net/projects/bbmap/). Sequencing adapters were trimmed if a
match with k=23 (k=11, if the matched kmer is detected at the very end of the each
read) against a reference sequence allowing one mismatch was detected. Subsequently
3" bases with Phred-quality <20 were discarded. If the average Phred-quality or the
length of a read was below 20, the entire read was discarded. Success of quality control
was inspected visually using FastQC and MultiQC (Andrew, 2010; Ewels et al., 2016).

All-Food-Seq

All food samples were analysed using AFS-MetaCache v2.5.0 (Kobus et al., 2020) in
multiple steps: The initial database was constructed for each sample using the
reference genomes of all ingredients listed on the product; or in case of calibration
samples, all species utilised for their creation. A first round of AFS-MC was performed
using the before mentioned database with parameters “-maxcand 4" and "-hitmin 4".
All reads that could not be classified during the first iteration were extracted and
matched against a "Barcoding Database” consisting of commonly used DNA-barcode
markers from BOLD and GenBank. For all additional species identified this way, a
reference genome was added to the initial AFS-MC database and a second round of
AFS-MC was performed using a more defined database.

Subsequent calibration of the main components identified with AFS-MC was
performed to account for the variability in genome sizes across different species, a
crucial step necessitated by the principle that larger genomes vyield higher
concentrations of DNA during extraction and thereby leading to a higher number of
reads in sequencing. To achieve a standardized comparison across all samples,
normalization procedures were applied based on the respective genome sizes. The size
data for each genome were primarily sourced from two comprehensive repositories,
the Animal Genome Size Database (Gregory, 2025) and the Plant DNA C-values
Database (Leitch 1J et al., 2019). For species where no Genome Size data was present in
the databases, an estimation was performed (see next section).
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Estimation of genome sizes

Addressing the challenge of missing species genome sizes, we incorporated an
estimation technique: K-mer abundance in NGS read data resemble the underlying
genome's composition, enabling the inference of genome size through the analysis of
their distribution and abundance patterns. Sequencing reads were processed to extract
data for k=23 and create kmer-histograms with the number of unique 23-mers for each
sequencing depth using bbnorm.sh from the BBTools software package v37.93. These
histograms were then used for GenomeScope to calculate genome size estimations for
each species no represented in c-value databases (Vurture et al., 2017).

Identification of unclassified reads

All reads that remained unclassified after the second round of AFS-MC were queried
against the Archaea, Bacteria and Viral sequences from the NCBI RefSeq database,
release 229, accessed March 22" 2025, (Goldfarb et al., 2025) with “-maxcand 2" and
“-hitmin 0". Reads that remained unclassified even after this analysis, BLASTN v2.12.0+
was performed to map the reads to entries in the NCBI non-redundant nucleotide
collection (nr/nt) database with output of Reference Taxonomic IDs (staxids). The
results were filtered to only include a single best hit based on bit score for each read.
The species of origin was identified for each read by matching of Taxonomic IDs with
the NCBI taxonomy database.

Results

AFS-MC quantification of fish ingredients in calibration samples

As shown in previous studies, AFS-MC cal. is capable of identifying and quantifying the
species proportions of meat samples (Hellmann, Ripp, et al., 2020; Kobus et al., 2020;
Ripp et al, 2014). Here, we tested whether the same concept transfers to fish-
dominated matrices by analysing six defined FishCal mixtures containing commonly
consumed fish species. Quantification was evaluated for the default AFS-MC output,
after genome-size scaling (AFS-MC norm.), and after an additional calibration step
(AFS-MC cal,; Fig. 1).
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With default AFS-MC, salmon was consistently overestimated across the FishCal series
(Fig. 1, blue). Read-based proportions primarily reflect DNA contribution, not the
weighed-in biomass fraction. Salmon is therefore expected to contribute
disproportionately more DNA per gram tissue for two reasons: (i) aquaculture
production frequently involves triploid salmon, and triploidy increases nuclear DNA
content per cell (and thus per tissue mass) relative to diploids (Piferrer et al., 2009); and
(i) salmonids have a substantially larger genome than the other fish species in this set,
a consequence of a salmonid-specific whole-genome duplication event (Macqueen &
Johnston, 2014; Near et al., 2012). Together, these factors provide a coherent
explanation for overestimation of salmon when proportions are inferred from raw read
counts. This effect is most dominant in FishCal A, where the salmon signal exceeds the
target by >8-fold.

To correct this systematic bias, we normalized species-assigned read counts by
genome size. This single step markedly improved quantitative agreement across the
calibration series, reducing the overall deviation from the expected composition from
44.5 % to0 19.9 % after genome-size scaling (Fig. 1; AFS-MC norm., orange). Remaining
discrepancies were further reduced by applying calibration functions (linear regression)
to compensate residual, composition-dependent matrix effects (Fig. 1, AFS-MC cal,
purple), lowering the overall deviation to 14.2 %. For salmon, the improvement is
illustrated by FishCal A, where the strong overcall is reduced to ~2.3-fold after both
corrections. Importantly, residual salmon deviations are not strictly one-directional
after calibration (e.g., FishCal B trends slightly below the target), indicating that genome
size explains a major, but not the only, driver of quantitative bias in these fish matrices.
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Figure 1: Quantification of fish ingredients in calibration samples (FishCal A—F). For each sample, the
expected (weighed-in) proportions are shown as black horizontal segments (“target”). Bars show the
relative read abundance (%) obtained by AFS-MetaCache (AFS-MC; blue), AFS-MC after genome-size
normalization (AFS-MC norm.; orange), and AFS-MC after genome-size normalization plus calibration
(AFS-MC cal.; purple).

Real fish product samples

In addition to the calibration series, we analysed 11 commercial products to assess AFS
performance in real marine food matrices: six processed “SeaFood” products and five
“Surimi”-style products. All samples were subjected to WGS and analysed with AFS,
followed by genome-size scaling to improve quantitative comparability. Because these
retail foods represent highly heterogeneous matrices and lack mixture-matched
reference material, the additional calibration step used for FishCal was not applied here.
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Across the SeaFood set, three samples (SeaFood1, SeaFood?2, SeaFood4) were fishcake-
type products (Fig. 2). SeaFood1 and SeaFood4 were declared to be primarily Alaska
pollock; however, both profiles were dominated by a broader Gadus signal split across
Alaska pollock (G. chalcogrammus) and other cod species (notably Atlantic cod
G. morhua and Pacific cod G. macrocephalus). SeaFood4 additionally contained a
substantial fraction assigned to Merluccius spp., dominated by M. productus (~31 %)
alongside smaller Merluccius contributions and a minor pollock signal. In both fishcake
products, low-level plant ingredients (e.g., onion; cereals such as rice or wheat) were
detected, consistent with the expectation of binding agents in processed foods.
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Figure 2: Species composition of commercial SeaFood products assessed by AFS. Heatmap shows relative
abundances (%) of detected taxa normalized for genome size. Cell color encodes abundance (0-100 %) and
numbers indicate the corresponding percentages. The “unclassified” row denotes reads remaining
unassigned dfter the eukaryotic ingredient analysis. The tree on the left shows phylogenetic relationship.
Unlabelled ingredients are highlighted in red.

SeaFood?2 (“carp grilled sausage”) was essentially a single-species product (Cyprinus
carpio, ~98 %), with only minor plant components. Similarly, SeaFood3 (“scallops with
sauce”) consists of almost entirely Pecten maximus accounting for ~98 % of the
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classified fraction (Fig. 2). By contrast, SeaFood5 (shrimp paté) showed a more complex
composition: two shrimp taxa (Penaeus vannamei ~27 % and P. japonicus ~2 %) co-
occurred with several fish species (dominated by pangasius Pangasianodon
hypophthalmus ~29 %, plus carp, rohu and rose fish) and cephalopods (notably
cuttlefish Sepia lycidas ~7 %; Fig. 2). SeaFood6 (paella-style with chicken) was treated
by sequencing only the non-rice fraction to increase effective depth for the mixed
ingredients; nevertheless, a small rice signal remained (~2 %), while chicken was the
major component (~35 %) together with mussel (~20 %), peas (~17 %), and
cephalopods (squid/cuttlefish both in the single-digit percent range). Minor signals
from cod/pollock-related taxa were also present.
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unclassified R 1.3% 0.8% 5.1% 1.0% 8.1%

Figure 3: Species composition of commercial Surimi products assessed by AFS. Heatmap shows relative
abundances (%) of detected taxa normalization for genome size. Cell color encodes abundance (0-100 %)
and numbers indicate the corresponding percentages. The "unclassified" row denotes reads remaining
unassigned dfter the eukaryotic ingredient analysis. The tree on the left shows phylogenetic relationship.
Unlabelled ingredients are highlighted in red.

The Surimi products (Surimil-Surimi5) showed both brand-to-brand variability and
recurring patterns typical for surimi matrices. Surimil was dominated by North Pacific
hake (Merluccius productus, ~47 %) and Alaska pollock (G. chalcogrammus, ~22 %),
with additional contributions from other Gadus assignments and a notable soy fraction
(~6 %; Fig.3). This pattern supports the declared “pollock and/or hake"-type
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formulation, while also illustrating that species-level assignments within closely related
groups (e.g., Gadus/Merluccius) can distribute across multiple near neighbours in the
reference set. Surimi2 was almost exclusively Gadus (~99 %), dominated by
G. chalcogrammus (~60 %) with additional Gadus contributions, consistent with a
Alaska pollock-based surimi.

Surimi3 stood out as the most compositionally complex sample: alongside a hake-
dominated fish fraction (M. productus ~36 %), it contained substantial signals from
squid (~12 %), vegetables (celery ~10 % and carrot ~10 %), and an unexpectedly large
fraction assigned to the yeast Yarrowia alimentaria (~16 %,; Fig. 3). Surimi4 showed a
mixed fish composition with M. productus (~50 %) and Gadus (~37 %) plus soy (~4 %).
Surimi5 differed markedly from the others, being dominated by Japanese threadfin
bream (Nemipterus japonicus, ~90 %) and showing the highest “unclassified” fraction
(~8 %), indicating incomplete reference representation in the database.

Microbial communities identified

In addition, we characterised the microbial communities for each sample at genus level.
Across all products, Pseudomonas was detected and reached high relative abundances
in several cases, including SeaFood?2, where it represented the dominant genus (Fig. 4).
However, most samples were dominated by other taxa in a strongly product-specific
manner: SeaFood1 was dominated by Mycobacterium (with a substantial Lactobacillus
fraction), SeaFood3 by Cutibacterium, SeaFood4 by Aeromonas, SeaFood5 by
Shewanella, and SeaFood6 showed a mixed dominance of Rouxiella and Vibrio. The
surimi products also differed markedly from each other, with dominance patterns
shifting between Corynebacterium (Surimil; with notable Bacillus), Xanthomonas
(Surimi2), Periweissella (Surimi3; alongside elevated Acinetobacter), and a lactic-acid-
bacteria-dominated profile in Surimi4 (Streptococcus with high Lactobacillus and
Limosilactobacillus). Surimi5 was dominated by Citrobacter (approaching roughly half
of the microbial community) and additionally showed pronounced signals of
Streptomyces, Acinetobacter and Psychrobacter. Overall, the microbial profiles were
highly sample-specific and did not correlate to the declared main ingredients: even
products within the same category (e.g., the surimi set or the fishcake-type samples)
displayed clearly distinct community patterns.
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relative abundance within the microbial fraction of the respective sample. Background shading separates

SeaFood (yellow) and Surimi (blue) products.
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Qualitative identification

For most samples, the fraction of reads remaining unclassified after AFS analysis was
low, consistent with comprehensive assignment of the major ingredients. To
investigate the origin of the residual unclassified fraction and identify species missed
during the main analysis, we subjected these reads to large-scale BLAST searches.
Across all samples, a consistent pattern emerged. First, a subset of reads matched
species that were already detected by AFS, indicating that part of the unclassified
fraction reflects reads from known ingredients that were not assigned by the classifier.
Second, BLAST revealed additional microbial sequences that were not captured in the
initial AFS profiling, demonstrating that the unclassified fraction also contains low-
abundance microbiota. Third, BLAST recovered traces of declared plant ingredients that
fell below the AFS reporting threshold of 0.01 % (e.g., parsley in Surimi3) and were
therefore omitted from the main results. Finally, some BLAST hits pointed to taxa that
cannot be represented in the primary AFS workflow because suitable reference
genomes are missing (e.g., Trachurus trachurus detected in Surimi5).

Discussion

Quantification Accuracy of AFS for Fish Ingredients

AFS has shown promising capabilities in the accurate quantification of species
proportions in mixed meat samples as reported in prior studies. Our current
investigation expands these findings by exploring the potential of AFS in quantifying
fish ingredients within complex food matrices. For an initial test of the method, we
created calibration sausages from commonly consumed fish species, before
undergoing AFS analysis.

Across FishCal A-F, default AFS-MC systematically overestimated salmon, reaching >8-
fold in the most extreme case. This bias is mechanistically plausible because read
proportions primarily reflect the relative amount of recovered DNA rather than
biomass. Salmonids carry an unusually large genome due to a salmonid-specific whole-
genome duplication, and aquaculture salmon can additionally be triploid in some
production contexts; both factors increase nuclear DNA content per unit tissue and
therefore inflate read-based abundance estimates if uncorrected (Macqueen &
Johnston, 2014; Near et al., 2012; Piferrer et al., 2009). Genome-size scaling directly
targets this source of bias and substantially improved quantitative agreement in
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FishCal, reducing the average per-sample deviation from the expected composition
from 44.54 % to 19.90 %. After scaling, salmon estimates moved much closer to the
targets, while a smaller residual overestimation remained for tuna (generally <2-fold),
and the remaining species showed mixture-dependent over- and underestimation.

However, genome-size scaling is not a universal “always improves” correction; its
usefulness depends on whether genome size is the dominant driver of bias in the
specific matrix. In our earliest AFS work, a similar c-value-based normalization did not
improve overall quantification in mixed meat sausages (Ripp et al., 2014), likely because
tissue composition introduced strong, opposing biases (e.g., low-DNA lard vs. higher-
DNA skin), which can outweigh genome-size effects (Cai et al., 2014; Koppel et al., 2011).
In contrast, FishCal was prepared only from fish fillet, reducing tissue-type
heterogeneity and making genome-size differences a major, correctable determinant.
Nevertheless, even within fillets, DNA yield per gram can vary with biological and
processing factors (e.g., muscle structure, fat content, age, and handling), which can
propagate into extraction efficiency and thereby affect any DNA-based quantification
approach (Kirpi¢nikov, 1987; Rehbein & Oehlenschldger, 2009).

To address residual, composition-dependent effects beyond genome size, we
additionally applied calibration functions to correct matrix effects, such as species-
specific differences in DNA recovery during extraction (Cankar et al., 2006; Josefsen et
al., 2015). This further reduced the remaining deviation (to 14.20 % on average) and
strongly dampened the salmon bias (e.g., the average overcall decreased from ~3.7-
fold to ~1.3-fold). However, this step requires either prior knowledge of the mixture or
suitable calibration materials, which are typically unavailable for routine retail
surveillance. For that reason, calibration is best viewed as a performance upper bound
and a tool for method characterization, whereas genome-size scaling provides a
broadly applicable correction that already captures a large fraction of the systematic
bias observed in fish matrices.
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Level of Discrimination of closely related species

The extension of the AFS-MC method from controlled calibration samples to real-world
processed marine food products provides a critical validation of its practical utility. We
therefore analysed eleven products from local supermarkets to unravel their ingredient
composition.

Across all products that contained Gadus spp. (SeaFood1, SeaFood4, SeaFood6, SurimiT,
Surimi2 and Surimid), reads were consistently split between Alaska pollock (Gadus
chalcogrammus), Pacific cod (Gadus macrocephalus), and Atlantic cod (Gadus morhua)
(Fig. 2&3). While the absolute proportions varied between recipes, a strikingly recurrent
~4:2:1 pattern emerged for G. chalcogrammus : G. macrocephalus : G. morhua. This
stable ratio across otherwise different products strongly suggests that the signal is not
simply reflecting three independent ingredients, but rather a systematic read-
allocation ambiguity within a very closely related species group. The three taxa
diverged only around ~5 MYA, so extensive sequence conservation is expected
(Hughes et al., 2018; Kumar et al., 2017; Y. Ma et al., 2022), and a classifier that assigns
reads to the "best matching” reference can repeatedly distribute reads across near-
neighbour genomes in a characteristic way. In other words, even if a sample contains
predominantly Alaska pollock, conserved genomic regions can still be assigned
reproducibly to Pacific cod and (spuriously) to Atlantic cod, yielding the observed 4:2:1
split. The fact that G. chalcogrammus is consistently the largest fraction is compatible
with pollock being the true main ingredient, but the presence of Pacific cod cannot be
excluded on sequence evidence alone.

Catch-area metadata provide an additional plausibility check. The products are stated
to originate from the Northeast Pacific (FAO 67), where Alaska pollock and Pacific cod
share habitat, whereas Atlantic cod does not occur (Thiinen Institute of Fisheries
Ecology). We therefore interpret the recurring G. morhua signal as the most likely false-
positive species assignment driven by sequence similarity, while G. chalcogrammus is
most plausibly driving the dominant component of the pattern; G. macrocephalus
could represent either spillover or a true co-ingredient, and cannot be resolved
confidently from these data. Consequently, for these products the most defensible
taxonomic statement from AFS alone is Gadus spp., rather than a fully reliable species-
level confirmation.

A similar limitation was observed for hake in Surimil, Surimi3, Surimi4, and SeaFood4.
In each case, multiple Merluccius spp. were reported, but assignments were strongly
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skewed toward Pacific hake (Merluccius productus), which exceeded the other
Merluccius signals by approximately 7- to 70-fold (Fig. 2&3). Several hake species in
the dataset are closely related (e.g., divergence times around ~4 MYA), whereas
M. productus is reported as more distantly related (~17 MYA; Kumar et al., 2017;
Rabosky et al., 2018). Despite this increased divergence, many genomic regions remain
conserved within the genus, which can still lead to ambiguous read assignment and
low-level false-positive detections of congeners. Importantly, when we analysed a
control sample consisting of 100 % Pacific hake, we observed a similar low-level
redistribution of reads to other Merluccius species (Supplement), supporting the
interpretation that these minor signals can arise from classifier ambiguity rather than
true additional ingredients. As the labelling lists Pacific hake as the ingredient and no
other hakes are expected for the stated Northeast Pacific origin (Thiinen Institute of
Fisheries Ecology), M. productus is the most plausible true contributor. Nevertheless, as
for cod, the conservative conclusion remains Merluccius spp. unless additional
orthogonal evidence (e.g., targeted markers or catch documentation) is available.

Overall, the recurring structured splits (e.g., the 4:2:1 pattern within Gadus) highlight a
practical boundary of untargeted WGS-based ingredient profiling: for very recently
diverged taxa with high sequence similarity, AFS read assignment can be reproducibly
biased across near-neighbour references, and genus-level reporting is the robust
interpretation even when one species dominates the assignments.

