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Abstract

DNA barcoding has transformed biodiversity science, but locus-based markers often fail
across taxa, at shallow phylogenetic depths, and in mixed or spatially structured
samples. Here, we test whether varKoder, an alignment-free framework that converts
low-coverage genomic reads into image-based genomic signatures (varKodes), can
extend barcoding from taxonomic identification to broader inference of identity, place,
and state. Across five public genomic and metagenomic datasets—domestic dogs, grape
cultivars, soils, human skin microbiomes, and human stool microbiomes—varKodes
resolved signals that span single-organism genomes and mixed microbial communities.
They distinguished dog breeds and grape cultivars despite exceptionally recent
divergence, hybrid ancestry, and complex pedigree histories. They also assigned skin
microbiome samples to source individuals and body-site categories, demonstrating that
host-associated microbial mosaics can function as individual-level genomic fingerprints.
Beyond identity, varKodes recovered geographic provenance from soil metagenomes
and distinguished skin microbiomes by country of origin, supporting metagenomic
mosaics as location-specific signatures. Finally, varKodes classified inflammatory bowel
disease status from stool metagenomes, providing a proof of concept for identifying
biological state using the same kind of genomic signature. Performance was strongest
for well-sampled or phylogenetically well-differentiated groups, indicating that denser
reference data and retraining should improve accuracy. Together, these results
demonstrate that DNA barcodes can be reconceived as retrainable, genome-wide
signatures for supervised inference across a wide variety of biological scales, sample
types, and applications.

Keywords: DNA barcoding | genome skimming | metagenomics | genomic signatures |
geographic provenance | forensics | medical diagnostics
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Introduction

High-throughput sequencing has transformed biodiversity research, and DNA barcoding
is widely used for assigning unknown samples to named taxa'. However, traditional
barcoding remains constrained by its reliance on one or a few loci and therefore
barcodes are not universal across the tree of life®. Even when appropriate loci exist,
short markers often provide insufficient resolution to distinguish closely related taxa or
sub-specific taxa, including population level variation, recent domesticates, cultivars, or
individuals®. These limitations are especially problematic for the fastest-growing
applications of genomic sequencing, which involve complex or spatially structured
samples, including eDNA, soil metagenomes, and host-associated microbiomes. In
such cases, the scientific question is not only “What taxon is present?”, but may also
include where a sample originated from geographically or what biological condition or
state it reflects. Existing workflows for taxonomy, ecology, microbiology, biosecurity,
food safety, forensics, medical diagnostics remain fragmented, because methods
designed around particular marker loci, reference databases, or other features (e.g.,
spatial location, disease state) often do not transfer easily across the variety of
organisms, sample types, or applications.

A major methodological shift in biodiversity science is therefore moving identification
from locus-based markers to genome-wide signatures: standardized representations
inferred from sparse genomic reads and linked to user-defined labels, from species and
genera to ecological, spatial, or biological states. As part of this shift, we developed
varKoder, an alignment-free method that converts very low coverage genome-skim data
into flattened image-based genomic landscapes, or varKodes, for machine-learning
classification®. varKodes do not require assembly, alignment, or predefined markers,
and rely only on a small random fraction of a genome. They therefore expand the
operational meaning of a barcode from a short, locus-specific sequence to a retrainable
genome-wide signature that can be applied across taxa, mixed-community samples,
and diverse classification objectives. Moreover, this assembly-free use of low-coverage
short-read data aligns with a broader expansion of genome skimming and short-read
sequencing as scalable tools for biodiversity monitoring, species identification, and
comparative genomics’. In short, varKodes shift barcoding from a tool used primarily for
taxonomic identification to a broader framework for genomic inference spanning multiple
sample types, objectives, and disciplines (Fig. 1).

Despite the demonstrated potential of varKodes, two key aspects of our proposed
expanded barcoding framework remain largely underexplored. First, the resolution limit
of varKodes applied to low-coverage data is unclear. Many applied problems require
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taxonomic discrimination among lineages separated by extremely shallow divergence,
on the order of tens to hundreds of generations, including dog breeds and crop
cultivars, where recent human selection, admixture, and complex naming histories
complicate inference. Second, it remains uncertain whether varKodes can reliably
leverage metagenomic mosaics, or whole-sample community DNA profiles, that may
encode geo-nomic signatures: genomic or metagenomic patterns that carry information
about geographic origin, ecological context, or biological condition. If such subtle
differences could be detected, this would extend varKodes beyond taxonomic
assignment to a broader three-part framework: identity, place, and state (Fig. 1).
Moreover, if their resolution is sufficient, varKodes could be used to predict geographic
provenance (e.g., from a confiscated sample to determine point of origin of illegally
trafficked goods/exports) or other sample attributes (e.g., medical diagnosis [disease
versus not diseased] or habitat condition [e.g., an agricultural field versus a forest]).