Identification of Species substitutions

Surimi5 illustrates a different, regulatory-relevant ambiguity: it was marketed using the
term “whitefish”, which is a culinary label rather than an unambiguous taxonomic
group. In Germany, the Federal Office for Agriculture and Food lists a defined set of
species that may be marketed under this designation (German Federal Office for
Agriculture and Food, 2025). Our AFS profile, however, was dominated by Japanese
threadfin bream (Nemipterus japonicus; ~90 %). This species is commonly used as a
“whitefish” in parts of Asian cuisine (Guo et al., 2020), but it is not included in the
German list for marketing as such and would therefore likely be challenged in official
control. Given that the product was imported from Asia and that “whitefish” is used
differently across culinary contexts, this pattern is most consistent with mislabelling
driven by differing naming conventions, rather than deliberate substitution for
economic gain.
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Beyond taxonomic ambiguity, several retail samples raise clear labelling and consumer-
protection issues. Surimi3 contained a substantial celery signal (~10 %) without
declaration. In contrast to the Gadus/Merluccius cases, celery is taxonomically distant
from the main ingredients, making a classification artefact due to close relatives
unlikely; while the exact proportion may still be imperfect, the presence of celery is
plausible and relevant. This is particularly problematic because celery is a regulated
allergen that must be declared to protect consumers (European Parliament & Council,
2011; Koppel et al.,, 2014; Worm et al., 2014). Similarly, the “paella-style with chicken”
product (SeaFood6) contained additional seafood components, including mussels and
cephalopods, and also showed a cod signal. Even if these ingredients are common in
paella-style dishes, they need to be declared clearly to avoid consumer deception and
to mitigate potential health risks.

Trace identification

Many of the low-abundance plant detections can be plausibly explained by culinary
additives and spices, including basil, garlic, parsley, and mustard, which were typically
present at <0.1 %. Such ingredients are generally used in small quantities because of
their strong flavour. Across all surimi products, paprika was consistently detected at
low levels (~0.01-0.09 %). This is consistent with its common use as a colouring agent
to impart the characteristic red appearance associated with crab-like surimi products.

SeaFood3 provides a useful example of how processing can decouple DNA-based
estimates from ingredient mass. This product consisted almost exclusively of great
scallop, but we also detected traces of cattle DNA. SeaFood3 is marketed as "Deluxe
scallops filled with creamy white wine sauce” and contains dairy ingredients (e.g.,
clarified butter, skimmed milk powder, creme fraiche), which plausibly explain the cattle
signal. Because these dairy components are highly processed and often fat-rich, they
contain comparatively little recoverable DNA per unit weight. Consequently, their
contribution can be substantially underestimated by a DNA-based quantification
approach, and the true mass fraction of milk-derived ingredients in the filling is likely
higher than the ~0.04 % indicated by read-based estimates.

Wheat was detected in several products, mostly at low levels, and its presence is
consistent with typical processing aids. In the fishcake-type products SeaFood1 and
SeaFood4, wheat-associated signals (~0.7-1.8 %) likely reflect added bread-like
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components or binders used in the recipe. In the surimi products, wheat occurred only
in trace amounts (~0.07-0.18 %), consistent with the use of wheat-derived starch.
Starches are widely applied in processed foods due to their functional properties as
thickeners and stabilizers, and may again be underestimated by DNA-based
quantification because they contribute relatively little DNA.

Databases as limitations for quantification

Unclassified reads varied between samples. To better understand their origin, we
analysed the unclassified read fraction by BLAST. Across all products, a substantial
share of these reads matched taxa that were already identified in the main AFS analysis.
This indicates that “unclassified” does not necessarily imply “unknown ingredient”, but
often reflects technical and reference-related limitations of read assignment. Three
factors likely contribute.

First, most reference genomes represent only one (or a few) individuals and therefore
do not capture the full spectrum of intraspecific variation; reads originating from
divergent haplotypes or structural variants may fail to match the reference sufficiently
and remain unassigned (Gui et al., 2022; Sherman et al., 2018). Second, reference quality
and completeness vary widely. Fragmented assemblies, misassemblies, or missing
sequence can reduce mappability and thus classification success, particularly for short
reads (Park et al., 2023). Third, some genomic regions are intrinsically difficult for short-
read—based assignment, including repetitive or duplicated (“camouflaged”) regions
that lead to ambiguous mapping and conservative filtering (Ebbert et al., 2019; Ryan &
Corvin, 2023). These limitations are expected to diminish as pangenome resources
expand and more high-quality reference assemblies become available, but they
currently contribute measurably to the residual unclassified fraction.

Long-read sequencing offers a plausible route to mitigate parts of this problem. Longer
reads span repetitive elements and provide more unique context, improving mapping
robustness and potentially supporting better discrimination of closely related taxa in
complex mixtures (Albertsen, 2023; Kovaka et al., 2023; Nurk et al., 2022). While long
reads do not eliminate reference bias, they can reduce ambiguity in regions that are
problematic for short-read workflows.

In addition to imperfect assignment to known taxa, BLAST also indicated the presence
of organisms for which suitable reference genomes are not available in the AFS
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reference set. For example, the unclassified fraction was comparatively high (~8 %) in
Surimi5, and BLAST results suggested Trachurus trachurus as a potential additional fish
component. Without an appropriate reference genome, such taxa can at best be
detected qualitatively by similarity search, but they cannot be quantified within the
standard AFS read-count framework. This limitation is inherent to reference-based
metagenomic quantification and will gradually become less restrictive as genome
coverage in public databases increases.

Detection of potentially lacking hygiene standards

Pseudomonas spp. was detected in every sample (Fig. 4) and reached high relative
abundances in several products. This is consistent with its ecology as a ubiquitous
environmental genus and with its well-established role as a psychrotolerant spoilage
organism in fish that can grow at refrigeration temperatures (Andreani & Fasolato,
2017; Streeter & Katouli, 2016). In addition, several genera frequently associated with
marine habitats occurred repeatedly across the dataset, including Vibrio, Shewanella,
Acinetobacter and Flavobacterium (Egerton et al.,, 2018). Their presence supports the
interpretation that the initial microbial load of raw seafood material contributes to the
communities observed in the final products.

At the same time, microbial profiles were highly sample-specific and did not track the
declared main ingredients: even products within the same category (e.g., the surimi set)
showed distinct dominance patterns. This points to processing-related factors:
handling, equipment hygiene, and storage conditions as major determinants shaping
the microbial community structure beyond the ingredient list alone.

Two samples showed particularly pronounced dominance of taxa that can be
informative from a hygiene perspective. Surimi4 was dominated by Streptococcus, a
genus commonly found in the mucosal microbiota of humans and animals and
frequently used as an indicator group in contamination contexts; this pattern is
compatible with post-processing introduction via personnel or contact surfaces,
although sequencing alone cannot prove the contamination route (Byappanahalli et
al., 2012; Iwamoto et al., 2010). Likewise, Surimi5 was dominated by Citrobacter, which
may reflect contamination and/or growth during processing and storage, and warrants
attention as a potential hygiene-related signal (Andeta et al., 2018).
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In addition to the bacterial profiles, Surimi3 contained a conspicuous yeast signal
assigned to Yarrowia alimentaria (syn. Candida alimentaria), accounting for ~16 % in
the Surimi3 profile. Yarrowia spp. are aerobic, salt-tolerant yeasts that are repeatedly
reported from protein-rich, processed and/or fermented foods, where they can either
contribute to desirable ripening reactions or act as spoilage organisms depending on
the product and storage conditions (Nielsen et al., 2008). Their metabolism is well
suited to such matrices because many Yarrowia strains can utilise lipids and proteins
and can generate volatile compounds and other metabolites that influence odour and
flavour, which is why they are frequently discussed in the context of quality changes in
processed foods (Zinjarde, 2014). Although Y. alimentaria itself has, to our knowledge,
not been reported for surimi products, its close relative Y. lipolytica has been linked to
spoilage of high-fat fish products, supporting the plausibility that a Yarrowia signal in
surimi could reflect unintended growth during processing or refrigerated storage
(Nielsen et al., 2008).

At the same time, Yarrowia spp. are also relevant as industrial production organisms.
They are known producers of enzymes and food-relevant metabolites (e.g., organic
acids, aroma compounds, emulsifiers/surfactants), which makes them attractive in
biotechnological and food-processing contexts (Zinjarde, 2014). The use of Y. lipolytica
biomass as a dietary supplement has been described, and defatted yeast preparations
can be protein- and fibre-rich and contain notable micronutrients (Gottardi et al., 2021;
Turck et al, 2019). Recent work also discusses Y. alimentaria in the context of
proteolytic activity and protein hydrolysis, highlighting potential applications where
proteases are desirable (Liu et al., 2025). Therefore, two scenarios remain plausible for
Surimi3: (i) unintended contamination and growth (spoilage-associated), or (ii)
deliberate or incidental technological use (processing-related). Distinguishing these
explanations would require targeted follow-up, such as culture-based confirmation,
strain typing, and/or time-series testing during storage to determine whether Yarrowia
increases post-production.
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Abstract

Background: All-Food-Sequencing (AFS) is a method for untargeted metage-
nomic analysis that allows for the detection and quantification of food ingredients.
While this approach avoids some of the shortcomings of targeted PCR-based
methods, its performance depends on sequencing technologies, taxonomic classi-
fication tools, and genomic reference databases.

Results: AFS-MetaCache2 implements an improved reference database con-
struction mechanism compared to prior approaches. To demonstrate the effec-
tiveness to AFS, we sequenced sausages composed of mammalian and avian
species using both short-read (Illumina) and long-read (Oxford Nanopore Tech-
nologies) platforms. While both approaches reliably detect the main components,
our comparison shows that long-read sequencing is superior in terms of both
quantification accuracy and false positive rates. The evaluation of representative
metagenomic tools (Kraken24Bracken, KrakenUniq, AFS-MetaCachel) demon-
strates that AFS-MetaCache2 yields the best accuracy and fastest database build
times, while reducing peak main memory consumption. It thus allows for efficient
scaling to large reference genome sets.

97



bioRxiv preprint doi: https://doi.org/10.64898/2025.12.18.694891; this version posted December 21, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

Conclusion: Our study suggests that deep sequencing of total genomic DNA
from samples with heterogeneous taxon composition, using 3rd generation
sequencing technology followed by metagenomic analysis with AFS-MetaCache2,
is a valuable approach for bio-surveillance of food ingredients. Our software is
available at https://github.com/muellan/metacache.

Keywords: Next-generation sequencing, Third-generation sequencing, Long-read
sequencing, Quantitative metagenomics, Species identification, Food authentication,
Fukaryotic genomes, Big data

Background

Ensuring safety and quality standards is of high importance to the food industry.
However, errors and fraud in the production and wrong labeling of food have garnered
political and media attention in recent years. This motivates the need for analytical
methods that allow for accurate monitoring of food species composition, ideally span-
ning various kingdoms of life including animals, plants, bacteria, fungi, and viruses.
Quantitative real-time polymerase chain reaction (qPCR) [1-3], droplet digital PCR
(ddPCR) [4-6], and sequencing of species-specific DNA bar codes [7-10] are technolo-
gies for food control that are widely used in practice. However, they are limited by
the number and phylogenetic diversity of target species within a single assay and thus
are not suitable for broad-scale screening.

As an alternative technology, high-throughput sequencing of metagenomic DNA
from food samples has the potential to simultaneously screen for a wide range of
species. Although prior definition of possible target species is not needed, subsequent
bioinformatic analysis based on comparisons to genomic databases is required to iden-
tify and quantify actual food components. Our original All-Food-Seq (AFS) approach
[11] mapped Illumina sequencing reads to a (small) number of reference genomes using
BWA, and then determined species composition and relative quantities based on a read
counting procedure. This detected anticipated species in food products with quan-
tification accuracy comparable to ddPCR and simultaneously identified unexpected
species in an untargeted approach [12].

Application of this approach in practical settings faces two challenges;

1. storing large amounts of reference genomes in increasingly big databases, and
2. accurate bioinformatics solutions for mapping and quantification.

To address these issues, AFS-Metacachel [13] proposed a k-mer-based exact matching
approach to compare each read to a database of reference genomes. To gain efficiency,
subsampling of k-mers based on minhashing is employed to reduce both memory
consumption and database construction times. Nevertheless, when considering scal-
ing to large reference genome collections, the associated databases may still consume
hundreds of gigabytes or even terabytes of memory, which makes scaling challenging.

In addition, false positive read classifications might be caused by regions of DNA
shared among multiple reference genomes due to sequence conservation. A number of
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prior studies [14-16] in the field of microbial metagenomics or marker gene sequenc-
ing based on Ilumina short-read sequencing have shown that performance depends
both on the taxonomic classifier and utilized reference databases. Recent work further
indicted that the accuracy of microbial taxonomic classification and profiling meth-
ods can be further improved by using long-read sequencing [17-20]. However, similar
studies of metagenomics with complex eukaryotic genomes have not been conducted
so far.

In this paper we therefore address both the accuracy and the scalability challenge
of k-mer based AFS. Our contributions are two-fold:

Long read sequencing: We are the first to investigate the impact of longer sequenc-
ing reads to broad-scale identification and quantification of species composition in
food. Our experimental results using a number of calibrator sausages of known species
sequenced with both Tllumina and Oxford Nanopore Technologies (ONT) platforms
show that using long-read datasets yield lower false-positive rates and at the same
time can provide higher quantification accuracy.

Scalable database construction: We also address the drawback of high main mem-
ory consumption and long database construction times of contemporary classification
tools by proposing a novel reference genome database construction scheme. It pro-
duces a taxonomy-aware partitioning that automatically assigns similar reference
genomes to different partitions by minimizing bucket overflows. The correspond-
ing implementation is provided in AFS-MetaCache2. Our performance evaluation
shows that AF'S-MetaCache2 yields lower false-positive rates and higher quantification
accuracy compared to Kraken2+4Bracken [21, 22|, KrakenUniq [23, 24], and AFS-
MetaCachel [13], while reducing both database construction times and peak main
memory consumption by taking advantage of modern multi-core CPUs. Therefore, our
new approach enables scalability to growing genome collections which is needed for
practical broad-scale food screening.

Methods

DNA sequencing of sausage calibration samples

Thirteen calibration sausage samples containing admixtures of cattle, chicken, pig,
sheep, horse and turkey at defined amounts were produced by a professional butchery
and provided by the Official Food Control Authority of the Canton Ziirich, Switzerland
(see Table 1) [1]. The samples were prepared for calibration of foodstuff detection
methods and reflect three different recipes of sausage production:

Kal A-E: all meat sausage,

KLyo A-D: Lyoner style sausage (matrix of meat, rind and lard), and

KGefiLyo A-D: poultry Lyoner (matrix of meat and skin).

Total DNA was extracted out of 200mg homogenized sausage samples using the
Wizard Plus system (Promega, 117 Madison, USA) according to the manufacturer’s
protocol.
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Oxford Nanopore sequencing

DNA concentration was quantified using a DS-11 FX+ spectrophotometer/fluorometer
(DeNovix). DNA integrity was assessed using a Fragment Analyzer 5200 with the
DNF-474-1000 kit (Agilent Technologies).

Libraries were prepared using the Native Barcoding Kit 24 V14 (SQK-NBD114.24;
Oxford Nanopore Technologies) according to the manufacturer’s ligation sequencing
gDNA native barcoding v14 protocol. Briefly, 400ng per sample was subjected to
DNA repair using Ultra™ II End Repair/dA-Tailing Module (New England Biolabs).
Native barcodes were ligated using the NEB Blunt/TA Ligase Master Mix (New Eng-
land Biolabs). Library concentration was measured using the Qubit dsDNA HS assay
(Thermo Fisher Scientific). Barcoded samples were purified using 0.4x AMPure XP
Beads (Beckmann Coulter) and pooled equimolarly. Sequencing adapters were ligated
to the pooled DNA using Quick T4 DNA Ligase (New England Biolabs) and the library
was loaded onto a R10.4.1 PromethION flow cell (FLO-PRO114M). Sequencing was
performed on a PromethION 2 Solo for 48 h.

For downstream analysis, super-accuracy (SUP) basecalling was performed using
Guppy basecall server v7.1.4 with model dna_r10.4.1_e8.2_400bps_sup@u4.2.0 with
demultiplexing and adapter trimming enabled and discarding low quality reads
(PHRED <8). This resulted in 1.9 to 4.3 million reads per sample (median: 1.5 million)
with median read length of 374 bp and maximum read length of 21 kbp.

Illumina sequencing

Sequencing library preparation and sequencing were performed by a commercial
provider (StarSEQ, Mainz, Germany). The Nextera DNA Library Preparation Kit
(Illumina, San Diego, USA) was applied following the manufacturer’s instructions.
Typically, 1 ng of total DNA was used. Sequencing was carried out on an Illumina
MiSeq instrument using reagent kit v.2 in 150 bp paired-end mode. All datasets were
quality checked, trimmed and filtered by using the FASTQC data evaluation software
and the trimmomatic v0.33 trimming tool. This resulted in 0.195 to 1.659 million reads
per sample (median: 0.8 million) with median read length of 126 bp and maximum
read length of 136 bp.

Datasets for both Illumina and ONT sequencing have been submitted to the SRA
database under the project name PRJEB34001.

AFS-MetaCache2 Pipeline

Our pipeline can be separated into two distinct phases: build and query. AFS-
MetaCache2 extends the pipeline of AFS-MetaCachel (as presented in [13]) by
introducing a novel method for scalable database construction in the build phase.
Figure 1 provides an overview of both phases which are further outlined in the
following.

Build Phase

We consider a collection of N reference genomes as input. Each reference genome is
divided into windows of size [ which overlap by k& — 1 base-pairs. For each window a
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sketch is calculated using minhashing [25]. A sketch consists of the s smallest k-mers
(in strand-neutral canonical representation) contained in the window with respect to
an applied hash function. Thus, the sketching procedure selects only a subset of k-mers
to be inserted into the database used for similarity computation, typically reducing
their amount by around one order-of-magnitude.

The database is stored as a hash table consisting of key-target-list pairs. A second
hash function maps k-mers to slots in the hash table. If an identified slot is empty
or occupied with the same k-mer, the corresponding k-mer is inserted as key and the
corresponding location (genome ID, window ID) is appended to the target-list (see
Genome Hash Tables in Figure 1).

Due to the ever increasing size of reference genome collections, the memory of
a single workstation might not be sufficient to create a database for all considered
reference sequences at once. Thus, we have developed a new approach to partition
the reference genomes into separate databases (hash tables) which allows us to not
only reduce memory consumption; but also limit the amount of overflowing buckets by
storing similar genomes in different partitions. At the same time our approach reduces
runtimes by employing multiple threads of common multi-core CPUs.

Our new database construction procedure for a total of NV reference genomes
G1,...,Gy works as follows. If ¢ CPU threads are available in total, min(t — 1, N)
individual hash tables T; for each of the reference sequences G; are constructed in
parallel. They are then subsequently merged into larger hash tables using a separate,
concurrently running thread. By default all genome-specific tables T; are merged into
one unified hash table which results in a database as produced by previous versions
of AFS-MetaCache2. However, if the user either sets a maximum memory size per
database partition or the number of individual partitions or both of these options, the
genome-specific tables will be merged into separate hash tables each representing a
database partition.

Since the distribution of k-mer occurrences in different genomes is usually highly
skewed, a large fraction of k-mers occur only once while few occur thousands or even
millions times. To limit memory consumption, the maximum number of locations
stored per k-mer is limited to a predefined value (254 per default). In the case of highly
similar genomes, the number of bucket collisions can become significant, since identical
k-mers occur in several different genomes. This may lead to inaccurate assignments
for reads stemming from repetitive genomic regions.

Thus, the merging of hash tables into multiple partitions P; aims to preserve as
much genomic information as possible by minimizing the number of overflowing hash
table buckets. The procedure starts with a user-defined number of required partitions
(by default 1) and successively inserts the contents of the previously generated per-
genome hash tables T; into these partitions. Each insertion round for any of the tables
T; starts by computing the number of resulting hash bucket overflows that would occur
when inserting into any of the partitions Pg. This can be achieved by querying each
bucket key (k-mer) in T; against P, and in case of a match checking if the sum of the
bucket sizes exceeds the maximum bucket size. Finally, the genome table is inserted
into the partition P,,; that incurs the least amount of overflowing buckets and has
the smallest size. If inserting the current genome table would exceed the maximum
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Fig. 1 Top (build phase): Database building scheme. First, hash tables T; are built
in parallel for each reference genome i. Then, they are sequentially merged into the
final database partitions P; while minimizing overflowing hash buckets. Bottom (query
phase): Querying pipeline. Features of each read (pair) are queried against each database
partition and the resulting top candidates are merged to obtain the classification result.
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memory limit for partition P, the table T; is not inserted but used to start a new
partition instead.

Bucket truncation that could lead to a loss of information due to many k-mer col-
lisions can thus be reduced significantly in our new build approach if two or more
partitions are used. Moreover, it is not necessary to manually partition reference
genomes in order to obtain size-limited partitions. Note that, as the partitioning
works on a reference sequence level and k-mer distributions might differ between input
sequences the resulting partitions might vary in size.

The parallel construction of individual sequence tables in AFS-MetaCache2 also
significantly speeds up database construction by around one order-of-magnitude com-
pared to prior methods such as AFS-MetaCachel, Kraken2, and KrakenUniq which
are limited to a single thread operating a single hash table during the build phase. Note
that merging incurs a small additional memory overhead since not yet merged indi-
vidual tables T; have to be kept alongside the partition tables which itself have to be
kept large enough to accommodate new insertions, while not exceeding the maximum
hash table load factor.

Query Phase

To classify a read, its sequence is first split into windows of the same length as used in
the database. From each window all canonical k-mers are generated and minhashing
is applied to produce a sketch. All elements of the sketch are then queried against
the hash table(s). The resulting location lists are merged and identical locations are
accumulated. This yields a (sparse) histogram of hit counts per window in the reference
genomes (window count statistic) which indicates the similarity of this region with
the read. To account for single-end or paired-end Illumina reads spanning multiple
windows, the window count statistic is scanned with a sliding window approach to find
target regions with the highest aggregated hit counts in a contiguous window range.
The top m counts (top hits) are then used to classify the read. In case of multiple
partitions, each partition needs to be queried separately and the top-hit results need
to be merged accordingly. If the difference of the highest and second highest count
is above a threshold, the read is labeled as belonging to the taxon of the genome
corresponding to the maximum count. Otherwise, all targets with counts close to the
maximum are considered, the lowest common ancestor (LCA) of the corresponding
taxa is calculated and used to label the read. Classifying ONT reads is identical to
classifying (single-end) Tllumina reads with the difference that ONT reads are typically
longer and cover more windows.

Following the per-read classification, we perform gquantification by estimating the
abundances of organisms contained in a dataset at a specific taxonomical rank. For
each taxon which occurs in the dataset we count the number of reads assigned to it.
We then build a taxonomic tree containing all found taxa. Taxa on lower levels than
the requested taxonomic rank are pruned and their read counts are added to their
respective parents, while reads from taxa on higher levels are distributed among their
children in proportion to the weights of the sub-trees rooted at each child. After the
redistribution the estimated number of reads and abundance percentages are returned
as outputs.
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Table 1 Meat composition of our utilized calibrator sausages.

Name | Cattle Sheep Pig Horse Chicken Turkey
KGefLyo_A 0.5% 0.0% 5.5% 0.0% 14.0% 80.0%
KGefLyo B 2.0% 0.0% 4.0% 0.0% 36.0% 58.0%
KGefLyo_C 4.0% 0.0% 2.0% 0.0% 58.0% 36.0%
KGefLyo D 5.5% 0.0% 0.5% 0.0% 80.0% 14.0%
KLyo_A 14.0% 0.0%  80.0% 0.0% 0.5% 5.5%
KLyo B 36.0% 0.0% 538.0% 0.0% 2.0% 4.0%
KLyo C 58.0% 0.0% 36.0% 0.0% 1.0% 2.0%
KLyo D 80.0% 0.0%  14.0% 0.0% 5.5% 0.5%
Kal_ A 1.0% 9.0%  35.0% 55.0% 0.0% 0.0%
Kal B 9.0% 1.0%  55.0% 35.0% 0.0% 0.0%
Kal C 25.0% 25.0%  25.0% 25.0% 0.0% 0.0%
Kal D 35.0% 55.0% 9.0% 1.0% 0.0% 0.0%
Kal E 55.0% 35.0% 1.0% 9.0% 0.0% 0.0%

Table 2 Description of utilized read datasets for each sequenced
calibrator sausage for both Illumina and ONT.

Dataset Illumina ONT
Number Seq. Lengths Number Seq. Lengths
of Sequ Mean Max \ of Seq. Mean Max

KGefLyo A 675648 123 136 | 3730696 483 13550
KGefLyo B 772140 127 136 | 3541003 553 18939
KGefLyo C 703550 128 136 | 3606972 500 14817
KGefLyo D 1613574 125 136 2713627 436 16 044
KLyo A 801976 128 136 | 1878926 580 21061
KLyo B 603 544 122 136 2110760 704 12684
KLyo C 1014268 125 136 | 2617000 674 21048
KLyo D 833068 120 136 | 2873805 516 14454
Kal A 1659 486 126 136 2844028 387 6138
Kal B 195 360 132 136 4 341 385 412 9142
Kal C 808574 131 136 | 3306965 372 8094
Kal D 805 542 126 136 4154 567 473 11428
Kal E 577428 130 136 | 3750067 411 9507

Results

Datasets

Sequencing read datasets have been obtained from thirteen calibrator sausage samples
(Kal A-E, KLyo A-D, KGeflLyo A-D) with known meat composition (admixtures of
chicken, turkey, pork, beef, horse, and sheep) as shown in Table 1. Table 2 provides a
summary of the corresponding sequencing read datasets for both Illumina and ONT in
terms of size and read length distribution. Due to the skewed read length distribution
of ONT, we removed all reads shorter than 200-bp from the corresponding datasets.
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Food-related genomes (selection of main ingredients) used for database construc-
tion are listed in Table 3. We created databases of various sizes using the following
reference genomes sets in order to compare quantification accuracy, runtime, and
memory consumption of various tools:

AFS8: Genomes from 1 to 8 in Table 3.

AFS20: Genomes from 1 to 20 in Table 3.
AFS531: Genomes from 1 to 31 in Table 3.
AFS542: Genomes from 1 to 42 in Table 3.

To test the performance of AFS-MetaCache2 with partitioned databases, we built
several version of AFS42 using one (AFS42), two (AFS42-P2), and four partitions
(AFS42-P4).

Quantification accuracy

Read classification and abundance estimation was performed for all sequencing read
datasets listed in Table 2 using AFS-MetaCache2, Kraken2 v2.1.5 in combination with
Bracken v2.5.3, and KrakenUniq v1.0.4 — all using default settings. AFS-MetaCache2
and Kraken2+Bracken were run with all eukaryotic databases of various sizes. Krak-
enUniq was only run with the AFS8 database, because it was not able to successfully
build larger databases on our test system with 512 GB main memory.

In order to assess the overall performance of a mapping tool in combination with
a given reference genome set and sequencing technology we use two metrics:

Absolute deviations: We sum up the absolute deviations from the known meat compo-
sition percentages for each dataset and compute the averages and standard deviations
of these deviation sums over all datasets.

Fualse positives: Read assignments to taxa other than the known main meat compo-
nents are presumed to be false positive classifications!.

The results for absolute deviations are presented in Figure 2 which compares the aver-
age sums and mean deviations per dataset for AFS-MetaCache2, Kraken2+Bracken,
and KrakenUniq. AFS-MetaCache2 yields consistently lower ground truth deviations
than Kraken2+Bracken for all genome databases and both sequencing technologies.
While KrakenUniq's abundance results for AFS8 is comparable to AFS-MetaCache2
for the same database, it is not able to reliably scale to bigger genome collections. Devi-
ation sums obtained with AFS-MetaCache2 range from (11.7£3.1)% to (13.8+2.6)%
for Tllumina reads and from (11.1 + 3.4)% to (12.1 + 2.4)% for ONT reads, while the
corresponding values for Kraken2+Bracken range from (15.7 +4.9)% to (16.3 +4.8)%
for Illumina reads and from (14.8 + 3.4)% to (16.3 £ 4.6)% for ONT reads. The devi-
ation sums for KrakenUniq with the AFS8 database are (12.7 £ 3.1)% for Ilumina
and (12.6 £2.8)% for ONT respectively. Each tested tool thus achieves better average
abundance accuracy for ONT reads than for Illumina reads.

The sums of false positive abundances per dataset and averaged over all datasets
are shown in Figure 3. AFS-MetaCache2 outperforms all other tested tools for

I'Note that some of these reads could potentially represent unknown contamination or other ingredients
that are in fact correctly mapped.
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Fig. 2 Averages and standard deviations (over all 13 sausage datasets) of the per-dataset sum of
the absolute abundance deviations from the ground truth.
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Fig. 3 Averages and standard deviations (over all 13 sausage datasets) of the per-dataset sum
of presumed false positive abundances, i.e., all abundances of taxa other than the known main
components.
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Fig. 4 Classified abundances for each ONT read dataset. Thick horizontal bars indicate ground
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Table 3 List of considered eukaryotic reference genomes

Itemm Name Accession ID Size on disk
01 Sus scrofa (Pig) GCF_000003025.6 2.4GB
02 Equus caballus (Horse) GCF_002863925.1 2.4GB
03 Meleagris gallopavo (Turkey) GCF_000146605.3 1.1GB
04 Mus musculus (House Mouse) GCF_000001635.26 2.7GB
05 Gallus gallus (Chicken) GCF_000002315.5 1.1GB
06 Owis aries (Sheep) GCF_002742125.1 2.8GB
07 Rattus norvegicus (Norway rat) GCF_000001895.5 2.8GB
08 Bos taurus (Cattle) GCF_002263795.1 2.6GB
09 Bubalus bubalis (Water buffalo) GCF_003121395.1 2.6 GB
10 Cervus elaphus hippelaphus (Red deer) GCA_002197005.1 3.3GB
11 Capreolus capreolus (Western roe deer) GCA_000751575.1 3.0GB
12 Struthio camelus australis (African ostrich) GCF_000698965.1 1.2GB
13 Anas platyrhynchos (Mallard) GCF_003850225.1 1.1GB
14 Capra hircus (Goat) GCF_001704415.1 2.8GB
15 Oryctolagus cuniculus (Rabbit) GCF_000003625.3 2.6GB
16 Cavia aperea (Ginea pig) GCA_000688575.1 2.6GB
17 Camelus ferus (Wild batrian camel) GCF_009834535.1 2.0GB
18 Canis lupus familiaris (Dog) GCF_000002285.3 2.3GB
19 Felis catus (Domestic Cat) GCF_000181335.3 2.4GB
20 Homo sapiens (Human) GCF_000001405.39 3.1GB
21 Equus asinus (Donkey) GCF_001305755.1 2.3GB
22 Rangifer tarandus (Reindeer) GCA_004026565.1 2.9GB
23 Phasanius colchicus (Ring necked pheasant) GCF_004143745.1 989 MB
24 Glycine maz (Soybean) GCF_000004515.5 946 MB
25 Zea mays (Maize) GCF_902167145.1 2.1GB
26 Triticum aestivum (Bread wheat) GCA_002220415.3 15GB
27 Secale cereale (Rye) GCA_900079665.1 1.8GB
28 Hordeum vulgare (Barley) GCA_903813605.1 4.1GB
29 Oryza sativa japonica (Rice) GCF_000005425.2 370 MB
30 Arachis hypogaea (Peanut) GCF_003086295.2 2.5GB
31 Saccharomyces cerevisiae (Bakers yeast) GCF_000146045.2 12MB
32 Notamacropus eugenii (Tammar wallaby) GCA_000004035.1 3.0GB
33 Brassica nigra (Black mustard) GCA_001682895.1 389 MB
34 Brassica juncea (Brown mustard) GCA_001687265.1 924 MB
35 Apium graveolens (Celery) GCA_009905375.1 3.2GB
36 Corylus avellana (Hazelnut) GCA_901000735.1 515 MB
37 Sesamum indicum (Sesame) GCF_000512975.1 268 MB
38 Juglans regia (Walnut) GCF_001411555.2 557 MB
39 Pistacia vera (Pistachio) GCF_008641045.1 649 MB
40 Prunus dulcis (Almond) GCF_902201215.1 220 MB
41 Lupinus albus (White lupine) GCA_010261695.1 540 MB
42 Lupinus angustifolius (Blue lupine) GCF_001865875.1 591 MB
Total 89 GB

ONT. For Illumina AFS-MetaCache2 achieves lower average false positive sums than
Kraken24Bracken for each genome database. For the small AFS8 database, Krake-
nUniq achieves a slightly lower rate than AFS-MetaCache2 for the same database.
Overall, false positive sums are consistently and up to 3.4 times lower for ONT
datasets compared to their corresponding Illumina counterparts over all tool/database
combinations.
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The results in figures 2 and 3 also show that the new database partitioning intro-
duced with AFS-MetaCache2 is effective: For all tests the accuracy using AFS42-P2
(AFS42-P4) clearly improve in comparison to AFS42: Average absolute abundance
deviations are reduced from 13.5% to 11.8% (11.7%) for Illumina and from 12.7% to
11.1% (11.1%) for ONT, while average false positives are reduced from 3.11% to 1.76%
(1.74%) for Mumina and from 0.93% to 0.86% (0.87%) for ONT.

The relatively high variance observed in dataset-average abundance deviations can
be better understood by looking at the breakdown of abundance results of the main
meat components in relation to their ground truth values for each individual ONT
dataset as shown in Figure 4. A large part of the variance is driven by the abundance
deviations for chicken and turkey in the KGefLyo datasets where the abundance of
chicken is in most cases overestimated, while that of turkey is often underestimated
by Kraken2+Bracken and also (to a lesser extent) by AFS-MetaCache2. Also, both
tools underestimate the percentage of pork more when the overall fraction of pork in
a sample is large.

Table 6 shows a more detailed comparison of the relative abundances obtained
with AFS-MetaCache2 using reference database AFS42-P2 for both Illumina and ONT
reads for all taxa whose abundance was at least 0.1% of all classified reads in a dataset.
Ilumina reads assigned to other animal genomes than the main components account
for 0.23% to 8.47% per dataset. They were mainly identified as goat, donkey, deer and
to a lesser extent (< 0.2%) as water buffalo or guinea pig. The ONT mappings show
significantly lower abundances of animals other than the main components with per-
centages ranging from 0.25% to 2.3% per dataset while the animal species were mostly
the same except that less than 0.01% were assigned to guinea pig and additionally
0.12% were identified as pheasant.

For both sequencing technologies, the percentage of reads mapped to any of the
plant genomes in the database ranged from 0.1% to 0.7% per dataset. Plants identi-
fied with abundances greater than 0.1% included wheat, barley, celery, mustard and
sesame. The percentage of unclassified reads ranged from 2.65% to 9.33% per dataset
for Tllumina samples and 2.63% to 8.68% for ONT samples.

Runtime and memory consumption

All database builds and experiments were run on a workstation with an AMD EPYC
7713P 64-core processor running Linux, 512 GB of RAM, and a PCI NVMe SSD for
storing the read files and genome databases. Build times and memory consumption
for the database construction used for the accuracy tests for all classification tools are
shown in Table 4. AFS-MetaCache2 consumes less than half the amount of memory
than Kraken2+Bracken for building databases. In terms of runtime it takes only a
few minutes to build each database and is around one order-of-magnitude faster than
Kraken2+Bracken. KrakenUniq build times are significantly longer. It takes more than
6 hours to build the smallest 8 genome database; we were also not able to successfully
build larger databases with KrakenUniq.

We also compared the runtimes of our new database building scheme to the sequen-
tial approach used in AFS-MetaCachel. The new scheme is significantly faster with
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Table 4 Build times and memory consumption for the databases used for accuracy

evaluation.
Tool Name Partitions Peak Memory Build Time
(Size on Disk) Consumption

ATFS8 1 (18 GB) 26 GB 1min 31s
AFS20 1 (42GB) 64GB 3min 43s

AFS-MetaCache2 AFS31 1 (60 GB) 92GB 5min 165
AFS42 1 (66 GB) 99GB 7min 21s
AFS42-P2 2 (40 GB+33GB) 85GB S8min 10s
AFS42-P4 4 (20 GB+15 GB+23 GB+17GB) 63 GB 9min 53 s
AFS8 1 (39GB) 67GB 13 min

Kraken2 AFS20 1 (94GB) 156 GB 30 min

+Bracken AFS31 1 (122GB) 195 GB 49 min
AFS42 1 (153GB) 247GB 71 min

KrakenUniq AFS8 1 (85GB) 124 GB 381 min
AFS20 did not finish

speedups between 6.9x and 5.9x; e.g. for AFS42 the database built time is reduced
from 51 minutes to 7 minutes 21 seconds.

Querying speed and memory consumption for processing ONT read datasets are
shown in Table 5. Depending on the reference genome set, AFS-MetaCache2 pro-
cesses between 18.9 and 29.3 million reads per minute with a memory consumption
between 22 GB and 67 GB and an average read length of (501 = 104)bp. Using the
same genome sets, Kraken2+Bracken is faster (between 28.1 and 41.1 million reads
per minute) but consumes more memory (between 39 GB and 153 GB). KrakenUniq
is again slowest (7.3 million reads per minute). AFS-MetaCache2 classifies Illumina
reads at speeds of 113 to 143 million reads per minute (depending on the database)
and Kraken2+Bracken process Illumina reads at 151 to 197 million reads per minute.

AFS-MetaCache2’s support for partitioned reference databases has the advantage
of consuming less memory and can also speed up querying since the window count
statistics of smaller partitions can be processed much faster. The reduction in peak
memory consumption for a single partition compared to the full database corresponds
to the ratio of the partition size to the size of the full database, so querying AFS42-P4
takes at maximum 29 GB of memory for the largest partition with size 23 GB instead
of 71 GB for the full AFS42 database with a size of 66 GB. Querying speed for ONT
(Illumina) reads increases from 18.9 (113.1) million reads per minute for AFS42 to
24.2 (142.3) million reads for AFS42-P4.

Discussion

Determination and quantification of food ingredients are important issues in food
bio-surveillance [8]. The potential presence of a large variety of food components estab-
lishes the need for a broad-scale screening method that allows for precise identification
and quantification of ingredients, ideally spanning various kingdoms of life including
plants, animals, fungi, and bacteria. Established technologies for analyzing foodstuff
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Table 5 Average querying speed in million reads per minute and memory
consumption for classifying the ONT and Illumina read datasets. Note that memory
consumption is mainly dominated by the size of the loaded database.