Together, these possibilities motivate a more direct exploration of whether varKodes
can recover signals of identity, place, and state spanning single-organism genomes and
mixed-community metagenomic mosaics, without requiring a custom method for each
kind of sample or question. Here, we evaluate varKodes at these boundaries using five
publicly available datasets to test their utility, and genomic signatures more generally, to
finely discriminate identity, place, and biological state. Specifically, we test whether
varKodes can accurately discriminate i.) domestic dog (Canis lupus familiaris) samples
by breed,; ii.) grapevine (Vitis vinifera) samples by cultivar in a dataset shaped by
shallow divergence and hybridization; iii.) human-skin microbiomes by individual host
identity, body site, and geographic source; iv.) soil metagenomes by geographic origin
across structured spatial scales and land-use categories; and v.) stool metagenomes by
country of origin and inflammatory bowel disease status as a proof-of-concept clinical
application for varKode-based classification. Together, our analyses provide a robust
empirical assessment of how little data are required for reliable classification; how
accuracy and performance of varKodes varies with time since divergence, admixture;
and whether metagenomic mosaics can support geo-nomic signatures for fine-scale
spatial and medical diagnostic inference within a single workflow. By focusing on these
challenging benchmark datasets, our study illustrates new opportunities for identification
based on genome signatures and supports a much broader, more harmonized vision of
barcoding as a general-purpose, rapid inferential tool for biodiversity and beyond.

Results and Discussion

A broader vision of DNA barcoding requires genomic signatures that can operate across
broad organismal diversity, mixed samples, and different kinds of biological questions.
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We organize results from our five assembled datasets around three forms of inference:
identity, place, and state, while emphasizing both classification performance and the
biological or sampling features that shaped accuracy. Sample composition, metadata
labels, and coverage summaries are provided in Supplementary Data 1. To account
for class imbalance among breeds, cultivars, geographic labels, and disease states, we
report correct classification alongside macro-averaged precision and recall in the main
text, with support-weighted summaries and full per-label performance summaries
provided in Supplementary Data 2.

One varKode, many identities: breeds, cultivars, and individual microbial
fingerprints

varKodes resolved identity across three increasingly fine and biologically distinct scales:
recently formed lineages, cultivated varieties, and individual humans identified through
host-associated microbiomes. In domestic dogs, varKodes predicted breed identity with
79.6% correct classification, 81.3% precision, and 75.3% recall (Fig. 2Ai), indicating
that sparse, genome-wide signatures contain sufficient signal to distinguish breeds
shaped by exceptionally recent selection and complex breeding histories. Breed
assignment is a stringent test because many modern breeds are recent (<200 years
old), closely related, and shaped by intensive artificial selection. Marker-based genomic
approaches provide the most relevant comparison: Parker et al.8, for example, assigned
99% of dogs to breed using microsatellite genotypes (Table 1). By contrast, varKoder
recovered breed-level signal with approximately 80% correct classification using sparse
genomic signatures, without predefined breed loci, reference-panel genotyping,
alignment, or imputation. Performance varied among breeds, from high classification
success in Yorkshire Terriers (94.5% correct; 97.4% precision; 95.6% recall) to lower
performance in English Cocker Spaniels (20.0% correct; 68.0% precision; 37.8% recall).
This variation was not explained simply by breed age or genome coverage (Extended
Data Table 1), suggesting that classification difficulty more likely reflects biological
similarity among breeds, complex ancestry, label identity, or reference-set composition.
For poorly classified samples such as English Cocker Spaniel, the low recall may
therefore reflect limited within-breed representation, close genomic similarity to other
recently derived breeds, including possible admixtures, and varying quality in how
breed labels were assigned or curated across public datasets, rather than insufficient
sequencing depth alone. Misclassifications were also structured across breed labels,
with some true breeds disproportionately incorrectly assigned to particular breeds. Such
structured misclassifications may be informative because they can flag lineages whose
current labels obscure biological complexity that may be worth further pursuing.
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Grapevine cultivars provided a second stringent test of ultra-fine identity, because many
cultivars have shallow divergence, complex pedigrees, and histories of synonymy and
hybrid origin. Here, varKodes recover clear cultivar-level signal commensurate with
work by others (Table 1). In particular, targeted SSR and SNP panels can uniquely
identify cultivars under ideal conditions®. These earlier marker-based studies provide an
important benchmark because they represent optimized diagnostic systems for cultivar
identification. In this context, varKode’s contribution is not to outperform targeted SNP
or SSR panels, but to test whether cultivar-level signal can be recovered from sparse
genome-skim data without predefined loci, alignment, or marker selection, effectively
rendering our proposed approach as a lower barrier to entry. Across grape cultivars,
varKodes achieved 82% correct classification, 90% precision, and 80% recall (Fig. 2Bi—
ii). Performance varied among cultivars, with high classification success for Zinfandel
(98.1% correct; 88.5% precision; 100% recall) and Thompson Seedless (89.5% correct;
85.6% precision; 92.0% recall), versus lower performance for Cabernet Sauvignon
(50.8% correct; 83.3% precision; 71.4% recall) and Muscat Hamburg (36.1% correct;
87.5% precision; 38.9% recall). This heterogeneity is biologically expected in a crop
shaped by recent hybridization, clonal propagation, and complex breeding structure©.
For example, reduced performance for Muscat of Hamburg (87.5% precision, 38.9%
recall), may be explained by its hybrid ancestry as a cross between Schiava Grossa and
Muscat of Alexandria, as well as its placement within the broader Muscat group, which
has long been recognized for complex naming and pedigree histories''-'2. Cabernet
Sauvignon likewise has a known hybrid origin as the offspring of Cabernet Franc x
Sauvignon Blanc'3. Thus, lower recall in some cultivars likely reflects biological
complexity and sampling limitations, rather than failure of the varKode representation.

Skin microbiomes extended identity inference to a fine and conceptually distinct scale:
individual-level discrimination from host-associated metagenomes. Unlike our dog and
grape analyses, which classify samples using genomic variation in the focal organism,
our skin analysis asked whether a composite microbial community could serve as a
person-specific genomic signature. Using U.S. skin metagenomes collected from
multiple body sites in Oh et al.’*, varKodes assigned skin samples to their correct host
individual with approximately 75% correct classification, 77% precision, and 73% recall
(Fig. 3A-B). Because each individual was represented by samples from distinct
anatomical sites, successful classification indicates that varKodes recovered host-
specific microbial signal despite strong body-site effects.

Existing benchmarks place this result in a useful context. A target capture skin-
microbiome marker panel developed for forensic identification, hidSkinPlex, reported
78.0-83.7% individual classification accuracy'®, whereas Franzosa et al.'® matched
approximately 30% of individuals from skin microbiomes using person-specific shotgun
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metagenomic codes (Table 1). Thus, varKodes recovered individual-level signal from
untargeted, alignment-free shotgun data at a level approaching targeted forensic
microbiome assays. Broader sampling across individuals, time points, and body sites
will be required to further evaluate forensic-scale performance, but our results
demonstrate that individual identity can be encoded in host-associated microbial
mosaics'’.

This resolution also extended to even finer within-host scale discrimination: varKodes
classified body-site category with 93% correct classification, 92% precision, and 91%
recall (Fig. 3C). Accuracy varied by body site, with highest performance for foot (100%
correct; 98% precision, 100% recall) and head samples (93% correct; 92% precision,
94% recall), versus lower performance for torso samples (70% correct; 79% precision,
72% recall; Fig. 3D), likely reflecting less distinct microbial signatures across torso sites
than across foot or head sites. Together, these results demonstrate that varKodes can
resolve identity across a continuum from breeds and cultivars to individuals and body
sites. They also illustrate that categories of identity, place, and state are not mutually
exclusive: host-associated microbial signatures can encode individual identity while also
carrying information about anatomical location, geographic provenance, environmental
exposure, and potentially health status.

One varKode, many places: metagenomic mosaics encode spatial provenance

Beyond identity, varKodes recovered geographic provenance from metagenomic
mosaics, supporting the idea that mixed-community DNA can function as a location-
specific genomic signature. Here, provenance refers to assignment to predefined
geographic categories (i.e., continent, region, province, or state) rather than prediction
of exact GPS coordinates. Thus, the global analysis evaluated continent-level
assignment, whereas the regional analyses evaluated finer labels, including province-
level labels in Asia, regional labels in North America (i.e., Southwest, North Central,
etc), and U.S. state-level labels within North America. Under this framework, varKodes
classified soil provenance with 81.9% correct classification globally (76.6% precision,
86.0% recall), 85.4% for province-level predictions within Asia (94.3% precision, 77.3%
recall), 89.8% for regional predictions within North America (95.0% precision, 83.4%
recall), and 94.4% for U.S. state-level origin (95.2% precision, 91.9% recall) (Fig. 4A—-
D). Higher accuracy at finer-scales should not be interpreted as an intrinsic effect of
spatial scale; it more likely reflects differences in sampling density and label quality,
especially the denser representation of North American and Asian sampling in the
source dataset'®. varKode’s 82-94% correct classification falls within the range reported
by other machine-learning geolocation frameworks (Table 1). The key contribution here
is that comparable provenance signal was recovered directly from varKode images,
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without first identifying the organisms present, estimating their relative abundances, or
building custom reference-based features.

We next tested whether provenance predictions were driven primarily by broad habitat
differences rather than geography. Habitat-only classifiers assigned Asian soil samples
to land-use type with high overall performance (94.4% correct, 94.4% precision, 94.4%
recall), and North American habitat-only classifiers also performed well (91.0% correct,
91.8% precision, 91.7% recall; Extended Data Fig. 2). Strikingly, habitat remained
highly predictable when Asian and North American samples were analyzed together
(93.1% correct, 94.3% precision, 93.1% recall; Extended Data Fig. 2), suggesting that
land-use categories leave repeatable metagenomic signatures that can be detected
across broad geographic regions. Geographic provenance also remained strong within
habitat-stratified subsets. Across North American agricultural, grassland, and forest
soils, varKodes achieved 100.0% correct classification, precision, and recall (Extended
Data Fig. 3); across Asian agricultural, artificial-surface, and forest soils, varKodes also
achieved 100.0% correct classification, precision, and recall (Extended Data Fig. 3).
These results indicate that varKodes are not merely detecting coarse environmental
contrasts such as forest versus grassland. Instead, these metagenomic mosaics retain
discrete information about both habitat type and geographic origin.

Prediction accuracy depended on reference sampling density. Correctly classified North
American soil samples were concentrated in densely sampled areas, whereas errors or
lower accuracies were more common in sparsely sampled regions (Extended Data Fig.
4). Kernel density estimation (KDE) based sampling density differed significantly
between correct and incorrect predictions (Wilcoxon p < 0.001), and logistic regression
showed a positive relationship between local sampling density and the probability of
correct classification (B = 0.005, p < 0.001). Thus, geo-nomic performance is not only a
property of the classifier, but also of the reference samples used to train it (Fig. 4E).
Dense, geographically representative sampling will be essential for extending varKode-
based provenance inference to finer spatial scales and more heterogeneous regions.