Tool Database Peak Memory Query Speed
Consumption ONT Illumina
AFS8 22GB 29.3 MR /min 143.8 MR/min
AFS20 50 GB 214MR/min  122.7 MR/min
AFS-MetaCache2  AFS31 67 GB 19.1 MR/min  113.9 MR/min
AFS42 71GB 189MR/min  113.1 MR/min
AFS42-P2!  51GB 20.5 MR/min  121.5 MR/min
AFS42-P4'  29GB 24.2MR/min  142.3 MR /min
AFS8 39GB 42.1 MR/min  197.0 MR/min
Kraken2+4Bracken AFS20 94 GB 34.3MR/min  175.6 MR/min
AFS31 122GB 29.7MR/min  154.6 MR /min
AFS42 153 GB 28.1 MR/min  151.2 MR /min
KrakenUniq AFSS8 85GB 7.3MR/min 61.8 MR/min

Ihased on total runtime for sequential querying of partitions and merging of results

such as qPCR/ddPCR and (Meta-)Barcoding are typically limited to a set of target
species within a single assay that need to be defined beforehand by the use of primers
and can lead to the failure to detect certain species [26, 27]. Deep sequencing of total
genomic DNA from biological samples followed by bioinformatic analyses based on
comparisons to available reference genomes can overcome this limitation.

In this study we have applied our approach to a set of real-world reference
samples, containing admixtures of food-relevant species (chicken, turkey, pork, beef,
horse, sheep). The results demonstrate that AFS-MetaCache2 is able to reliably
detect the main components. In comparison to the established metagenomics tools
Kraken2+Bracken and KrakenUniq for abundance estimation, AFS-MetaCache2 is
superior in terms of absolute deviation and false positive rates. As different types of
tissue can contain different concentrations of DNA (matrix effect), deviations could
possibly be further reduced by a subsequent normalization procedure that takes tissue
ratios into account [12].

Our results further show that long read sequencing technologies like ONT can yield
more accurate abundance results and less false positive mappings for foodstuff analysis
compared to short read sequencing methods such as Illumina. This can be attributed
to the increased read length which provides improved genomic continuity of which all
tested tools can take advantage of to yield better read assignments even at the cost
of higher sequencing error rates?.

The ONT datasets used in our study not only provided longer read length than Illu-
mina but also contained more reads per sample. Therefore, they feature a much higher
genomic coverage. To investigate the impact of coverage on accuracy we produced ran-
domly downsampled versions of each ONT and Illumina dataset with 50% and 10% of
reads remaining. The mean deviations of the abundance results were at most 0.9% for

2Using read mapping we estimated the error rate of the used ONT data set as ~2.5% and of the Illumina
data sets as ~0.1%
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[lumina and at most 0.6% for ONT when comparing any of the down-sampled sets
to their complete counterparts.

Another important aspect of the metagenomic approach is efficient scalability to
large-scale databases containing complex eukaryotic reference genome indices. The
new database partitioning scheme introduced with AFS-MetaCache2 leads to faster
build times compared to prior versions as well as Kraken2+Bracken, and KrakenUniq,
while consuming less main memory, especially during the query phase. An important
parameter in our new scheme is the number of database partitions. Our results show
that working with more partitions has two distinct advantages: (i) accuracy can be
increased compared to using a single partition since our new method automatically
separates reference genomes with a high k-mer feature overlap into different database
partitions, which reduces the number of overflowing buckets and in turn improves
overall accuracy; (ii) using more partitions also reduces main memory consumption.

In the face of ever growing genomic databases this is particularly important; e.g.
analyzing complex food matrices might require hundreds or even thousands of large
reference genomes for which an efficient and scalable database construction scheme
is crucial. Even though our new construction scheme provides high efficiency and
scalability, using several thousands of complex genomes would still require significant
runtimes on common multi-core CPUs. A possible approach to accelerate this time-
consuming task would be the usage of modern GPU accelerators. In prior work [28], we
have already shown how this could be done with earlier versions of AFS-MetaCache2.
However, our new database construction introduced with AFS-MetaCache2 is more
complex. Accelerating it on multi-GPU systems will thus be an interesting direction
of future research and will be part of our future work.

Conclusion

We have presented AFS-MetaCache2, a fast and precise screening and quantifica-
tion tool for whole genome shotgun sequencing-based biosurveillance applications
such as food testing with a corresponing publicly available implementation. It can
scale efficiently towards large-scale reference databases containing complex eukary-
otic genomes making it suitable for broad metagenomic screening applications. Our
new database partitioning scheme leads to faster build times as well as more accurate
abundance results and less false positive mappings compared to previous versions of
AFS-MetaCache2, Kraken2+Bracken and KrakenUniq when running with the same
reference genome sets. It also allows our approach to be run on memory-constrained
systems by sequentially querying smaller partitions followed by a fast results-merging
phase. Evaluation results further show that ONT sequencing technology can achieve
higher accuracy compared to Illumina short read sequencing.

Declarations

Ethics approval and consent to participate

Not applicable.

16

12



bioRxiv preprint doi: https://doi.org/10.64898/2025.12.18.694891; this version posted December 21, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

Consent for publication

Not applicable.

Availability of data and materials

AFS-MetaCache2 is available at https://github/muellan/metacache; a dedicated AFS
manual page can be found at https://github.com/muellan/metacache/blob/master/
docs/afs.md. The utilized sequencing read datasets have been submitted to ENA
project PRJEB34001.

Competing interests

The authors declare that they have no competing interests.

Funding

Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) — project
number 439669440 TRR319 RMaP TP 01.

Authors’ contributions

AM implemented and tested the software and performed the experiments. SLH con-
ducted the sequencing experiments. BS, AM, SLH and TH wrote the draft of the
manuscript. BS and TH proposed and supervised the project. AM, AW, FK, SLH,
TH and BS analyzed and discussed the results. AM, BS, SLH and TH edited the
manuscript. The authors read and approved the final manuscript.

Acknowledgments

This work was partially funded by Deutsche Forschungsgemeinschaft (DFG, German
Research Foundation) — project number 439669440 TRR319 RMaP TP CO1.

References

[1] Koppel, R., Ruf, J., Rentsch, J.: Multiplex real-time PCR for the detection and
quantification of DNA from beef, pork, horse and sheep. European Food Research
and Technology 232, 151-155 (2011) https://doi.org,/10.1007 /s00217-010-1371-y

[2] Singh, M., Young, R.G., Hellberg, R.S., Hanner, R.H., Corradini, M.G., Farber,
J.M.: Twenty-three years of PCR-based seafood authentication assay develop-
ment: What have we learned? Comprehensive Reviews in Food Science and Food
Safety 23, 13401 (2024) https://doi.org/10.1111/1541-4337.13401

[3] Blaxter, M., Lewin, H.A., DiPalma, F., Challis, R., Silva, M., Durbin, R., For-
menti, G., Franz, N., Guigo, R., Harrison, P.W., Hiller, M., Hoff, K.J., Howe,

K., Jarvis, E.D., Lawniczak, M.K.N., Lindblad-Toh, K., Mathews, D.J.H., Mar-
tin, F.J., Mazzoni, C.J., McCartney, A.M., Mulder, N., Paez, S., Pruitt, K.D.,

17

13



bioRxiv preprint doi: https://doi.org/10.64898/2025.12.18.694891; this version posted December 21, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

Ras, V., Ryder, O.A., Shirley, L., Thibaud-Nissen, F., Warnow, T., Water-
house, R.M., Hajibabaei, M., Wong, G.K.-S., Burke, T., HarrisLewin, H.A.L.,
M Silva, Mkn, L., Djh, M., Silva: The earth biogenome project phase II: illu-
minating the eukaryotic tree of life. Frontiers in Science 3, 1514835 (2025)
https://doi.org/10.3389/FSCI.2025.1514835

[4] Koppel, R., Ganeshan, A., Weber, S., Pietsch, K., Graf, C., Hochegger, R.,
Griffiths, K., Burkhardt, S.: Duplex digital per for the determination of meat
proportions of sausages containing meat from chicken, turkey, horse, cow, pig
and sheep. European Food Research and Technology 245, 853-862 (2019) https:
//doi.org/10.1007 /s00217-018-3220-3

[5] Vishnuraj, M.R., Devatkal, S., Vaithiyanathan, S., Kumar, R.U., Srinivas, C.,
Mendiratta, S.K.: Detection of giblets in chicken meat products using microRNA
markers and droplet digital PCR assay. LWT 140, 110798 (2021) https://doi.
org/10.1016/J.LWT.2020.110798

[6] Ma, X.Y., Shao, Z.L., Yu, X.P., Wang, Z.L.: A droplet digital per-based approach
for quantitative analysis of the adulteration of atlantic salmon with rainbow
trout. Foods 2023, Vol. 12, Page 4309 12, 4309 (2023) https://doi.org/10.3390/
FOODS12234309

[7] Dobrovolny, S., Uhlig, S., Frost, K., Schlierf, A., Nichani, K., Simon, K., Cichna-
markl, M., Hochegger, R.: Interlaboratory validation of a DNA metabarcoding
assay for mammalian and poultry species to detect food adulteration. Foods 11,
1108 (2022) https://doi.org/10.3390/FOODS11081108/S1

[8] Kappel, K., Gadelmeier, A., Denay, G., Gerdes, L., Graff, A., Hagen, M.,
Hassel, M., Huber, I., Naumann, G., Pavlovie, M., Pietsch, K., Stumme, B.,
Volkel, 1., Westerdorf, S., Wohlke, A., Hochegger, R., Brinks, E., Franz, C.,
Haase: Detection of adulterated meat products by a next-generation sequencing-
based metabarcoding analysis within the framework of the operation OPSON
X: a cooperative project of the German National Reference Centre for Authen-
tic Food (NRZ-Authent) and the competent German food control authorities.
Journal fiir Verbraucherschutz und Lebensmittelsicherheit 18, 375-391 (2023)
https://doi.org/10.1007/s00003-023-01437-w

[9] Gorini, T., Mezzasalma, V., Deligia, M., Mattia, F.D., Campone, L., Labra,
M., Frigerio, J.: Check your shopping cart: DNA barcoding and mini-
barcoding for food authentication. Foods 12, 2392 (2023) https://doi.org/10.
3390/FOODS12122392

[10] Andronache, J., Cichna-Markl, M., Dobrovolny, S., Hochegger, R.: Development
of a DNA metabarcoding method for the identification of crustaceans (malacos-

traca) and cephalopods (coleoidea) in processed foods. Foods 14, 1549 (2025)
https://doi.org/10.3390/FOODS14091549 /51

18

14



bioRxiv preprint doi: https://doi.org/10.64898/2025.12.18.694891; this version posted December 21, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

[11] Ripp, F., Krombholz, C., Liu, Y., Weber, M., Schéfer, A., Schmidt, B., Képpel,
R., Hankeln, T.: All-Food-Seq (AFS): a quantifiable screen for species in biological
samples by deep DNA sequencing. BMC Genomics 15, 639 (2014) https://doi.
org/10.1186/1471-2164-15-639

[12] Hellmann, S.L., Ripp, F., Bikar, S.E., Schmidt, B., Képpel, R., Hankeln, T.:
Identification and quantification of meat product ingredients by whole-genome
metagenomics (All-Food-Seq). FEuropean Food Research and Technology 246,
193-200 (2020) https://doi.org/10.1007 /s00217-019-03404-y

[13] Kobus, R., Abuin, J.M., Miiller, A., Hellmann, S.L., Pichel, J.C., Pena, T.F.,
Hildebrandt, A., Hankeln, T., Schmidt, B.: A big data approach to metagenomics
for all-food-sequencing. BMC Bioinformatics 21(1), 102 (2020)

[14] Kutuzova, S., Nielsen, M., Piera, P., Nissen, J.N., Rasmussen, S.: Taxometer:
Improving taxonomic classification of metagenomics contigs. Nature Communi-
cations 15(1), 8357 (2024)

[15] Kim, C., Pongpanich, M., Porntaveetus, T.: Unraveling metagenomics through
long-read sequencing: A comprehensive review. Journal of Translational Medicine
22(1), 111 (2024)

[16] Portik, D.M., Brown, C.T., Pierce-Ward, N.T.: Evaluation of taxonomic clas-
sification and profiling methods for long-read shotgun metagenomic sequencing
datasets. BMC Bioinformatics 23(1), 541 (2022)

[17] Govender, K.N., Eyre, D.W.: Benchmarking taxonomic classifiers with Illumina
and nanopore sequence data for clinical metagenomic diagnostic applications.
Microbial Genomics 8(10), 000886 (2022)

[18] Van Uffelen, A., Posadas, A., Roosens, N.H.C., Marchal, K., De Keers-
maecker, S.C.J., Kevin, V.: Benchmarking bacterial taxonomic classification using
nanopore metagenomics data of several mock communities. Scientific Data 11(1)
(2024) https://doi.org/10.1038/s41597-024-03672-8

[19] Gehrig, J.L., Portik, D.M., Driscoll, M.D., Jackson, E., Chakraborty, S., Gratalo,
D., Ashby, M., Valladares, R.: Finding the right fit: evaluation of short-read and
long-read sequencing approaches to maximize the utility of clinical microbiome
data. Microbial Genomics 8, 000794 (2022)

[20] Macip, G., Soler-Comas, A., Palomeque, A., Motos, A., Llonch, B., Canseco-
Ribas, J., Bueno-Freire, L., Calabretta, D., Kiarostami, K., Cabrera, R., et al.:
Comparative analysis of illumina and oxford nanopore sequencing platforms
for 16S rRNA profiling of respiratory microbial communities. Scientific Reports
15(1), 33688 (2025)

[21] Wood, D.E., Lu, J., Langmead, B.: Improved metagenomic analysis with kraken

19

15



bioRxiv preprint doi: https://doi.org/10.64898/2025.12.18.694891; this version posted December 21, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

2. Genome biology 20(1), 257 (2019)

[22] Lu, J., Breitwieser, F.P., Thielen, P., Salzberg, S.L.: Bracken: estimating species
abundance in metagenomics data. PeerJ Computer Science 3, 104 (2017)

[23] Breitwieser, F.P., Baker, D.N., Salzberg, S.L.: Krakenuniq: confident and fast
metagenomics classification using unique k-mer counts. Genome biology 19(1),
198 (2018)

[24] Pockrandt, C., Zimin, A.V., Salzberg, S.L.: Metagenomic classification with krak-
enuniq on low-memory computers. Journal of open source software 7(80), 4908
(2022)

[25] Broder, A.Z.: On the resemblance and containment of documents. In: Proceedings.
Compression and Complexity of SEQUENCES 1997 (Cat. No. 97TB100171), pp.
21-29 (1997). IEEE

[26] Macher, T.H., Schiitz, R., Yildiz, A., Beermann, A.J., Leese, F.: Evaluating five
primer pairs for environmental DNA metabarcoding of central european fish
species based on mock communities. Metabarcoding and Metagenomics 7: e103856
7, 103856 (2023) https://doi.org/10.3897 /MBMG.7.103856

[27) Preckel, L., Briinen-Nieweler, C., Denay, G., Petersen, H., Cichna-Markl, M.,
Dobrovolny, S., Hochegger, R.: Identification of mammalian and poultry species
in food and pet food samples using 16s rDNA metabarcoding. Foods 10 (2021)
https://doi.org/10.3390/FOODS10112875

[28] Kobus, R., Miiller, A., Jiinger, D., Hundt, C., Schmidt, B.: Metacache-gpu:
ultra-fast metagenomic classification. In: Proceedings of the 50th International
Conference on Parallel Processing, pp. 1-11 (2021)

20

16



bioRxiv preprint doi: https://doi.org/10.64898/2025.12.18.694891; this version posted December 21, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in

perpetuity. It is made available under aCC-BY 4.0 International license.

(syuauodurod urew UMOUY e} 1YJ0 BXE) [[B JO sedurpunge jo wns) sasrysod aspej paurnsaid

I129PUISY 10 199(] POy ‘199(] 20} Se PayIsse[d sofejuadniad pear Jo wns

auresog se poryIsse[d speal jo afejuadiod
PIBISIIN S& Paylsse[o speal jo afejuaniad

\ﬂhcﬁUO se tommmmﬁ—u ET‘EUM .wc CW@#—HUU.HUH—

3]
8
L
9

hv—udm S€ payIsse|d speal Jo GMQ&EGUuUQm

ﬂﬁUﬂB se Muummmmﬁ—u ET‘EDM MC UM‘EJ—HUU.HUQ*

JueSEIAJ S€ POYISse[O Speal JOo OM@HEOUuUQm

nmvﬁl .nh.Unm:U se —bUWﬁfﬂ‘T—U ZT._‘MUH MO Umﬁ_ﬁHUUuUh—N

T

%IT'T | %L9L | ¢%PT0 %890 %TT0 UFT'T %ITVE  UPL0  %L8'8 %19V o reM
Y%62°T | %T0L %0G°0 %6LT %CT'E9  %FR'E  %T6'0 %S10G a res
%80T | %ET'Y | ,%PE0 9%LE8°0  %9S0 T80 Y%T6'GT %LVET U68°0C %UITIE R
%080 | %LT'E | 9%0Z°0 %000 %080 %L6'0 %S 6F %FOTE %RL0T am Q
UTLT | %LLE | 9%0L70 %000 %FFT %080 %LY0T %6T9T %99°CC %680 Ve =
UTE0 | %98 %09°0 %TT0  UBIT0| %OF0  %IT9 %9Z°T1 UEETL q oAy 2
%ER'0 | UGS | %IT0 %9G°0 %610 %URTT  UET'T %98 LT %8E°LS Doimy Z
UEE0 | %0SG %TT 0 %IT0 %TTE  ULET %8L°TC %6E7CE g of Ty 2
YIT0| %1072 %IT0 %R6'F  %ELD 2%94°0L %1091 VoA 2
%0070 | %9¢°€ 2%00°0 UELT  UFT 88 %FE0 YERT | (1 OATROM 3
%000 | %€9°C %000 %OTFT  %G96L %80°1 %BiTT| O oAeD
%TT'0 | ULTT | %TT0 2%00°0 YCE'RE  %8LTI %FIET %86 T | € oAgeny
UTFO | %6F L | «%9T°0 | %810 %ET0 UFT TS %GETE %E9'S %190 | v oAeny
%88 | %L6°G %06 %LT0 UTT'E %IT8T  UFE0  ULEL UGLLY o reM
YIT'8 | %60°9 %0LF uIF'e %CH'EF  %LRO  %OT'T %6F IS a res
%LEL | %06'E | L%T1T0 %08E  U6LD %8LGT UTEGT %UEIST UBTTE ULTTT R
Y4G9°C | %TLE | 9%LT0 %0e°T WBITT %UFL0 YRC T %EERY UOLTE  %UTR6 d 13
UGE'E | UCOT | 9%ECD %L6'0  UVTT %160 %9C'6 %OR6T USE'TS  UIET Ve
%LTS | UTS'8 %68 %BT'0  %0T0| %oeo %OLT  UFED U6E0T %LT 0L a o413y W
eV | UEE'6 Z%IT0 BFEF BET'0  UET'0| %ET'T YGLE WET0 %ULECT %L9°FS D 04Ty m
%IR'E | %109 9%9L°C %OT0| %F6'T  %ITT %ST'0 %TS 6 9%16°CE g oAy 3
%621 | %SE'9 %621 %89'F %990 9L8°0L 9%LZ 9T v oAy
%60 | %9LE %620 9%LSG  %TICR %Er 0 %I6'E| ofeny
UET0 | %res %EE°0 %LIT  USTTL UFET %0TE | D oAeD
%CE0 | %69°C ZATT0 %PE0 Y6TTE  U8ECS %G6°E %T0T | € oAIeny
TG0 | %ST'G | $%0T°0 | %810 %ET0 %6695 %E6'6T %TT 9 %EL0 | ¥ OAen)

i BYO e Aeuo  jeon gl i Aoy, uaypry) — doatg Sid  esiof a[e) | ‘ysel nbeg
sdd X | '1PUn | sjuelg s[ewiuy sjusuoduro)) urey jasere(q

Zd-ZFSAV eseqejep adualajal Sulsn gayoe)eIa-S Iy [IIM PIUIRl(O SIOUBPUNE SAT)E[RY 9 S[qEeT,

21

17



3 Discussion and future directions

3.1 Preparing AFS for official surveillance: achievements in

method design and evaluation

In recent years, the field of foodomics has increasingly recognized the importance of
accurate and comprehensive species identification to ensure food safety, prevent fraud,
and comply with stringent regulatory standards. The rapid advancement of high-
throughput DNA sequencing technologies has revolutionized the ability to assess food
authenticity and safety (Billington et al., 2022; Haiminen et al., 2019; Haynes et al., 2019;
Imanian et al, 2022; Ripp et al., 2014). The All-Food-Seq (AFS) method provides a
powerful, PCR-free, whole-genome metagenomic approach that overcomes many of
the inherent limitations of traditional targeted assays (Liu et al., 2017; Ripp et al., 2014).
By enabling the unbiased detection and quantification of species across complex
biological matrices, AFS offers significant improvements in sensitivity, accuracy, and

scope of application for food screening and fraud detection.

This thesis has presented a series of studies that apply the AFS approach to diverse
sample types, including multiple calibration datasets, real meat and seafood products,
and processed foods, with the overarching goal of validating and refining the method
for practical use in food safety and quality assurance. The calibrated datasets provided
a controlled environment to evaluate the fundamental quantitative precision of AFS,
demonstrating its capacity to achieve absolute deviations and to reliably detect even

trace amounts of unexpected species.

Chapter 2.1 and chapter 2.4 describe an evaluation of the potential of AFS as
a robust tool for identifying and quantifying food ingredients. The method was
tested for detecting and quantifying species composition proportion using

calibration samples, both for sausage- and sea food-style food matrices. In
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3.1.1

addition, the method was applied to “real-world” consumer samples by
analysing both Doner Kebab-style foods (Hellmann, Ripp, et al, 2020) and
processed sea foods (Chapter 2.4).

A review of the method with its advantages and challenges can be found in
chapter 2.2. This section was published at The Bavarian Health and Food Safety
Authority (Bayerisches Landesamt fiir Gesundheit und Lebensmittelsicherheit,
LGL) to directly address German food control authorities, and hence it is in

German language (Hellmann, Kobus, et al., 2020).

An algorithmic enhancement of the AFS pipeline is described in the chapter 2.3:
The introduction of a computationally efficient, alignment-free k-mer-based
approach called MetaCache-AFS represents a significant improvement in
metagenomic analysis for food testing and bio-surveillance. This approach
makes AFS faster and more scalable, while retaining accuracy and precision

(Kobus et al., 2020).

Chapter 2.5 advances AFS to a third-generation sequencing platform.
Performing Oxford Nanopore Technologies (ONT) long read sequencing on the
established calibration sausages reveals a significant increase in accuracy

compared to short read NGS technology (Mdiller et al., 2025).

Quantitative performance: accuracy, sensitivity, and comparison to

gPCR and ddPCR

Building on the initial calibration sausage experiments presented by Ripp et al., 2014,

the quantitative evaluation of AFS was systematically extended to additional taxonomic

groups and more complex matrices, using an expanded series of reference sausages

prepared in the same controlled manner. In the original work, only two mixed-meat
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calibration sausages containing defined proportions of several mammalian species
were used to demonstrate that read counting on WGS data can recover gravimetric

proportions with good precision, with discrimination down to roughly 0.5 - 1 %.

In subsequent calibration sausage studies, all reference mixtures that had previously
been used to benchmark qPCR and ddPCR (Kal, KGeflLyo, and Kylo; Eugster et al., 2009;
Képpel et al, 2011, 2019) were re-analysed with AFS, allowing a direct method
comparison on exactly the same materials. For each sausage, the deviation between
measured and gravimetric species proportions was summarised as the total absolute
percentage error across all components. AFS already produced errors in the same
range as qPCR, and reliably quantified components across the full range of tested
proportions, including the regulatory relevant low-percentage range of 1 %. After
applying matrix-specific calibration functions, AFS showed the lowest total deviation
from the ground truth in two-thirds of all sausages: in 8 of 13 recipes, calibrated AFS
outperformed both gPCR and ddPCR, whereas ddPCR was clearly best in only one case

and only marginally better in three further samples (Hellmann, Ripp, et al., 2020).

A second series of calibration mixtures, the FishCal samples, extended this evaluation
to fish matrices, which introduced a different set of biases than those observed in meat
sausages. Most species showed deviations that depended on the sample composition;
however, salmon stood out as a clear exception, being consistently and markedly
overestimated of up to eight-fold. This bias is explained by its unusually large genome
relative to the other fish species and by the potential use of triploid aquaculture
specimen, which are commonly applied in farming because triploids are sterile and
show improved growth rates over wildtype diploid salmon (Murray et al., 2018).
Accordingly, genome-size normalization followed by matrix-specific calibration was
required to obtain realistic proportions. In FishCal, the mean total quantification error
across mixtures decreased from roughly 45 % in the raw AFS output to about 20 %
after genome-size correction and further to about 14 % after matrix calibration

(Chapter 2.4), demonstrating that these systematic biases can be effectively mitigated.
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Genome sizes among food items exhibit substantial variability, ranging from species
with relatively small genomes, such as rice and fugu (387 and 391 Mb, respectively), to
those with intermediate genome sizes, exemplified by chicken and cattle (1.2 and
3.5 Gb, respectively), and extending to species with very large genomes, such as wheat
and onion (16.9 and 17.5Gb, respectively; Gregory, 2025; Henniges et al., 2023). Larger
genome sizes and higher DNA content per cell can lead to substantial
overrepresentation in sequencing data, if read counts are not properly normalized to
genome size and ploidy levels (see Chapter 3.2.1). This work demonstrates that c-values
obtained from public databases like Animal Genome Size Database and Plant DNA c-
values Database (Gregory, 2025; Henniges et al., 2023) can be used to mathematically
correct for errors caused by genome size inequalities. For species where no c-value is
available, a closely related species may be used as an approximation, although
substantial differences can persist, particularly in lineages such as teleost fishes, where
whole-genome duplication events and lineage-specific accumulation of transposable
elements have generated pronounced variation in genome size (Volff, 2004). In such
situations, genome size can instead be inferred directly from species-specific k-mer
frequency profiles, i.e. from the characteristic distribution of short sequence motifs in
the raw reads, which provides a data-driven estimate of genome size and thus
circumvents the uncertainties associated with proxy C-values (Vurture et al., 2017), as

described in Chapter 2.4.

Consequently, genome-size normalization is necessary to correct for major differences
in DNA vyield per gram of tissue. Across different food matrices and preparation
protocols, our studies showed that AFS quantification reliably detects species at
approximately 0.5 % proportion (Chapter 2.1, 2.4, 2.5). Applying genome-size
corrections substantially reduces residual quantification error, supporting the
robustness of read-count-based WGS quantification. These results indicate that,
accounting for matrix-specific factors that equally impact all DNA-based methods, AFS

achieves quantitative performance that is systematically superior to conventional gPCR
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and broadly equivalent to ddPCR. In practical terms, AFS reaches the same order of
accuracy and sensitivity as current digital PCR assays for calibrated matrices, but does
not require multiple target-specific assays and prior assumptions about which taxa are

present.

3.1.2 Integrated trace-level allergen detection and emerging spoilage

signals

Beyond the detection of main components, the Kal A-E samples also contain trace-
level spike-ins of 11 allergenic plant species. At proportions below 0.1 %, empirical data
shows that quantitative estimates are often unreliable and may be difficult to
distinguish from false-positive findings. However, the presence of the respective plant
taxa could be identified qualitatively with high confidence (Hellmann, Ripp, et al., 2020;
Ripp et al., 2014). From a regulatory perspective, a legally binding threshold for
undeclared ingredients does not exist, so decisions must be made on a case-by-case
basis (European Parliament & Council, 2011). However, ingredients present at low levels
may be tolerated as technically unavoidable traces. In the case of a harmful or
allergenic component, the qualitative detection by AFS alone can therefore serve as an
early-warning signal that prompts follow-up analyses with complementary methods to

verify the finding.

In addition to these allergenic spike-ins, AFS also revealed signals that are informative
for emerging spoilage processes, AFS detected high read counts of the meat-spoilage
bacterium Brochothrix thermosphacta together with its specific phage BL3, with an even
genome coverage that is consistent with an actively growing population rather than
spurious database hits (Kobus et al., 2020). Brochothrix spp. are psychrotrophic spoilage
organisms of chilled meat and seafood, where their growth causes off-odours and

quality loss (lllikoud et al., 2019), indicating an early microbiological signal of beginning
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spoilage. In contrast to the present samples, where the detected phages are most likely
of natural origin, bacteriophages targeting B. thermosphacta and other spoilage or
pathogenic bacteria are increasingly utilized as biotechnology tools for food bio-
preservation: in pork tissue, application of B. thermosphacta phages reduced bacterial
counts by approximately two orders of magnitude, delayed off-odour development
and extended the sensory shelf life from 4 to 8 days (Greer & Dilts, 2002).
Comprehensive reviews further highlight that such phage-based interventions are
being developed as targeted bio-preservation and bio-sanitisation strategies across
meat, dairy and other food matrices (Garvey, 2022; Gildea et al., 2022). The European
Food Safety Authority has evaluated several bacteriophage applications in foods and
processing environments and concluded that appropriately characterised phage
preparations can be considered safe for use as processing aids when directed against
specific bacterial targets and used under defined conditions (European Food Safety
Authority, 2009, 2016). Within this regulatory framework, the concurrent detection of
B. thermosphacta and its phage in AFS datasets not only informs on emerging spoilage
processes but also exemplifies how similar phage-host systems may be harnessed for

future bio-preservation strategies in complex, processed foods.

Taken together, these examples illustrate that untargeted WGS-based assays such as
AFS offer the opportunity to move beyond static label verification towards a more
integrated assessment of composition and product quality. While current applications
demonstrate that a single AFS analysis can simultaneously address ingredient
authenticity, undeclared allergens and early microbiological deterioration, the same
framework offers substantial potential for future expansion into comprehensive,

routine quality assessment of complex foods.
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3.1.3 Unexpected and mislabelled ingredients in real-world doner kebab

and seafood products

A central component of the AFS approach is its capacity to reveal unexpected
ingredients in real-world food products. In addition to the controlled calibration
sausages, AFS was therefore applied to a set of retail products to assess its performance
under realistic conditions with heterogeneous matrices and potentially imperfect
labelling. In our studies, two major groups of food samples were analysed: meat-based
doner kebab samples and commercial seafood items, containing multiple surimi-style
foods. In five doner kebab samples collected from snack bars in the Rhine-Main area
(Hellmann, Ripp, et al, 2020), the analysis revealed heterogeneity in species
composition within the dissected meat components: two samples contained
predominantly beef, whereas three samples showed a mixture of mostly turkey (>70 %)
with minor parts of beef. This is noteworthy because doner kebab sold in Germany are
legally expected to consist solely of turkey or beef and must be labelled
correspondingly. In the context of products marketed as beef-based, the high turkey
proportions are clear deviations from the labelling. The detected non-compliances are
consistent with mislabelling rates reported from other surveys: Systematic DNA-based
audits of kebab and similar meat products have found high frequencies of undeclared
poultry and mixed species, often exceeding 50 % of tested items (Di Pinto et al., 2015;
Omran et al,, 2019; Szytak et al., 2023). Furthermore, the AFS analysis uncovered minor
quantities of other non-declared ingredients: Three samples showed measurable levels
of soybean DNA (ranging from 0.5 % to 0.8 %), and one sample contained maize DNA
(1.8 %). These unexpected findings suggest potential issues such as cross-
contamination during production or intentional adulteration, which may potentially be
of critical concern given health risks (e.g., allergenic reactions) and ethical implications

associated with mislabelling.

A seafood sample sold as “paella-style dish with chicken” contained the expected

chicken and rice, but also substantial proportions of mussel and cod, together with pea,
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paprika, onion, and minor amounts of several spices and yeast. Against the declaration,
we identified kisslip cuttlefish (6.9 %) and longfin inshore squid (3.9 %) to be present
in significant amounts. On the level of eukaryotes alone, the sample already covers
about 1.6 billion years of evolutionary divergence (Figure 8), and this complexity is
further amplified by the additional contribution of prokaryotic lineages. Identifying this
broad spectrum of species within a sample, barcode-based methods would require at
the very least four assays to cover this phylogenetically diverse taxonomic groups: 16S
for bacteria, ITS for fungi, COI/12S for metazoa, and trnL/rbclL for plants. However, it is
very unlikely that this limited marker set offers the resolution required to distinguish
all taxa at genus or even species level. Many of these lineages either share barcode
regions that are too conserved to separate closely related species (Hollingsworth et al,,
2009; Raclariu et al., 2017), or they are assayed with very short mini-barcodes because
of degraded DNA and short-read sequencing, which both truncate the marker and
reduce the number of informative sites (Fontes et al., 2024; Shokralla et al., 2015; Staats
et al,, 2016). For example, a single marker assay is not sufficient to discriminate within
the order of Gadiformes (Mottola, Piredda, et al., 2024), so that confident species-level
assignments across all domains of life cannot be guaranteed. Consequently, achieving
sufficient discriminatory power would require a substantially expanded marker panel
and other studies indeed resort to using up to 12 markers for complex samples

(Arulandhu et al., 2017).
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Figure 8: Time-calibrated phylogenetic context of taxa detected by AFS in paella sample. The tree shows
the species identified by AFS taxonomic assignments and places them on a divergence-time scale (time
before present, million years ago; mya). Symbols indicate interpretation relative to the declared recipe:
B detected and declared ingredient, [ detected but not declared ingredient, and O false-positive
detection (phylogenetic data based on Gregory, 2025).

The analysis of surimi samples disclosed complex ingredient profiles: Despite having
similar recipe profiles, the presence of unexpected species like Japanese threadfin
bream Nemipterus japoncus, Atlantic horse mackerel Trachurus trachurus and yeast
Yarrowia alimentaria highlight the comprehensive nature of the WGS approach,
capable of uncovering both overt and subtle discrepancies between declared and
actual contents. In one surimi sample imported from the Asian market, Japanese
threadfin bream was identified as the main component, accounting for nearly 90 % of
the product. The product was generically labelled as “whitefish” and commonly
marketed as such in Asia. However, the species is not covered by the authorised
“whitefish” categories in Germany (German Federal Office for Agriculture and Food,
2025), suggesting a case of mislabelling linked to regional differences in trade

nomenclature rather than intentional adulteration. Such discrepancies between broad
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commercial labels and the actual species used mirror findings from large-scale seafood
barcoding campaigns across Europe, which report mislabelling rates of roughly 25 to
50 % in catering and retail, particularly for high-value or morphologically similar taxa
(Feldmann et al,, 2021; Filonzi et al., 2023; Haynes et al., 2019; Pardo et al., 2018). The
same sample also contained signatures of T. trachurus, detectable only through BLAST
of previously unclassified reads due to the absence of a reference genome. While its
presence can be confirmed qualitatively, it cannot be quantified with confidence.
However, the fraction of about 8 % unclassified reads provides an upper bound for its
possible contribution, but cannot be interpreted as a precise quantitative estimate. This
demonstrates both the sensitivity of the method to find unexpected species and its
dependency on the completeness of reference databases (see Chapter 3.2.2). Another
Surimi exhibited an unexpected dominance of nearly 16 % of the yeast Yarrowia
alimentaria. This non-pathogenic, aerobic yeast is associated with high-protein, high-
salt fermented and processed foods, where it can contribute to fermentation as well as
spoilage (Liu et al., 2025; Nielsen et al., 2008). Y. alimentaria has not previously been
reported for surimi or comparable seafood products. In the broader food sector,
Yarrowia spp. are used as production hosts for aroma compounds, organic acids,
polyalcohols, emulsifiers and surfactants (Zinjarde, 2014), and their biomass is explored
as a protein- and fibre-rich dietary supplement with relevant vitamin and mineral
content (Gottardi et al., 2021; Turck et al., 2019). Y. alimentaria cultures further achieve
substantial protein hydrolysis, making this species a promising source of proteases with
potential applications as meat tenderisers (Liu et al., 2025). Both an unintended
occurrence as a food spoiler and a deliberate addition to modulate product properties
are plausible explanations for this finding. Distinguishing between unintended spoilage
and deliberate technological use would require targeted follow-up analyses; e.g.
quantitative cultivation and gPCR across multiple batches or review of process

documentation and manufacturer information.
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These real-world case studies show that AFS not only recovers the declared main
ingredients, but also systematically detects undeclared animal and plant components,
including allergens, and revealed mislabelling in multiple cases. At the same time, the
paella and surimi products indicate that AFS can uncover technologically or
microbiologically relevant signals, such as process- or spoilage-associated yeasts, that
inform on product quality and processing history. These examples also present
interpretative limits, including dependence on incomplete reference databases,
restricted quantitative confidence for low-abundance taxa, and the challenge of
distinguishing technically unavoidable carry-over or environmental contamination

from economically motivated adulteration.

3.1.4 k-mer minhashing and classification at scale

At the beginning of this thesis, the AFS method established a conceptional framework
for species identification and quantification in complex biological mixtures by mapping
short sequencing reads to a set of reference genomes using the alignment-based,
Burrows-Wheeler transformation algorithm BWA aln (H. Li & Durbin, 2009). Although
this approach provided a robust means of distinguishing between species, it was
constrained by relatively long runtimes and a limited capacity to incorporate large or
diverse reference databases, particularly when faced with the growing availability of

newly sequenced genomes.

A pivotal enhancement in these updated methodologies was the replacement of BWA
aln with the modern BWA mem and Bowtie2 as the primary mapping algorithms
(Langmead & Salzberg, 2012; H. Li, 2013). This change led to a significant reduction in
mapping time due to the more efficient algorithmic design. In addition, using Kal, KLyo
and KGeflLyo calibration samples for reference, the newly implemented algorithms

maintained a comparably or even higher sensitivity in read alignment (Table 2).
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Table 2: Comparison of quantification performance of AFS mapping algorithms.
Absolute errors summarized over all species components are shown for each sample.
The lowest error for each sample is highlighted in bold.

:":3 Awa':: BWA mem  Bowtie2
Kal A 1.32 1.41 1.25
Kal B 1.80 1.37 1.31
Kal C 1.55 1.25 0.85
Kal D 1.50 2.22 2.00
Kal E 0.87 1.49 1.56
KGeflLyo A 5.30 5.28 5.08
KGefiLyo B 6.97 7.70 7.61
KGeflLyo C 5.90 4.95 512
KGeflLyo D 3.07 2.37 2.51
KLyo A 1.85 2.42 2.38
KLyo B 2.03 1.22 1.04
KLyo C 2.73 3.7 3.66
KLyo D 1.02 1.36 1.30
Sum Deviation 2.76 2.82 2.74

While the change of mapping algorithm reflects a minor improvement in both speed
and precision, the transition to AFS-MetaCache represents a substantial paradigm shift
(Kobus et al., 2020). Although the classical approach allowed for accurate species
quantification through iterative mapping, it was inherently constrained by several
limitations. First, the computational demand scaled linearly with the number of
reference genomes, rendering the method less practical as genomic databases expand.
Second, the necessity for iterative mapping rounds to accommodate mismatches and
the reliance on heuristics for resolving multi-mapped reads often resulted in
suboptimal handling of conserved genomic regions. Moreover, the subsequent use of
BLAST-based metagenomic searches for unmapped reads further added to the
computational overhead, while limiting the quantitative accuracy for unexpected

species regions (Ripp et al., 2014).
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Figure 9: AFS-MetaCache workflow. 1) Build Phase (blue arrows): During database construction, each
reference genome is divided into overlapping windows. Hash values for each k-mer are calculated and
the smallest k-mers of each window are inserted into the database. 2) Query Phase (green arrows): For
each read, hash values of each k-mer are calculated and the smallest are matched against the database.
The returned numbers are used to count the number of this within each window. Target reference
genomes are identified by high scores in the window count statistics. In case of tie between multiple
genomes, the lowest common ancestor is returned.