Lastly, human-associated microbiomes showed parallel provenance patterns. Facial
skin metagenomes from the U.S. and China were classified by country of origin with
near-perfect accuracy (>99% correct, >99% precision, >99% recall; Extended Data Fig.
5A). Because these data were drawn from distinct sampling and sequencing efforts,
country-level differences may reflect both biological geography and study-specific
technical effects. Nevertheless, the convergence between soil and skin analyses
suggests that metagenomic mosaics encode reproducible place-based signals across
both environmental and host-associated contexts.
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One varKode, many states: disease classification from stool metagenomes

Finally, we tested whether varKodes could classify biological state (here, disease
versus non-diseased samples), using inflammatory bowel disease (IBD) as a proof-of-
concept clinical application'®2'. IBD encompasses chronic inflammatory disorders of
the gastrointestinal tract, including Crohn’s disease (CD) and ulcerative colitis (UC),
which are often treated as related but distinct disease categories. IBD is associated with
shifts in gut microbial community structure, and stool metagenomic profiles have
previously been explored as a noninvasive biomarker of disease status and proxy for
diagnosis?'-23.

Publicly-available stool metagenomes from the U.S. and Netherlands were first
assigned to their country of origin with near-perfect performance (>99% correct, >99%
precision, >99% recall; Extended Data Fig. 5B), indicating strong cohort- and spatially
structured signals in gut microbial communities. Even when samples were pooled
across countries and independently generated studies, varKodes distinguished healthy
controls from IBD with approximately 82% correct classification (78% precision, 77%
recall; Fig. 5A-B). It further differentiated Crohn’s disease (CD) from ulcerative colitis
(UC) with approximately 76% correct classification (76% precision, 76% recall; Fig. 5C),
a clinically challenging differentiation to perform using standard diagnostic workflows?*.
Country-specific models produced similar results, indicating that pooling across did not
materially reduce disease-classification performance (Supplementary Data 2). For
healthy versus IBD classification, varKodes achieved an AUC of 0.90 (Supplementary
Data 2), placing our approach within the range of recent microbiome-based IBD
classifiers while requiring no targeted panel design or species-abundance profiling
(Table 1).

These results should be interpreted as a proof of concept only, not as a substitute for
proper clinical diagnosis, which depends on clinical features, laboratory markers,
endoscopy, histology, and imaging. Because the U.S. and Netherlands cohorts were
generated separately, country-level signals may also include unaccounted for technical
variation (see Methods). Nevertheless, the ability to classify disease state from the
same image-based genomic representation used for identity and provenance shows
that the same varKode framework can be used to identify different kinds of biological
information.

Conclusions

Our results demonstrate that sparse genomic data support inference well beyond
conventional taxonomic assignment (Fig. 1). Across recently diverged breeds and
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cultivars, spatially structured skin and soil metagenomes, and disease-associated stool
microbiomes, varKodes recovered biologically meaningful signals using a single
alignment-free framework inferred especially from low-coverage composite genomic
signatures. The central implication is that DNA barcoding need not be defined by a
small set of standardized loci®. Instead, barcodes can be broadly reconceived as
retrainable genome-wide signatures that support supervised inference of identity, place,
and state.

This shift is both conceptual and practical. Conceptually, varKodes expand barcoding
from species identification to a more general framework for genomic discrimination.
Practically, they point toward a transition from low-information marker workflows to
shallow genomic sequencing coupled with computationally lightweight image
generation, flexible reference libraries, and machine-learning classification. Across
these expanded applications, varKode’s practical advantage is that they can use
shallow sequencing data without assembly, alignment, taxonomic profiling, or custom
diagnostic panels. This reduces laboratory and computational overhead relative to
workflows that depend on high-coverage genomes, predefined loci, or application-
specific reference data. Such a transition could unify applications across biodiversity
science, agriculture, conservation, food and medicine authentication, biosecurity,
ecological monitoring, forensic geolocation, and noninvasive clinical screening. Because
host-associated metagenomic profiles can encode individual-level information, future
forensic or clinical applications should seek appropriate consent, privacy protection, and
governance. Although individual-level data in this study were de-identifed, future
forensic or clinical applications will require clear ethical guidance, appropriate data
safeguards, and transparent consent processes.

At present, varKodes are best understood as reference-trained genomic signatures.
Their predictions are strongest when labels are represented by dense, well-curated
reference data; novel, undersampled, or biologically complex categories may yield
ambiguous, inconclusive, or discordant predictions. This limitation also suggests a clear
path forward: as reference datasets become larger, better curated, and more
geographically representative, the accuracy and scope of varKode-based inference will
improve. In this sense, varKodes are not simply an extension of DNA barcoding, but a
blueprint for what barcoding can become in the era of shallow genomics and scalable
machine learning.

Materials and Methods
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Dataset selection and labeling

Samples from our five publicly available datasets were retained only when raw reads
and well-defined metadata labels were available. Labels included breed, cultivar, host
individual, body site, country, geographic region, habitat type, and diagnosis. Complete
details for all datasets, including genomic coverage for each sample, are provided in
Supplementary Data 1. Representative comparator studies, reported accuracies, and
practical trade-offs for each dataset were summarized in Table 1 to better place
varKode performance in context.