In contrast, AFS-MetaCache capitalizes on an alignment-free, k-mer-centric framework
that leverages minhashing techniques (Chapter 2.3). By reducing the dimensionality of
the sequence data through subsampling of k-mers, the method achieves an order-of-
magnitude decrease in processing requirements. The core innovation lies in

constructing compact “sketches” of reference genome windows, which approximate
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the full k-mer space via a representative subset (Figure 9). This accelerates read
classification by enabling rapid comparisons based on Jaccard index, resulting in

increased query speeds of over 400-fold (0.04 vs 17.1 mio reads/min).

Benchmarking AFS-MetaCache against other k-mer-based profilers such as Kraken2
(Wood & Salzberg, 2014), Kraken2+Bracken (J. Lu et al., 2017) and CLARK (Ounit et al.,
2015) on the calibrator sausages confirmed that the algorithmic redesign not only
increases speed and scalability but also improves classification quality. Across all
calibrator sausages, AFS-MetaCache consistently produced the lowest sums of false-
positive assignments (on average 0.7 - 1.1 % per sample vs. 1.3 - 4.4 % for CLARK,
Kraken2 and Kraken2+Bracken), which was especially pronounced for closely related
species pairs such as cattle vs. water buffalo and sheep vs. goat, where false-positives
were reduced by up to almost an order of magnitude. Deviations of quantification
between expected and measured meat proportions were lowest in about half of the
samples and on-par with the other methods in the other half of the samples (Kobus et
al, 2020). In addition, the method introduces an efficient partitioning scheme: By
dividing large collections of reference genomes into manageable subsets, peak
memory usage can be drastically reduced. As there is no maximum number of subsets,
any number of reference genomes can be analysed in an AFS-MetaCache analysis,
allowing our method to scale with the constantly growing availability of genomic
reference data. To our knowledge, there is currently no other method capable of
combining all available genomes into a single analysis. Therefore, AFS-MetaCache has
a unique advantage over other existing methods and is setting a new standard for

metagenomic screening in complex biological samples.
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3.1.5 Can longer reads improve sensitivity? Advantages of third

generation sequencing for taxonomic resolution and false-positive

control

Long-read sequencing technologies, such as those offered by ONT and PacBio, provide
significant advantages over lllumina short-read platforms in resolving complex
genomic architectures (Albertsen, 2023; Hu et al., 2021; Kovaka et al., 2023; Nurk et al.,
2022). These technologies facilitate advantages in the mapping of reads to difficult
genomic regions (Ebbert et al., 2019), including repetitive elements (Nurk et al., 2022),
structural variants (De Coster et al., 2019; Romagnoli et al., 2023), and regions with high
heterozygosity (T. Zhang et al., 2022), which historically posed significant challenges
for assembly and mapping with short-read data like Illumina reads. The ability to
generate reads spanning tens to hundreds of kilobases enhances the resolution of
these challenging regions, thereby overcoming longstanding limitations in genomic
analysis (Ebbert et al., 2019; Ryan & Corvin, 2023). Although long-read platforms were
initially characterized by high error rates, recent advancements in sequencing
chemistry and the development of robust error-correction algorithms have reduced
these rates for both PacBio and ONT to about 1% (Table 3; Espinosa et al., 2024;

Scarano et al., 2024).
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Table 3: Overview of short- and long-read sequencing technologies and platforms: An exploration of
distinctive features and advantages for use in AFS (based on Espinosa et al., 2024; Scarano et al., 2024).

Illumina Pacific Biosciences Oxford Nano.pore
Technologies
Sequencing sequencing by synthesis, | sequencing by synthesis, nanopores,
principle fluorescence fluorescence eletrical current
Accuracy >99.9 % >99 % 99 %
Direct methylation ho os os
detection y y
Platform NextSeq Novaseq X | Sequelll/ Revio GridION PromethlON
2000 series lle
Data type paired-end | paired-end HiFi HiFi long read long read
up to up to 2x150 i
Read length 2%300 bp bp >20 kb 15-20 kb >100 kb >100 kb
Maximum
throughput per 60-180Gb | upto8Tb 30 Gb 90 Gb 48 Gb 50-200 Gb
flow cell
Sequencing cost
oer Gb (USD) 30/20 2 43-86 11 72 10-25
Eq“'p(sseg)t st | 335000 | 985000 | 525000 | 779,000 69,000 436,400

Already at an early stage during development of AFS, we observed that repetitive
sequences could lead to false read mapping. For instance, bovine reads originating
from repetitive regions were found to map not only to the bovine genome but also to
genomes of closely related species such as buffalo, sheep, and goat. These reads,
derived from Mammalian-wide interspersed repeats (MIRs) of approximately 260 bp,
are highly conserved across the mammalian clade (Jurka et al., 1995; Krull et al., 2007;
Smit & Riggs, 1995), and resulted in false-positive mapping and species identifications,

thereby skewing the quantification process of the AFS analysis (Ripp et al., 2014).

By employing ONT long reads, we were able to extend the read length, thereby

increasing taxonomic profiling resolution and reducing the overall false-positive

133



detection rate for all species over all samples (Chapter 2.5). The average read lengths
achieved in this study was only 500 bp on average, primarily due to the highly
fragmented nature of the input DNA extracted from boiled sausage samples (Dolch et
al., 2020; Koppel et al., 2012). This degradation is inherent to the calibration samples
and precludes the possibility of generating substantially longer reads. Despite only
moderate increase in fragment length compared to short read sequencing, this
translated into systematically better profiling outcomes: for all tested but one tested
sample, ONT datasets achieved lower mean deviations from the known ingredient
proportions than the corresponding lllumina datasets (Figure 10). In addition, ONT
consistently produced markedly lower number of false-positive classifications, despite

the much higher error rate of 2.6 %.
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Figure 10: Comparison of quantification accuracy between lllumina short read sequencing and Oxford
Nanopore Technologies long read sequencing across calibration samples. For each sample, the sum of
absolute deviations from target (in %) is shown, where lower values indicate closer agreement with the
known ingredient proportions. Points denote platform specific results (blue: short reads; orange: long
reads), and the labels report the absolute difference between platforms.
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Mechanistically, longer reads provide more independent discriminative sequence
features per molecule, resulting in more k-mers across more windows, which stabilizes
candidate ranking and reduces ambiguous matches driven by conserved or repetitive
regions shared among related eukaryotic genomes. Even with read lengths that were
“only” a few-fold longer (reflecting degradation in processed food), the added context
was sufficient to reduce misclassification and to improve abundance estimates. This
limitation of fragmented input DNA, often originating from harsh processing
conditions during food production, poses a general challenge to all DNA-based
identification methods (Dolch et al., 2020; Mano et al., 2017; Piskata et al., 2019), which

can be mitigated to some extent by long read sequencing.

3.2 Limits of confidence: controlling false findings across

matrices, taxa, and databases

The real-world samples demonstrate that, although AFS reliably quantifies declared
main ingredients, reveals undeclared taxa across broad phylogenetic ranges and
highlights cases of possible mislabelling or quality issues, key challenges remain before
these capabilities can be used directly for routine enforcement decisions. The
subsequent sections examine the main methodological and practical constraints that

need to be addressed for AFS to be integrated into standard control workflows.

3.2.1 Why do read counts not equal biomass? Tissue DNA content, matrix

dependence and ploidy as confounders

Matrix effects represent a critical challenge for all DNA-based identification methods
by introducing biases during DNA extraction, amplification, and sequencing from

complex food matrices. They arise when a sample’s inherent biological, chemical, and
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physical properties interfere with the quality and yield of extracted DNA (Andronache
et al., 2025; Shokralla et al., 2015). The food matrix is formed by a complex mixture of
diverse tissue types, comprising proteins, lipids, polysaccharides, polyphenols, and
other secondary metabolites, and may compromise multiple species, each with its own
characteristics. This complicates the recovery of high-quality DNA, which in turn
introduces biases that can skew the downstream quantification of species proportions,
e.g. by inhibiting enzymatic reactions (Lo & Shaw, 2018; Shokralla et al., 2015).
Understanding these effects is essential because even minor discrepancies in DNA
extraction or sequencing library preparation efficiency may lead to significant errors in
species detection, potentially resulting in the over- or underestimation of ingredients,

which in turn affects both authenticity verifications and food safety assessments.

Lipid-rich food matrices, such as fatty meat and fish or dairy products, often
compromise DNA extraction by physical partitioning effects. During homogenization
and cell lysis, lipids promote stable emulsions and poor phase separation, which can
trap DNA at interphases and increase contaminant carry-over (Pirondini et al., 2010). In
silica column and magnetic bead workflows, residual lipids may additionally impair
binding and washing steps, thereby reducing yield and purity (Pirondini et al., 2010). By
contrast, starch and other polysaccharides, common in flours, seeds, and many plant-
derived foods, tend to persist as co-precipitants or high-molecular-weight
contaminants. This increases viscosity, complicates pipetting and quantification, and
can inhibit multiple downstream enzymes (Buljevic et al., 2025; Rezadoost et al., 2016).
Notably, the inhibitory strength varies among polysaccharides, and even comparatively
neutral carbohydrates such as starch can cause practical failures, for example by
forming compact pellets that are difficult to resuspend (Inglis Id et al., 2018). A common
countermeasure is the use of high-salt lysis and precipitation conditions, which can
reduce polysaccharide carry-over and facilitate removal (Rezadoost et al, 2016).
Polyphenol-rich matrices, including herbs and spices and some fruits and vegetables,

are dominated by oxidation-related mechanisms. Upon tissue disruption, phenols can
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oxidize and form reactive products that covalently bind to DNA, forming complexes
that are lost during cleanup and resulting in strongly reduced yields (Schenk et al.,
2023). Polyvinylpyrrolidone is therefore frequently included to sequester phenolic
compounds and limit these reactions (Schenk et al., 2023). Beyond these intrinsic
matrix-derived inhibitors, food processing itself can further reduce DNA accessibility.
Conditions such as elevated temperatures, extreme or fluctuating pH, and the presence
of cross-linking agents can promote covalent cross-links between DNA and proteins
or polysaccharides (Nayak et al., 2024; Ou et al., 2020). Such cross-linking can impede
cleanup and reduce the availability of intact DNA during sequencing library preparation

(Nayak et al., 2024), which can lead to systematic underestimation of affected species.

In practical food samples, all the factors discussed frequently co-occur and can interact:
Taking the paella-style dish from (Chapter O) as an example, the food typically
combines a starch-rich matrix from rice with substantial amounts of proteins and lipids
from fish, seafood, and added oils, while bell pepper, spices and other plant-derived
ingredients can contribute polyphenolic compounds. This combination can couple
polysaccharide-driven viscosity and co-precipitation with lipid-driven emulsion
formation and phase separation issues, and with polyphenol-related DNA loss and
enzymatic inhibition. Such a composite food matrix generally necessitates multiple,
complementary modifications to standard extraction workflows, including strong
mechanical and enzymatic lysis, CTAB-based high-salt chemistry with phenolic-binding
reagents to mitigate polysaccharides and polyphenols, and inhibitor-targeted clean-
up; nonetheless, differential extractability between ingredients can persist and

influence downstream quantification.

However, these chemical and physical factors do not fully explain the observed
variability. Additionally, biological qualities of food matrices further enhance the
complexity of reproducible DNA extraction. Food samples often exhibit heterogeneous
textures and variable viscosities, which can lead to inconsistent cell lysis and uneven
distribution of target DNA within the sample. A poorly homogenized sample may yield
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DNA that is not representative of the entire matrix, resulting in sampling biases that
affect quantification accuracy (Ripp et al., 2014, Chapter 1). Rigid cell walls can further
limit lysis efficiency and thereby constrain DNA recovery (Schenk et al., 2023).
Moreover, intrinsic differences in tissue architecture and cellular composition add
another layer of variability: various tissues such as muscle, liver, adipose, and
connective tissues differ significantly in cell density, nuclear DNA content, ploidy and
mitochondrial abundance (Picard, 2021; Siuta et al., 2023). This is evident even within a
single edible species when different tissues are compared: for Atlantic cod, DNA
content measured in raw white muscle (478 ug/g wet weight) is markedly lower than
in raw red muscle (870 pg/g), and far lower than in kidney (4,757 ug/g) or spleen (9,040
ug/qg). A similar gradient is reported for common carp, where raw white muscle (672
ug/q) < raw red muscle (1,177 pg/q) < liver (4,221 ug/g) and reaches very high values
in both kidney and spleen (>18,400 ug/g, respectively; Rehbein & Oehlenschlager,
2009). Consequently, when a food sample contains a mixture of tissues, the DNA
contribution of each tissue does not necessarily correlate with its weight or volume in
the final product. We observed this effect during the analysis of the calibration samples
Kal A-E (Hellmann, Ripp, et al., 2020; Ripp et al., 2014), where pork was added both in
form of lean meat and high-fat lard and rind (Eugster et al., 2009). As the latter are
tissues rich in lipids, the DNA content per weight was reduced compared to muscle
tissue and therefore resulting in a constant underestimation, both by AFS (Chapter 1 &

3) and PCR-based detection methods alike (Eugster et al., 2009; Koppel et al., 2012).

A third layer of complexity arises from tissue- and species-specific ploidy, which directly
changes the amount of nuclear DNA per cell and can therefore bias read-count-based
quantification if uncorrected. For example, wild-caught salmon are diploid, but in
aquaculture triploidy is sometimes induced to produce sterile animals with enhanced
growth rates; both beneficial traits for production management (Murray et al., 2018)
This results in higher DNA amounts per weight of tissue for triploid salmon, which in

turn leads to a bias in read counting-based quantification, if ignored. Polyploidy is also
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widespread across crop plants, where it directly affects nuclear DNA content per cell.
Prominent examples include hexaploid wheat (Triticum aestivum), tetraploid potato
(Solanum tuberosum), and octoploid cultivated strawberry (Fragariaxananassa) (Edger
et al., 2019; Levy & Feldman, 2022; Xu et al., 2011). Their larger genome size and higher
DNA content per cell can lead to substantial overrepresentation in sequencing data, if
read counts are not normalized to genome size and ploidy levels, thereby rendering
precise quantification impossible (Chapter O). For this normalization, information about
ploidy for each species is required; for most food-relevant species, such information is
available (Gregory, 2025; Henniges et al., 2023). In missing cases, it can be estimated
from WGS data: ploidy can be inferred from allele-frequency histograms at biallelic
SNPs in single-copy, nuclear loci, where expected peaks differ by ploidy: ~0.5 for
diploid, ~0.33/0.67 for triploid, and ~0.25/0.5/0.75 for tetraploid (Viruel et al., 2019).
This signal can be formally modelled and ploidy estimated using tools like nQuire (Weil3
et al., 2018), which evaluates diploid, triploid, and tetraploid models from mapped short
reads. To implement such an approach in a food-mixture context, two prerequisites
must be met: (i) the inference operates on single-species data, requiring a read binning
step after an initial AFS analysis; and (ii) the target species must reach sufficient nuclear
coverage, typically >20x (Viruel et al., 2019). In cases of unfulfilled requirements, ploidy
has to be determined using complementary methods, for example PCR-based

genotyping of highly polymorphic short tandem repeat (STR) markers (Jacq, 2021).

Read-count-based quantification, as employed by AFS, is inherently matrix-dependent
rather than a straightforward reflection of ingredient mass. Extraction yield, DNA
integrity, and library-conversion efficiency can vary systematically between ingredients
and thereby shift apparent species proportions. Importantly, this dependence is not
unique to AFS: targeted DNA-quantification approaches such as qPCR and ddPCR
likewise rely on matrix-adapted calibrators and/or conversion factors to translate DNA
signals into weight-to-weight statements in complex foods (K&ppel et al., 2012, 2019).

Similarly, DNA metabarcoding read proportions are well-known to deviate from
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biomass because amplification efficiencies are primer- and taxon-specific, and because
tissue-dependent mitochondrial copy number can systematically skew read
abundances (Giusti et al, 2024; Krehenwinkel et al, 2017; Pinol et al, 2019).
Consequently, quantitative interpretation should be framed as DNA contribution under
the applied workflow, not as direct biomass composition, unless calibration data or
correction factors are available. In practice, robust AFS quantification benefits from
standardized homogenization and extraction, calibration using relevant reference
materials, and normalization by genome size and ploidy. In difficult matrices however,
results near regulatory or decision thresholds should be interpreted conservatively and

ideally supported by controls and orthogonal confirmation.

3.2.2 How reliable is species-level calling for close relatives? Influence of

read length, genome relatedness, and cross-assignment

Detection of non-declared species is essential for identifying mislabelling. At the same
time, the sharing of conserved regions across related reference genomes and resulting
misassignment of sequence reads shows that species-level interpretation is in some
cases prone to misinterpretation. This issue of taxonomically ambiguous hits caused by
closely related species within the same genus or among recently diverged lineages was
already evident in AFS validation work on meat reference materials, where near
relatives were intentionally included to probe false-positive assignment. In these
datasets, low-level spillover between closely related pairs such as sheep and goat as
well as cattle and water buffalo can occur even when the true composition is known,
reflecting the fact that a subset of short reads lacks sufficient discriminatory signal to
be assigned unambiguously at species level (Ripp et al., 2014). In practice, such patterns
can represent genuine multi-species content, but they can also arise as a systematic
artifact of read classification when reference genomes share extensive conserved

regions or repetitive sequences. Under routine analysis conditions, such false-positive
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misassignments could result in false findings of non-compliance und unjustified

rejections of the products by authorities.

In reference sausages, up to 1.7 % false-positive goat reads were observed in a sample
containing 55 % sheep. To investigate this effect, in silico read mixtures were generated
with known proportions and the related species absent, showing that false-positive
reads scaled linearly with the real ingredient proportion and that shorter reads
substantially increased classification errors (Hellmann, Ripp, et al., 2020). For example,
a 100 % sheep dataset yielded 5.1 % false-positive goat assignments at 50 bp but only
2.7 % at 150 bp. In consequence, the limit of detection (LoD) in AFS is influenced by
both genome relatedness in the reference database and sequence read length; with
closely related genomes (e.g., sheep vs. goat and cattle vs. buffalo) included using
150 bp reads, the LoD was reported as 1.6 %, compared to 1.0 % when only distant
species were tested (Hellmann, Ripp, et al., 2020). Because closely related species share
conserved and low-complexity regions, short reads frequently map equally well to
multiple reference genomes, forcing AFS to distribute evidence and thereby generating
cross-assignments. Increasing read length reduces this ambiguity: longer reads are
more likely to include species-informative variants and to span out of conserved or
repetitive sequence into unique flanking regions, increasing classification by widening
the score gap between the best and second-best matches (Pearman et al., 2020;

Treangen & Salzberg, 2011).

The seafood case studies (Chapter 0O) illustrate the same mechanism in a taxon complex
where recent divergence makes cross-assignment particularly pronounced. In multiple
foods marketed as containing Alaska pollock, AFS reported both signals for Atlantic
cod and Pacific cod in addition. However, several observations indicate that these
secondary signals are largely a classification artifact rather than evidence of a multi-
species ingredient mixture: Firstly, the same three-species constellation recurred across
independent products and recipes. Secondly, the declared catch area (FAO 67) makes

an Atlantic cod ingredient implausible as bycatch because it is absent from the
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Northeast Pacific (Thiinen Institute of Fisheries Ecology). Thirdly, both Pacific and
Atlantic cod are more expensive than Alaska pollock, rendering economically
motivated substitution unlikely (Pardo et al., 2018). Finally, the read distribution
technically observed by AFS was consistently skewed to approximately a 4:2:1 ratio for
Alaska pollock:Pacific cod:Atlantic cod; and the same pattern is observed for pure
Alaska pollock samples. Consequently, at least the Atlantic cod fraction must represent
cross-assignment among closely related reference genomes. The remaining
partitioning within the Gadus complex cannot be interpreted robustly at species level.
However, the recurrence of the same pattern in pure Alaska pollock samples and the
lower price of this fish together support interpretation of the Atlantic and Pacific cod

signals as a false-positive cross-assignment rather than a true ingredients.

To isolate bioinformatic ambiguity from sample-derived biases, in silico generated read
mixtures were also used in this thesis to benchmark the intrinsic quantitative
performance of the AFS pipeline under near-ideal conditions. Reads were simulated
from the reference genomes of the respective species, so that the true input
composition was exactly known. These datasets approximate an experimental scenario
in which biological sources of bias, such as matrix effects, differences in DNA extraction
efficiency, and intraspecific genetic variability, are deliberately excluded. This approach
enables a focused examination of conserved genomic regions among closely related
species and deviations between the known input composition, and the inferred
proportions therefore provide a direct assessment of the classification performance
and quantitative accuracy of AFS in taxonomically challenging scenarios. Under these
conditions, the observed deviations in estimated proportions were as low as
0.25 + 0.30 % across all species (Table 4). This level of agreement represents excellent
quantitative performance, particularly because the mixtures contained three closely
related Gadidae species, Gadus morhua, Gadus chalcogrammus, and Melanogrammus
aeglefinus, which are difficult to discriminate on species level even with targeted

methods (Filonzi et al.,, 2023). These findings highlight the potential of WGS based AFS
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to deliver highly accurate species quantification once sample derived challenges are
minimized experimentally or are adequately addressed through calibration

experiments and appropriate normalization strategies.

3.2.3 Interpretation in the sub-percent grey zone: separating true traces

from low-level artifacts

Signals in the sub-percent range lie in a grey zone where true trace content and
methodological artifacts can no longer be cleanly separated. While the preceding
section addresses systematic cross-assignment among recently diverged taxa,
interpretational ambiguity at low levels remains even beyond such taxon complexes,
because several independent error sources can generate small but reproducible read
fractions. This is consequential in routine food control, where an interpretation of weak
signals may trigger false non-compliance decisions. At the same time, dismissing them
categorically however can obscure genuine traces, which is especially important in
cases of allergen addition, where even admixtures well below 0.1 % can have harmful

consequences for the consumer.

AFS relies on a reference database that contains multiple genomes. During analyses,
this has the practical consequence that reads are not only assigned to the true
ingredients present in a food, but also to numerous additional species represented in
the database, all at low levels. To keep such background noise manageable, results are
often filtered using a cutoff of 0.1 %, discarding all taxa below this threshold. However,
this strategy can also remove true-positive detections when a real trace ingredient
contributes fewer than 0.1 % of reads. Thus, low-level results require contextual

interpretation rather than automatic filtering.
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Table 4: Validation of AFS quantification on simulated fish datasets. For each simulation, predefined target species proportions were compared to the corresponding
AFS-derived estimates (%). Columns list the investigated fish species; rows represent independent simulated mixtures covering single-species samples and multi-

species compositions with varying relative abundances. Empty cells indicate species not included in the respective simulation.

Gadus
morhua

target AFS

Gadus
chalcogrammus

target AFS

Pollachius
virens

target AFS

Melanogrammus
aeglefinus

target AFS

Oncorhynchus
mykiss

target AFS

Salmo
salar

target AFS

Thunnus
albacares

target AFS

simulation
1

simulation
2

simulation
3

simulation
4

simulation
5

simulation
6

simulation
7

simulation
8

simulation
9

0 0.01

100 99.98

25 24.77

25 25.8

25 25.83

12.5 12.98

12.5 12.83

100 99.99

0 0.02

25 24.09

25 241

25 2419

12.5 11.96

25 24.78

25 25.01

12.5 12.43

12.5 12.42

50 50.11

25 25.06

12.5 12.44

25 24.87

50 49.98

33.33 33.31

0 0.01

6.25 6.31

50 50.02

33.33 33.33

50 50.44

12.5 12.64

25 25.28

33.33 33.36

25 25.32

6.25 6.33
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Real-case screening data illustrate ambiguities at low levels. In doner kebab samples
dominated by cattle, 0.1 - 0.4 % reads assigned to sheep/goat could be interpreted as
candidate false-positives driven by shared conserved elements within Bovidae.
However, comparison to expected false-positive background values suggested that in
at least two samples the measured sheep/goat fractions were slightly higher than
expected for an almost pure cattle matrix, so true trace amounts could not be excluded.
Conversely, low chicken signals of 0.2 - 0.3 % in turkey-dominated samples were
considered consistent with false-positive assignment. Overall, these examples show
that observed values must be judged relative to empirically expected misassignment
rates, rather than in isolation. The applied interpretation strategy benchmarks low-level
detections against empirically expected cross-assignment rates arising from closely

related taxa, to distinguish plausible trace content from background misclassification.

Another approach to detect more true trace ingredients is to reduce background by
building the reference database more selectively using a two-step approach: First, the
sample is screened qualitatively against an AFS database composed of mitochondrial
genomes to identify candidate species present. Mitochondrial references are well
suited for this initial step because (i) their small genome size (~14 — 20 kb) for animals
(Boore, 1999) enables rapid searches across very large databases and (ii) mitochondria
occur at high copy number per cell (Rath et al., 2024), which can improve detectability
even when a species is present at low abundance. Based on this qualitative screen, a
second AFS run is then performed using a custom nuclear-genome database
containing only the species detected in the first step. By restricting the search space,
this can markedly reduce background assignments and may increase sensitivity for
trace-level components. This targeted approach can therefore lower spurious low-level
hits, although it cannot fully eliminate them. In addition, this approach is more
challenging for plant ingredients, as their often enormous mitochondrial genome can
be up to three orders of magnitude higher than that of animals (Huang et al., 2024). At

the same time, mitochondrial sequences can be highly conserved among taxa.
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Therefore, even this two-step strategy does not guarantee reliable detection of very

low-level ingredients, and ambiguous assignments at trace abundance may persist.

Very low percentage detections should often be treated as hypotheses that require
contextual validation, rather than precise findings. Practical mitigation includes: (i)
conservative taxonomic reporting where ambiguity is expected (as discussed under
“close relationship”); (ii) the use of study- or run-specific false-positive expectations
derived from simulations for relevant species pairs; and (iii) for results near decision
thresholds, confirmation by orthogonal methods or re-analysis under stricter filtering

and curated reference databases before drawing compliance conclusions.

3.2.4 Why deeper sequencing cannot fix missing references: limitations of

reference-based screening

AFS is fundamentally reference-based and analytical results are therefore constrained
by database composition and by the correctness and completeness of included
reference genomes. Consequently, uncertainty in database coverage and reference
quality propagates into both qualitative detection and quantitative read-fraction

estimates.

A core constraint of whole-genome, reference-based food metagenomics is that
detection is conditional on representation: the availability and quality of reference
genomes are prerequisites that define the practical measurement limits of AFS. If a
taxon is absent from the database, it cannot yield a taxon-specific signal. Reads from
such taxa remain unclassified or, in worst case, are assigned to related taxa due to
cross-assignment. Non-detection is therefore conditional on database coverage and
cannot be interpreted as evidence of true absence. This dependence was observed in
surimi analyses: in one sample, the main components could be classified, but a

substantial read fraction remained unclassified. Subsequent qualitative analysis of
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these reads suggested Atlantic horse mackerel (Trachurus trachurus) as an additional
ingredient. Because no suitable T. trachurus reference genome was available for AFS,
the finding had to remain qualitative and was reported as probable presence rather

than a quantified ingredient fraction.

Unclassified reads should therefore be treated as an interpretable readout, not as
residual noise. In AFS, any read that cannot be assigned reflects a mismatch between
the observed data and the available reference database. At least four non-exclusive
causes can contribute to unclassified reads: (i) the sample contains DNA from a taxon
that is not present in the database, for example unexpected ingredients, non-food taxa
(e.g. microorganisms, parasites), or missing reference genomes; (ii) the correct species
is present in the database, but its reference assembly lacks parts of the genome (e.g.
gaps, miss- or collapsed assemblies; Asalone et al., 2020; Peona et al., 2021), which leads
to an underestimation of the species coupled with an elevated unclassified fraction; (iii)
the correct species is present in the database, but the sample’s genotype differs beyond
recognition by the algorithm from the reference (e.g. high intraspecific diversity,
different populations or breeds, or haplotypes and structural variants not represented
in the reference Asalone et al., 2020; Bohling, 2020; Garrison et al., 2018) , which is
indistinguishable from (i), but originates from biological rather than technical
properties; and (iv) reads are hard to map because of technical issues like elevated error
profiles (Schirmer et al., 2016), fragmentation (W. Li & Freudenberg, 2014), index
swapping (Costello et al., 2018), or residual sequencing adapters (Bolger et al., 2014).
The final category is workflow-dependent and may be unavoidable to some extent,
whereas (i) — (iii) primarily reflect database composition and completeness. For
reporting, unclassified fractions should be stated and interpreted: elevated unclassified
fractions are a diagnostic signal that can indicate missing taxa, unsuitable references,
or overly stringent parameters. They can motivate follow up steps such as qualitative
screening against alternative reference sets, parameter reassessment, or targeted

database augmentation.
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Beyond missing taxa and mismatched references, errors within reference genomes
themselves can generate false-positive detections. During AFS analysis of a calibration
sausage, several hundred reads were initially assigned to Neisseria gonorrhoeae,
yielding an apparent fraction of approximately 0.04 % when the reference genome for
strain TCDC NGO08107 was included. Subsequent inspection indicated that the signal
was inconsistent with true Neisseria: Some regions showed strong similarity to
ruminant sequences, suggesting that this reference record contains bovine derived
sequence and should be treated with caution (Ripp et al., 2014). An independent
analysis found that this record comprises segments attributable to cattle and sheep
(Merchant et al,, 2014). Such issues occur at scale: (Breitwieser et al., 2019) reported
human derived sequence in more than 2000 bacterial and archaeal assemblies, often
enriched for high copy repeats such as Long interspersed nuclear elements (LINEs), Alu
and other Short interspersed nuclear elements (SINE), and satellite sequences. In a read
classification setting, these contaminants can yield recurrent low-level, false-positive

signals that appear technically well supported.

A further example is the presence of Illumina adapter sequence in the reference
genome of the common carp Cyprinus carpio. This artefact is attributed to insufficient
quality control during assembly and subsequent deposition in public repositories. This
issue has been reported in independent analyses (Etherington, 2014; S. Huang, 2021;
Mann et al, 2023). Adapter-containing reads, which are commonly found within
lllumina data sets, can therefore yield high scoring but biologically implausible matches
to carp during analysis. The broader implication is that errors in public references can
propagate through downstream pipelines and yield reproducible artefacts. Unexpected
low-abundance hits should therefore be evaluated for plausibility, including inspection
of read coverage distribution across the reference, identification of clustering in
anomalous regions, and assessment of alternative explanations such as conserved

elements or adapter-related matches.
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Even in the absence of explicit contamination, public genomes differ in completeness
and correctness, and this heterogeneity can bias both detection and quantification.
Incomplete references reduce the fraction of assignable reads and can change the
observed read fraction for a species. These effects are not resolved by deeper
sequencing of the food samples: if sequence is missing from the reference, reads
originating from that sequence remain unassigned or are diverted to other taxa
regardless of coverage. In addition, genomes in databases usually represent a single
assembly derived from one individual or strain. Intraspecific variation can therefore
reduce classification confidence, particularly in regions affected by structural variation,
and can contribute to unclassified reads that still show the target species among top

hits in follow-up taxonomic analyses.

Reference quality should therefore be treated as a controlled variable. In this sense, the
database becomes part of the measurement model: reference availability defines which
hypotheses are testable, unclassified reads often reflect database mismatch,
heterogeneous reference quality introduces systematic bias in detection and
quantification, and contaminated references can generate reproducible false-positive
findings. Database curation, transparent versioning, and conservative interpretation are

therefore required, particularly for low-abundance signals.
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3.3 From reference-limited to decision-ready: future

directions for AFS in food control

The preceding sections highlight that AFS already delivers broad screening power, but
that routine decision use is still constrained by reference availability, low abundance
ambiguity, and database related artefacts. The following perspective therefore outlines
practical development paths that can progressively increase interpretability and

robustness toward decision ready workflows in food control.

3.3.1 Towards reference-complete AFS: reducing unclassified reads

through reference expansion and high-quality assemblies

AFS can in theory detect any species’ DNA present in a sample, but it requires that
species’ genome to be represented in reference databases. This is a critical limitation:
public DNA barcode repositories (e.g. BOLD) contain sequence records for over 1.3
million species (Ratnasingham et al., 2024), whereas the number of species with whole-
genome assembilies is only on the order of tens of thousands (Goldfarb et al., 2025). In
practical terms, some food-relevant species still lack a reference genome sequence,
especially minor crops, regional ingredients, or less-studied taxa. With roughly ~1.5
million described eukaryotic species in total (M. Blaxter et al., 2025), the coverage of
genomic databases remains limited. If an ingredient or contaminant in a food sample
has no genome available, WGS methods cannot confidently quantify it - the DNA reads
either remain unclassified or may falsely match to the closest related genome present,

as it was seen in the surimi case with Atlantic horse mackerel.

Despite this dependence on reference representation, the situation is improving rapidly
because genome sequencing and assembly have become substantially cheaper and

more scalable in recent years. Declining costs per unit of sequence data (Table 3),
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higher platform throughput, and routine multiplexing enable a growing number of
projects to generate whole-genome resources for an increasing number of species
(Figure 11, blue), which for AFS translates directly into improved database coverage and
a reduced fraction of unclassified reads. In parallel, reference quality is improving: long-
read sequencing, combined with modern scaffolding approaches like Hi-C, linked reads
and optical mapping and more mature assembly and polishing pipelines, now yields
chromosome-level and haplotype-resolved assemblies rather than fragmented drafts
(Figure 10, yellow; Kovaka et al., 2023; T. Zhang et al., 2022). For AFS, such improvements
are practically important because higher contiguity and completeness reduce biases
from missing sequence content, and haplotype resolution can mitigate reference bias
in taxa with low interspecific divergence, thereby stabilizing read assignment and

abundance estimates.

Large, international genome initiatives exemplify this shift toward systematic, high-
quality reference generation. The Earth BioGenome Project provides the overarching
framework, aiming to produce chromosome-level assemblies for all described
eukaryotic species over a decade (M. Blaxter et al., 2025; Lewin et al., 2018). Beyond
generating genomes, the Earth BioGenome Project establishes shared standards for
sampling, ethical governance and benefit-sharing, and coordinates interoperable data
infrastructures across participating nodes - and, critically, it reflects a broader trend
toward reference quality management as an explicit objective rather than an implicit
by-product of assembly production. This quality-management trend includes specimen
validation and vouchering, harmonized metadata, transparent provenance, and
increasingly routine screening for contamination and technical artefacts prior to public
deposition. For AFS, these practices are not cosmetic: they reduce the probability that
erroneous references propagate into false-positive detections, and they increase the
interpretability of both assigned and unclassified read fractions by improving
traceability to specific databases and specimen lineages. Within this umbrella, the

Vertebrate Genomes Project (Rhie et al., 2021) and others demonstrate what is
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technically achievable: by applying long-read sequencing, Hi-C scaffolding and
stringent assembly quality criteria, the projects produce near-error-free, haplotype-
resolved genomes that serve as methodological benchmarks and training sets for
assembly, annotation, structural-variant analysis and comparative genomics. At the
regional level, initiatives like the Darwin Tree of Life (M. L. Blaxter, 2022) and African
BioGenome Project (Ebenezer et al, 2022) illustrate how national and continental
efforts can scale biodiversity genomics. These consortia integrate genome sequencing
with upstream activities such as specimen validation, vouchering and biobanking, and
with downstream efforts including data standardisation, open-access dissemination
and the development of community workflows. Together with taxon-focused efforts

(e.g., large-scale plant and arthropod genome programmes), these initiatives do not
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Figure 11: Decline in DNA sequencing cost and growth of public eukaryotic genome resources (2001-
2025). Cost per Gb in USD (black triangles, left y-axis), cumulative number of eukaryotic species
represented by at least one publicly available genome assembly (blue circles, right y-axis), and the
cumulative number of species with chromosome-level or complete assemblies (orange squares, right
y-axis) are shown. Vertical dotted lines mark the introduction of major sequencing technology eras (NGS:
lllumina; TGS: PacBio; TGS: Oxford Nanopore Technologies).
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merely increase the number of available genomes, but also establish reproducible
pipelines and quality criteria that directly strengthen the reliability of reference-based

analyses such as AFS.

Coordinated genome initiatives and the parallel rise of explicit reference quality
management are shifting both the scale and reliability of available resources. As
coverage expands and assembly quality improves, AFS is expected to yield fewer
unclassified reads, reduced systematic misassignment to nearest-neighbour genomes,
and more stable quantitative estimates. Ongoing expansion in reference coverage and
continued maturation of quality-management practices are expected to progressively
shift AFS from a method limited by references toward one primarily limited by

biological signal characteristics and sample complexity.

3.3.2 From read counts to multi-layer genomic evidence: resolving close-

relative ambiquity

Because eukaryotic genomes contain extensive conserved and repetitive sequence,
computational read partitioning across multiple candidate references inevitably
produces systematic low-abundance false-positives. To disentangle true multi-species
signals from purely bioinformatic ambiguity, this thesis therefore processed in silico
datasets generated from single species, 100 % samples and processed them with the
AFS pipeline. Despite the absence of any second species in the input, low-level
assignments to closely related genomes consistently emerged as systematic read
cross-assignment. Simulations showed that false-positive assignments scale
approximately linearly with the true proportion of the present ingredient (Hellmann,

Ripp, et al., 2020).

As an additional, independent plausibility check, genome-wide coverage profiles (read

depth along the reference) can be inspected to discriminate true-positives from false
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classifications: genuine organisms typically exhibit broadly distributed, comparatively
even coverage across their reference genome, whereas false-positive matches driven
by conserved regions shared between genomes tend to produce sparse, highly
localized coverage peaks (Figure 12). An example is provided by the microbiota signal
in the KLyo C sample, where Brochothrix thermosphacta shows an even coverage
pattern consistent with a true-positive, while Actinoalloteichus sp. displays a highly
uneven profile with distinct peaks consistent with a false-positive assignment. This
criterion can only be applied however, when sequencing depth is sufficient to cover a
substantial fraction of the candidate genome. For illustration, rice (Oryza sativa) has a
genome size of 387 Mb, which is comparatively small among food-relevant eukaryotic
genomes. Even modest genome-wide depth of 5x mean coverage would require >12
million 150 bp reads for rice alone. In routine AFS, by contrast, typically less than 5
million reads are generated for an entire sample and are additionally partitioned across
multiple ingredients, such that eukaryotic ingredients rarely reach the genome-wide
depth required for coverage-profile-based discrimination. Consequently, coverage-
based true-/false-positive discrimination is primarily practical for microorganisms with
genomes on the order of only a few Mb, where comparable read numbers cover the

genome sufficiently.