The dog dataset comprised 245 genome samples from Parker et al.?%, here
representing 17 breeds: Tibetan Mastiff, Portuguese Water Dog, Yorkshire Terrier,
Norwich Terrier, Soft-Coated Wheaten Terrier, Border Terrier, German Shepherd Dog,
Golden Retriever, English Cocker Spaniel, Belgian Tervuren, Belgian Sheepdog, Border
Collie, Bearded Collie, Rottweiler, Bernese Mountain Dog, and Bull Terrier, and Grey
Wolf as the outgroup. These breeds were selected to span the dog-breed phylogeny
inferred by Parker et al.?®> and to include both recently established breeds and older
lineages. The grape dataset comprised 84 genome-skim samples representing nine
Vitis vinifera cultivars: Zinfandel, Thompson Seedless, Riesling, Red Globe,
Chardonnay, Pinot Noir, Italia, Cabernet Sauvignon, and Muscat of Hamburg. Cultivar
sampling was guided by the phylogenetic framework of Zhou et al.?® and included both
historically established cultivars, such as Riesling and Pinot Noir, and more recent
derivatives or breeding lines, including Cabernet Sauvignon, Muscat of Hamburg, ltalia,
and Red Globe. For both the dog and grape datasets, we retained only labels
represented by four or more samples, allowing breed- and cultivar-level models to be
evaluated with minimal within-label replication.

The soil metagenome dataset included a subset of 2,111 samples from Ma et al.’®. We
initially considered the global dataset and then focused subsequent analyses on North
America and Asia because these regions had the highest sampling density. Soll
samples were labeled at multiple spatial scales. Geographic provenance was treated as
a categorical classification task rather than as prediction of exact latitude and longitude.
Accuracy therefore reflects assignment to the correct geographic label used in a given
analysis, (e.g., continent, province, North American region, or U.S. state). North
American samples were assigned to U.S. states and broader geographic regions,
whereas Asian samples were assigned to regional or province-level labels, depending
on the analysis. Samples were also labeled by habitat type using eight land-use
categories: agricultural land, artificial surfaces, bare land, forest, grassland, shrubland,
tundra, and wetland. For habitat-stratified geographic analyses, we retained the best-
represented habitat classes within each continent and trained geographic classifiers
separately within those subsets. Broad geographic-region labels were assigned using
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the World Geographical Scheme for Recording Plant Distributions?’, whereas U.S. state
and province labels were taken directly from sample metadata.

The human skin microbiome dataset comprised shotgun metagenomic samples from
Oh et al." and Li et al.?8. Oh et al.' sampled multiple anatomical skin sites from
individuals in the U.S., enabling tests of whether a held-out skin sample could be
assigned to the correct host individual despite being collected from a distinct body
location. Our host-identity analysis used 352 Oh et al. samples from 12 individuals. For
the body-site analysis, anatomical sites from Oh et al.’* were collapsed into three
broader categories based on their sample metadata; these assignments are provided in
Supplementary Data 1. This body-site dataset included 226 samples. Li et al.?® was
used only for the country-of-origin comparison because that dataset consisted of facial
skin microbiomes from. To make the country-level comparison as comparable as
possible, we compared facial skin metagenomes from Li et al. (China; n = 30) with facial
skin metagenomes from Oh et al. (U.S.; n = 30). Thus, our host-identity and body-site
analyses used the Oh et al. dataset, whereas the country-level skin analysis used facial
samples from both Oh et al. and Li et al.

The stool microbiome dataset comprised 218 shotgun metagenomes from Franzosa et
al.’, including healthy controls and inflammatory bowel disease samples from cohorts
in the U.S. and the Netherlands. These samples were used to evaluate both country-of-
origin classification and disease-state classification, including healthy versus
inflammatory bowel disease and Crohn’s disease versus ulcerative colitis.

Sample sizes per label were not standardized; instead, all publicly available samples
with usable reads and relevant metadata were retained. This preserves the natural
imbalance typical of public genomic repositories but may contribute to uneven prediction
performance across labels. For this reason, we report both macro-averaged metrics,
which emphasize label-balanced performance, and support-weighted metrics, which
reflect performance under the observed sample distribution. Because some datasets
were assembled from separate studies, certain comparisons, particularly country-of-
origin analyses in skin and stool microbiomes, may also reflect study-specific technical
variation. This study reanalyzed previously published, publicly available human-
associated metagenomic datasets and generated no new human-participant data
(Supplementary Data 1).

varKode generation and model training

Raw sequencing reads were downloaded for all samples and processed with modest
quality filtering prior to varKode generation. To accommodate variation in sequencing
depth across samples, reads were randomly subsampled to fixed total base-pair

allotments before image generation. Image representations were produced using the



463
464
465

466
467
468
469
470
471
472

473
474

475
476
477
478
479
480

481
482
483
484
485
486
487
488
489
490
491
492
493

494
495
496
497
498
499

Flynn et al. 13

ranked-frequency chaos game representation (fCGR) implemented in varKoder
v1.5.0°. For each sample, varKodes were generated from randomly subsampled read
sets spanning 500 kbp to the full available sequence length.

Models were trained using the default varKoder pipeline in two stages. First, single-label
classifiers were trained for 20 epochs using the most specific available label for each
sample, with a base learning rate of 0.05. Second, pretrained weights were used to
initialize multi-label models trained for an additional 10 epochs with an asymmetric loss
function and a reduced learning rate of 0.005. All analyses used the default vision
transformer architecture pretrained on the all-SRA dataset of Asprino et al.?%, together
with lighting transforms and MixUp augmentation.

Validation schemes and classification tasks

For the dog, grape, skin, and stool datasets, we evaluated performance using leave-
one-out cross-validation, in which each sample was held out in turn and predicted from
a model trained on all remaining samples. This design was chosen because these
datasets were relatively small and label-rich. For the soil metagenome dataset, which
contained more than 2,000 samples, we used a random 80/20 train-test split to reduce
computational burden while preserving geographic representation.

Separate classification models were trained for each prediction task using the relevant
labels and sample subsets. For the genome-derived datasets, models predicted dog
breed identity or grape cultivar identity. For skin microbiomes, models predicted host
individual identity, body-site category, and country of origin. The host-identity analysis
should be interpreted as assigning a held-out body-site sample to an individual already
represented by other skin samples in the reference set, rather than identifying a
completely unsampled individual. For stool microbiomes, models predicted country of
origin and disease status, including healthy versus inflammatory bowel disease and
Crohn’s disease versus ulcerative colitis. For stool disease classification, we evaluated
both pooled models across the U.S. and Netherlands cohorts and country-specific
models trained within each cohort. For soil metagenomes, separate models predicted
geographic provenance at multiple spatial scales, habitat type alone, and geographic
labels within habitat-stratified subsets.

Prediction scoring and performance summaries

Predictions from multi-label models were evaluated using a fixed confidence threshold
of 0.70, following de Medeiros et al.°. A prediction was scored as correct when only the
true label exceeded the threshold, incorrect when one or more labels exceeded the
threshold but none matched the true label, ambiguous when both true and false labels
exceeded the threshold, and inconclusive when no label exceeded the threshold. This
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scoring framework enabled consistent comparison across label types, including
taxonomic and individual identity, geographic provenance, habitat type, and disease
state. Unless otherwise stated, accuracies reported in the Results and Discussion
reflect performance at the largest number of base pairs available per sample.

To address class imbalance and provide standard classifier-performance summaries,
we calculated correct classification, precision, recall, F1, and area under the curve
(AUC) for each classification task. Correct classification was defined as the proportion
of samples scored as correct under the threshold-based prediction framework described
above. Precision measures the proportion of predicted positives that were correct, recall
measures the proportion of true positives that were recovered, F1 is the harmonic mean
of precision and recall, and AUC summarizes how well the model separates samples
that belong to a given label from samples that do not, based on raw prediction scores.
For multiclass analyses, these metrics were first calculated separately for each label in
a one-versus-rest framework. For a given label, true positives were samples for which
that label was both present in the true label set and predicted label set; false positives
were samples for which that label was predicted but not present in the true label set;
and false negatives were samples for which that label was present in the true label set
but not predicted. Per-label precision was calculated as TP/(TP + FP), per-label recall
as TP/(TP + FN), and per-label F1 as 2 x precision x recall / (precision + recall). Label
support was defined as the number of true samples for that label, equivalent to TP +
FN.

We report label-averaged, or macro-averaged, precision and recall in the main text
because these summaries were calculated as the unweighted mean of the per-label
values, giving each label equal influence regardless of sample size. We also calculated
support-weighted label averages, in which each per-label metric was weighted by that
label’s support before averaging across labels. These support-weighted summaries
therefore reflect performance under the observed sample distribution, with more heavily
sampled labels contributing more to the final value. AUC was calculated separately for
each label using one-versus-rest binary truth values and the corresponding raw
prediction score, then summarized using the same macro-averaged and support-
weighted approaches. Full per-label metrics, macro-averaged summaries, support-
weighted summaries, F1 values, AUC values, and exact-match accuracies are reported
in Supplementary Data 2. Exact-match accuracy was recorded as the proportion of
samples for which the normalized predicted label set exactly matched the normalized
true label set. All downstream analyses and visualizations were performed in R.

Dog breed-age and genome-coverage analyses
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Estimated dog-breed origination dates were compiled from published genetic studies
and breed-history references®3°-34. For each breed, we recorded the approximate date
of breed formation, historical recognition, or earliest well-supported breed description
reported in these sources. When sources differed or provided approximate historical
ranges, we used a conservative consensus estimate based on agreement across
references. These dates were used both to visualize breed origins on the dated dog-
breed cladogram in Fig. 2Aii and to test whether breed age explained variation in
varKode prediction accuracy. Breed age was expressed in centuries and modeled as a
continuous predictor using binomial logistic regression. Wolves were excluded from this
analysis because they represent an outgroup rather than a domesticated dog breed. We
analyzed both decisive predictions only, scored as correct versus incorrect, and a
conservative formulation in which ambiguous and inconclusive predictions were treated
as failures. Rank-based associations between breed age and prediction accuracy were
additionally assessed using Spearman correlation.

To test whether prediction accuracy was explained by sequencing depth, we joined dog
prediction results to estimated genome coverage values reported in Supplementary
Data 1. Estimated coverage for dog samples was calculated relative to the CanFam3.1
reference genome (RefSeq accession GCF_000002285.3). For comparison across
genome-derived datasets, estimated coverage for grape samples was calculated
relative to the Vitis vinifera reference genome (GenBank accession
GCA_030704535.1). Correct breed assignment at the largest query size was modeled
as a binary response using binomial logistic regression, with estimated genome
coverage as a continuous predictor. Predictions categorized as ambiguous,
inconclusive, or incorrect were treated as not correct. We also summarized estimated
genome coverage across prediction-outcome categories to evaluate whether failed
predictions were concentrated among lower-coverage samples.