Where coverage-based diagnostics are impossible, ambiguity at low abundance must
be addressed by locus-restricted evidence rather than by genome-wide read-depth
patterns. The untargeted WGS approach inherently provides additional information
that can be utilized in those taxon complexes where proportion estimates are limited
by sequence similarity and cross-assignment. A plausible strategy is therefore a
marker-based confirmation that tests for discriminative features expected only under
true multi-species content. Genome-wide single nucleotide polymorphisms (SNPs) are
abundant, stable markers that can support cultivar/breed discrimination and
provenance inference when representative population reference panels exist (Vignal et

al., 2002). In food authentication, this is particularly relevant for high-value ingredients
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in which the analytical objective often shifts from species identification to inference of
variety/breed and population background, as illustrated by cacao origin assignment
using population-specific genetic signatures (Bhattacharjee et al.,, 2023). Importantly,
the same diagnostic SNP logic can be repurposed to resolve sister-species pairs that
remain ambiguous under genome-wide analysis. Conceptually, SNP-based inference
in AFS might be more robust for distinguishing close relatives than whole-genome
analysis, because it can be restricted to explicitly diagnostic loci rather than relying on
all sequence, including conserved regions that drive ambiguity. However, reliable SNP-
based assignment typically requires sufficient coverage at informative loci and
population-aware reference datasets, which currently do not exist for all food relevant

species pairs.
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Figure 12: Genome-wide coverage profiles to distinguish true-positives from bioinformatic
misassignment. Read depth per genomic window is shown along each reference. Brochothrix
thermosphacta (top) exhibits distributed, comparatively even coverage across the genome, consistent
with a genuine presence, whereas Actinoalloteichus sp. (bottom) shows near-zero background coverage
with a few sharp peaks only, indicative of a false-positive assignment driven by conserved regions
(adapted from Kobus et al., 2020).

Highly polymorphic repeat-based markers provide a complementary method. Simple

sequence repeats (SSR) or short tandem repeats (1-6 bp repeats; STR) mutate
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predominantly via repeat-number changes and thus exhibit high polymorphism
among individuals and populations, enabling compact genetic fingerprinting panels
for traceability and breed/cultivar assignment (Ellegren, 2004; Vieira et al., 2016). For
example, multiplex SSR genotyping for cattle-breed traceability reported 180 alleles
across 16 loci in six breeds; using the six most polymorphic loci, differentiation between
all breeds was achievable, while the full 16-locus panel provided individual-level
resolution (J. Zhao et al.,, 2017). Because WGS enables genome-wide SSR discovery, AFS
reads can, in principle, be mapped to pre-validated loci to challenge closely related

species calls and to flag assignments that lack marker support.

Taxon-specific repeats and Transposable Element (TE) insertions add a further
presence/absence-style marker layer. As many TE families undergo lineage- or species-
specific expansions, insertion patterns can serve as sensitive “fingerprints” when targets
are screened (Konkel et al, 2010; Kramerov & Vassetzky, 2005). This principle is
routinely exploited in targeted assays; for instance, a porcine SINE-based qPCR assay
combines high copy number (sensitivity) with species specificity through locus
screening (C. Zhang et al., 2015). In AFS, this information can be used for screening
against e.g. an species-specific repeatome database, to confirm true-positive and

identify false-positive classifications.

Collectively, these marker layers (SNPs, SSR/STRs, taxon-specific repeats and TE
insertions) can operationally function as an orthogonal confirmatory tier in AFS
analysis: in case of low-level close-relative assignments, explicit tests for discriminative
features can be applied. This could include (i) defining diagnostic SNP panels for sister-
species pairs and evaluating allele support at these loci, (ii) exploiting highly variable
SSR/STR loci as compact fingerprints whose concordant allele patterns would be
difficult to explain by diffuse mapping ambiguity alone, and (iii) using screened taxon-
specific repeats and TE insertion targets as sensitive presence/absence evidence.
Operationally, such marker layers would not replace AFS, but could act as an additional
layer of information on species pairs where genome-wide read classification has a
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limitation based on sequence similarity. However, the extent to which these approaches
improve specificity without sensitivity losses, how they behave across matrices,
processing states, and mixture complexities, needs targeted validation before they can

be considered reliable components of an AFS decision framework.

3.3.3 Beyond sequence: modification as decision support for AFS

Beyond nucleotide sequence, long-read platforms (PacBio and ONT) provide the
capability to detect DNA base modifications directly, without prior chemical treatment.
These techniques thereby enable exploitation of epigenetic information as an
additional layer in modification-enhanced AFS. DNA methylation, predominantly 5-
methylcytosine (5mC) at CpG dinucleotides, is central to genome integrity and
transposable-element silencing (Bird, 2002; Deniz et al., 2019; Yoder et al., 1997).
Furthermore, DNA methylation plays a pivotal role in the regulation of numerous
biological processes such as cell differentiation (Reik et al., 2001), development (Z. D.
Smith & Meissner, 2013), and the maintenance of cellular identity (Fisher, 2002).
Additionally, this epigenetic mechanism has been implicated in an organism's response
to environmental influences (Feil & Fraga, 2012) and in speciation (Jablonka & Raz,
2009). In addition to differences between species, every tissue and cell type within a
species possesses a unique methylation exhibiting unique differentially methylated
regions (DMRs) specific to these cells (Drouilhet et al., 2022; Rivera & Ren, 2013;
Roadmap Epigenomics Consortium et al,, 2015; Zhou et al., 2020). Numerous studies
have shown that samples of the same tissue type from different individuals tend to
cluster more closely than those of different tissues from the same individual, showing
that DNA methylation is tissue-specific (Baker et al., 2023; Drouilhet et al., 2022; Ju et
al, 2023; A. T. Lu et al., 2023; Schultz et al., 2015). As these DMRs represent an epigenetic
fingerprint of an individual tissue of a species, they can in principle also be utilized as

biomarkers for discrimination of even closely related species in food matrices.

157



Proof-of-concept for leveraging methylation as a discriminative signal has been
demonstrated outside the food domain. A human array-based methylation assay was
adapted to non-human primates and mouse and showed that genome-wide
methylation profiles are highly reproducible and can separate samples by biological
class, distinguishing tissue types within and between species; in the same study, 5-
hydroxymethylcytosine (5hmC) measurements in brain tissue revealed species-specific
levels with a consistent hierarchy (human > rhesus > mouse), underscoring that
modified-base landscapes can encode robust species-dependent patterns (Chopra et
al., 2014). Comparable conclusions arise from evolutionary plant epigenomics, where
whole-genome methylomes across Brassicaceae showed that interspecific methylation
differences are strongly influenced by genome organization, in particular by lineage-
specific expansion or contraction of repeats and transposable elements; notably, many
between-species differences cluster in hypervariable, repeat-rich regions (Seymour et

al., 2014), which can diverge rapidly, even among relatively closely related taxa.

In food-related applications, the most robust progress to date has primarily concerned
methylation-derived fingerprints for tracing geographic origin, whereas species-level
identification was of secondary interest. Single-base resolution methylomes compiled
across different livestock have demonstrated separable, context-associated signatures,
including population- or location-associated patterns in clonal marbled crayfish,
producer-associated signatures in shrimp, river-origin and rearing-environment
associations in salmon, and farm-dependent patterns in chicken (Venkatesh et al.,
2023). Collectively, these results support the premise that methylation carries
structured, application-relevant information for traceability. At the same time, partial
environmental and time dependence implies that routine deployment would require

control of confounders and appropriate reference designs.

For modification-enhanced AFS, a concrete implementation strategy would be the
construction of curated reference databases of methylation signatures for multiple

food-relevant tissues per species. Such reference methylomes would capture the
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distribution of 5mC across CpG-rich regulatory regions, repetitive elements, and other
genomic domains and could draw on public resources like MethBank and NGSmethDB
(Lebrén et al, 2017; R. Li et al, 2017) and on experimental methylome datasets
(Klughammer et al., 2023; Meissner et al., 2005), while likely requiring targeted curation
for the specific sister-species pairs that are problematic at the sequence level.
Operationally, a two-fold logic is plausible: (i) conventional AFS read classification
provides primary assignments and estimates, and (ii) for ambiguous near-relative
assignments, methylation profiles derived from long reads are queried against the
reference methylation signature database to test whether diagnostic methylation
patterns support the presence of the candidate species. This approach is conceptually
attractive because it introduces an orthogonal signal that is not identical to nucleotide
sequence similarity, and could therefore add specificity in cases where sequence-level

discrimination is ambiguous.

Beyond species discrimination, DMRs further offer a potential tissue-identity layer that
could address matrix-effect-driven quantification biases. If tissue identity could be
inferred from methylation fingerprints, organ-specific differences in DNA yield (e.g.,
lower yields in adipose relative to muscle) could, in principle, be incorporated into
downstream interpretation to mitigate tissue-driven distortions of proportion
estimates. A proof-of-principle has shown that tissue identity can be inferred from
methylation fingerprints using methylation-sensitive profiling, enabling robust
discrimination of multiple organs in both salmon and cattle; specifically, methylation-
sensitive amplified polymorphism (a restriction-fragment-based approach
conceptually related to RFLP) supported discrimination of brain, eye, heart, kidney,
liver, and muscle, indicating that between-organ methylation differences can be
sufficiently strong to act as diagnostic signals (Rodriguez Lopez et al, 2012).
Accordingly, modification-enhanced AFS could, in principle, provide not only species
evidence but also information on which tissues contributed DNA to a processed

sample. Complementing epigenetic fingerprints potentially provide the necessary
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information for the identification of the tissues present in a sample. In turn, with this
information available, it could in principle be possible to correct the differences in DNA
amounts per weight of tissue, which would serve as an invaluable improvement

towards solving quantification issues caused by matrix effects.

3.3.4 Perspective and near-term roles for AFS

AFS provides an untargeted, primer-independent view of the DNA present in a sample
and thereby avoids primer-driven amplification bias. In a single workflow, AFS analyses
nuclear and organellar DNA alongside microbial and viral nucleic acids, enabling
simultaneous screening of animals, plants, fungi, protists, bacteria, archaea, and viruses

and facilitates the discovery of undeclared ingredients and potential contaminants.

Despite this breadth, three factors currently limit large-scale deployment of AFS for
routine screening. First, AFS is reference-dependent. Species can only be identified and
quantified if suitable genomes are present in the database; missing references increase
unclassified reads and misassignment to close relatives and may require qualitative
follow-up. Second, per-sample costs remain higher in many settings, as WGS
approaches typically require more sequencing depth than marker-based
metabarcoding. Third, routine use requires bioinformatic capacity for standardised

processing, quality control, and interpretation.

However, these constraints are dynamic rather than fundamental. Reference collections
are expanding rapidly and assembly quality continues to improve; sequencing costs
are declining; and laboratory protocols and pipelines are becoming more efficient,
collectively reducing database- and cost-related bottlenecks. The bioinformatic
requirements are broadly comparable to those already established for metabarcoding
in many laboratories and can be further enhanced by training programmes for

regulatory laboratories and competent authorities. Interpretation, however, will
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continue to require conservative decision rules: read fractions are not direct biomass
proxies because matrix effects persist, a limitation that also affects other DNA-based
assays. As reference resources become more comprehensive and sequencing becomes
more affordable, the balance is likely to shift further towards AFS as a scalable option

for broad food surveillance.

A pragmatic near-term implementation is therefore a staged evidence workflow in
which AFS provides broad, untargeted screening, complemented by orthogonal
confirmation where consequences warrant it. Challenging authenticity questions are
most robustly addressed by converging evidence from complementary strategies, so
that method-specific weaknesses are compensated and the resulting conclusions

remain defensible under scrutiny.
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4 Summary

All-food-sequencing (AFS) is a non-targeted, whole-genome DNA-based screening
method for simultaneous qualitative and quantitative species diagnosis in complex
foods. No a priori knowledge or primers are required, and a single analysis can
potentially detect animal and plant components as well as fungi, bacteria, and other

accompanying microbiota.

Quantitative performance of AFS was evaluated using controlled calibration samples,
including defined meat and fish mixtures. In direct comparison with established assays,
AFS delivered quantification that outperformed conventional qPCR and matched
ddPCR, while retaining a key practical advantage: broad, primer-independent screening
and quantification of multiple ingredients within a single workflow, rather than many
separate target specific assays. The calibration series also identified two systematic
factors that influence quantitative accuracy. First, differences in genome size can shift
read proportions, but this bias was shown to be correctable by genome size
normalization. Second, matrix effects of the food composition can alter DNA extraction
yield between ingredients, so the highest quantitative agreement is achieved with

matrix-specific calibration - a constraint shared by all DNA-based methods.

Application for real food products showed how AFS behaves under practical conditions
with regard to heterogeneity and incomplete or inaccurate labelling of species
components. Doner kebab samples showed significant deviations and several cases in
which the predominant meat type did not correspond to the advertised expectation. In
addition, other ingredients were detected that suggest unintentional admixture or
deliberate substitution. In the case of seafood and surimi products, the declared main
ingredients were generally confirmed. In addition, the analysis revealed undeclared
taxa, including additional seafood and plant components in mixed dishes, some with

potential allergen relevance. Beyond the main ingredient composition, AFS provided
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early warning signals, including allergen-relevant plant admixtures and microbial

patterns that indicate incipient spoilage.

The analysed samples also revealed practical limitations of AFS that are crucial for
regulatory surveillance: ambiguous classification within closely related species,
dependence on reference genomes, and the need to interpret low-level findings
conservatively and verify them with targeted follow-up measures. Specificity of read
classification was improved by both algorithm choice and sequencing technology.
K-mer-based classification and database partitioning enabled screening against
significantly larger genome reference collections. In a comparison between lllumina
short reads and Oxford Nanopore long reads on calibration sausages, long-read
sequencing improved quantification accuracy and reduced the number of false-
positives despite higher error rates in long read, as longer reads provide more
discriminative information for resolving conserved regions that otherwise drive

ambiguous classification.

AFS shows the potential to provide reliable formulation information and cross-domain
early warning signals as a universal, primer-free WGS screening method, provided that
reference dependency and taxonomic ambiguity are recognized as current limitations
and integrated into the decision on verification or follow-up measures. Therefore, it is

promising for routine screening in official food monitoring in the future.
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5 Zusammenfassung

All-Food-Sequencing (AFS) ist ein ungezieltes, gesamt-genomisches DNA-basiertes
Screeningverfahren zur gleichzeitigen qualitativen und quantitativen Artendiagnose in
komplexen Lebensmitteln. Es sind weder a priori Kenntnisse noch Primer erforderlich
und eine einzige Analyse kann potenziell tierische und pflanzliche Bestandteile ebenso

wie Pilze, Bakterien und weitere begleitende Mikrobiota erfassen.

Die quantitative Leistung der AFS wurde anhand kontrollierter Kalibrierungsproben
bewertet, darunter definierte Fleisch- und Fischmischungen. Im direkten Vergleich mit
etablierten Verfahren erzielte AFS eine Quantifizierung, die herkdmmliche gPCR
Ubertraf und mit ddPCR gleichauf lag, mit einem wichtigen praktischen Vorteil: ein
breites, Primer-unabhdngiges Screening und eine Quantifizierung mehrerer
Inhaltsstoffe in einer einzigen Analyse anstelle vieler separater, spezifischer Assays. Die
Kalibrierungsserie identifizierte auch zwei systematische Faktoren, die die quantitative
Genauigkeit beeinflussen. Zum einen kdnnen Unterschiede in der GenomgroBe die
Read-Anteile systematisch verschieben; aber diese Verzerrung erwies sich durch
Normalisierung der Genomgrole als korrigierbar. Zum anderen kénnen Matrixeffekte
der Lebensmittelzusammensetzung die DNA-Extraktionsausbeute zwischen den
Inhaltsstoffen  verandern, sodass eine exakte Quantifizierung von einer
matrixspezifischen Kalibrierung profitiert — eine Einschrankung, die alle DNA-basierten

Methoden gemeinsam haben.

Die Anwendung mit realen Lebensmittelprodukten zeigte, wie sich AFS unter
praxisnahen Bedingungen hinsichtlich Heterogenitat und unvollstandiger oder
ungenauer Kennzeichnung der Zutaten verhalt. Die Doner Kebab-Proben wiesen
erhebliche Abweichungen und mehrere Falle auf, in denen die vorherrschende
Fleischsorte nicht der beworbenen Erwartung entsprach. Zusatzlich wurden weitere
Bestandteile nachgewiesen, die den Verdacht unbeabsichtigter Beimischung oder
gezielter Substitution nahelegen. Bei den Meeresfriichte- und Surimi-Produkten
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wurden die deklarierten Hauptbestandteile im Allgemeinen bestatigten. Daruber
hinaus machte die Analyse wiederholt nicht deklarierte Taxa sichtbar, darunter
zusatzliche Seafood-Anteile in Mischgerichten sowie pflanzliche Signale mit
potenzieller Allergenrelevanz. Uber die reine Rezeptur hinaus lieferte AFS noch
zusatzliche Hinweise. Es wurden Spurenbefunde detektiert, die als Frihwarnsignale
dienen konnen, darunter allergenrelevante Pflanzenbeimischungen sowie mikrobielle

Muster, die auf beginnenden Verderb hindeuten.

Diese Proben zeigten auch praktische Limitierungen der Methode auf, die fir eine
behérdliche Uberwachung entscheidend sind: uneindeutige Zuordnung innerhalb nah
verwandter Spezies, die Abhangigkeit von Referenzgenomen sowie die Notwendigkeit,
Befunde im Spurenbereich konservativ zu interpretieren und gezielt mit

FolgemaBnahmen zu verifizieren.

Die Spezifitat der Read-Klassifizierung wurde dabei sowohl durch die Wahl des
Algorithmus als auch durch die Sequenzierungstechnologie verbessert. Die
K-mer-basierte Klassifizierung und Partitionierung der Datenbank ermdglichte ein
Screening gegen deutlich groBere genomische Referenzsammlungen. Im Vergleich
zwischen lllumina Short-Reads und Oxford Nanopore Long-Reads bei
Kalibrierungswiirsten verbesserte die Long-Read-Sequenzierung die
Quantifizierungsgenauigkeit und reduzierte die Anzahl falsch-positiver Befunde trotz
hoherer Fehlerraten bei den Long-Reads, da langere Reads mehr diagnostische
Unterschiede fir die Auflésung konservierter Regionen liefern, die andernfalls zu einer

mehrdeutigen Klassifizierung fiihren wiirden.

AFS zeigt das Potenzial, als universelles, Primer-freies WGS-Screening sowohl
verlassliche Rezepturhinweise als auch domanenibergreifende Friihwarnsignale zu
liefern, sofern Referenzabhangigkeit und taxonomische Mehrdeutigkeit als

gegenwartig vorhandene Limitierungen anerkannt und in die Entscheidung Uber
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Verifikation oder FolgemaBnahmen integriert werden, wodurch es kiinftig flir Routine-

Screenings in der amtlichen Lebensmittelliberwachung interessant werden kann.
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