Sampling density and spatial accuracy in soil metagenomes

To test whether geographic prediction accuracy was associated with local sampling
density, we estimated KDE from sample coordinates using kde2d in MASS on a 300 x
300 grid. KDE values were interpolated at each sample location and used as estimates
of local reference density.

We compared KDE values between correctly and incorrectly classified samples using a
Wilcoxon rank-sum test and modeled prediction correctness as a function of local
density using binomial logistic regression. For visualization, KDE values were binned
into 50 equal-width intervals and plotted against the proportion of correct classifications.
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A North American map was generated with KDE density shown as a raster background
and prediction outcomes overlaid as points.
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Tables
Dataset Reference No. Benchmark Method Reported How
sample task benchmark varKoder
s compares
Dog Parker et 414 Breed Microsat 99% correct Lower:
al.® dogs; 85 identification ellite breed 79.6%, but
breeds genotypi assignment marker-free
ng and
alignment-
free
Grape Cabezas et 1,200 Cultivar 48-SNP 100% Lower:
al.®® accessio identification marker accession 82%, but no
ns panel discriminatio diagnostic
n SNP panel
Grape Laucou et 783 Cultivar Vitis18K 100% Lower:
al.® unique identification SNP identification 82%, but no
genotyp array using 14 selected
es SNPs SNP
markers
Skin- Woerner et 51 Individual Targete 78.0-83.7% Similar:
individual al.’® individua identification d skin individual ~75%,
Is microbio identification without
me targeted
markers capture
Skin- Franzosa 120 Same- Shotgun ~30% skin Higher:
individual etal.”® HMP person skin metagen matching ~75%;
subjects matching omic over 30-300 validation
codes days differs
Skin- Knights et 268 Skin-site Random 66% Higher:
body site al.>® train; classificatio Forest accuracy 93%;
133 test n on 16S across 12 broader site
OTUs skin sites categories
Soil Zhang et 237 soil Soil XGBoos 86% soil- Similar:
al.¥’ samples geolocation ton site 81.9—
microbia accuracy 94.4%,
I without
abundan abundance
ces tables
Soil Bhattachar 4,305 Microbial ML on 85-89% Similar:
ya et al.%® metagen geolocation taxonom city; 90— 81.9—
omes ic 94% 94.4%,
profiles continental without
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taxonomic
profiling
Stool Zheng et 5,979 IBD 18- AUC 0.91 Similar:
al.?! fecal classificatio species discovery; AUC 0.90,
metagen n m- 0.81 without
omes ddPCR validation targeted
panel panel
design
Stool Suetal® 2,320 Multi- Random AUROC Similar:
train/test disease Forest 0.90-0.99 AUC 0.90,
;1,597 stool on test; 0.69— without
validatio classificatio species 0.91 species
n n profiles validation profiling

697
698
699
700
701
702
703
704
705
706
707
708

Table 1. Benchmark studies used to contextualize varKoder performance across
datasets.

Representative studies that report broadly comparable identification, skin-site
classification, geolocation, or biological-state classification results. Because datasets,
methods, and performance metrics vary across studies, these comparisons are
intended as context rather than direct one-to-one benchmarks. The final column
summarizes whether varKode performance was lower than, similar to, or higher than
the reported benchmark range, while highlighting key methodological trade-offs where
relevant.

Figures
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Figure 1. varKodes as an expansion of traditional DNA barcoding.

Sequence data from diverse organisms and sample types are transformed into image-
based genomic signatures (varKodes), as illustrated in the peripheral insets. The central
Swiss army knife represents the flexibility of varKode for multiple forms of inference.
These applications fall into three broad categories: Identity (e.g., taxonomy, breeding,
agricultural monitoring, and hybridization), Place (e.g., soil provenance, forensics,
wildlife trafficking, geolocation, and biosecurity), and State (e.g., ecological monitoring,
phenology, conservation, and medical diagnostics). The figure highlights how varKode
expands barcoding beyond conventional taxonomic assignment to support fine-scale
genomic inference across diverse use cases.
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Figure 2. Prediction accuracy of dog and grape genomic identity across
classification levels. (A) Dog classifications: (Ai) prediction outcomes by breed across
increasing query image size; and (Aii) breed-level prediction outcomes displayed
alongside a dated dog-breed cladogram modified from Parker et al.?5. In Aii, terminal
branches extend to the present, and open circles indicate estimated breed origination
dates on a broken time scale, with the 1700-1910 interval expanded to show recent
breed formation. (B) Grape classifications: (Bi) prediction outcomes by cultivar across
increasing query image size; and (Bii) cultivar-level prediction outcomes displayed
alongside a varietal cladogram modified from Zhou et al.?®. Percentages in Ai and Bi
indicate the proportion of correct predictions at the largest query size. Predictions are
categorized as correct (green), ambiguous (purple), inconclusive (orange), or incorrect
(yellow).
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Figure 3. Prediction accuracy of human skin microbiomes for individual host
identity and body site. (A) Continuous stacked area plot showing prediction outcomes
for skin microbiome samples from Oh et al.'* classified by host individual across
increasing query image size. (B) Prediction outcomes summarized for each individual
host. (C) Continuous stacked area plot showing prediction outcomes for the same skin
microbiome samples classified by body site across increasing query image size. (D)
Prediction outcomes summarized for each body site. In all panels, predictions are
categorized as correct (green), ambiguous (purple), inconclusive (orange), or incorrect
(yellow).
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747  Figure 4. Prediction accuracy of soil metagenome geographic origin across

748  spatial scales. Continuous stacked bar plots (A-D) illustrate the fraction of samples
749  predicted at four geographic levels: (A) global, (B) regional — Asia, (C) regional — North
750 America, and (D) state-level within North America. Samples are ordered from left to
751  right by increasing total base pairs of query images. Percent accuracy displayed in each
752  panel reflects the proportion of correct predictions at the largest query size for that

753  sample. (E) Map of North America displaying prediction outcomes by state. In all

754  panels, predictions are categorized as correct, ambiguous, inconclusive, or incorrect,
755  and consistently color-coded: green (correct), purple (ambiguous), orange

756  (inconclusive), and yellow (incorrect). A is modified from de Medeiros et al.® to include
757  comparable global-level data and reflects the largest query size available from that
758  analysis, 10 Mbp; panels B-D extend to 100 Mbp.
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Diagnosis
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Figure 5. Case study of stool metagenome classification for inflammatory bowel
disease. (A) Continuous stacked area plot showing prediction outcomes for stool
metagenome samples from Franzosa et al.'® classified by diagnosis across increasing
query image size. The percentage shown indicates the proportion of correct predictions
at the largest query size. (B) Prediction outcomes summarized for control versus
inflammatory bowel disease (IBD) samples. (C) Prediction outcomes summarized for
ulcerative colitis (UC) versus Crohn’s disease (CD). In all panels, predictions are
categorized as correct (green), ambiguous (purple), inconclusive (orange), or incorrect
(yellow).
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Analysis Test Predictor  Estimate P-value Interpretation
or statistic
Breed Binomial logistic Age effect | B =0.217; OR | 0.246 No clear age
age regression, decisive =1.24; 95% effect
predictions only Cl =0.86—
1.80
Breed Binomial logistic Age effect | B =0.270 0.111 Weak,
age regression, unsupported
ambiguous/inconclusi age trend
ve as failures
Breed Spearman rank p 0.037 0.891 No age
age correlation association
Genome | Binomial logistic Estimated | 3 =-0.0238; |0.091 No positive
coverage | regression, 200-Mbp | coverage OR =0.98; coverage effect
query size effect 95% ClI = detected
0.95-1.00

Extended Data Table 1. Summary of breed-age and genome-coverage analyses
for dog breed prediction accuracy. Breed-age analyses were restricted to dogs only,
with wolves excluded, and included binomial logistic regression models and a
Spearman rank correlation. Genome coverage was tested using estimated sequencing
coverage from Supplementary Data 1 as a predictor of correct breed assignment at the
largest query size. Across analyses, neither historical breed age nor estimated genome
coverage significantly explained variation in varKode classification accuracy.
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Extended Data Fig. 1. Regional prediction outcomes for soil metagenomes from
Asia and North America. (A) Stacked bar plot showing prediction outcomes for Asian
provinces, with bars ordered alphabetically. (B) Stacked bar plot showing prediction
outcomes for North American regions, with bars ordered alphabetically. Counts
represent predictions aggregated across all query sizes. Predictions are categorized as
correct, ambiguous, inconclusive, or incorrect. Colors indicate prediction outcome:
green, correct; purple, ambiguous; orange, inconclusive; yellow, incorrect.
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Extended Data Fig. 2. Prediction accuracy for soil metagenome samples from
North America and Asia, labeled by land-use type. (A) Overall prediction accuracy
across all North American samples. Samples are ordered from left to right by increasing
total base pairs of query images. (B) Prediction accuracy for North American samples
separated by land-use type. (C) Overall prediction accuracy across all Asian samples.
Samples are ordered from left to right by increasing total base pairs of query images.
(D) Prediction accuracy for Asian samples separated by land-use type. Predictions are
categorized as correct, ambiguous, inconclusive, or incorrect. Colors indicate prediction
outcome: green, correct; purple, ambiguous; orange, inconclusive; yellow, incorrect.
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Extended Data Fig. 3. Prediction accuracy for a subset of soil metagenome
samples, grouped by land type and continent. Continuous stacked bar plots show
prediction outcomes for individual samples from: (A) Agricultural — North America, (B)
Grassland — North America, (C) Forest — North America, (D) Agricultural — Asia, (E)
Artificial — Asia, and (F) Forest — Asia. In all plots, samples are ordered from left to right
by increasing total base pairs of query images. Predictions are categorized as correct
(green), ambiguous (purple), inconclusive (orange), or incorrect (yellow). Percent
accuracy displayed in each panel reflects the proportion of correct predictions at the
largest query size for that sample. North American samples are labeled at the U.S. state
level, while Asian samples use regional labeling.
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Extended Data Fig. 4. Sampling density and prediction accuracy for state-level
soil metagenomes across North America. Kernel density estimation heatmap shows
sampling density, with background color ranging from yellow (low density) to dark purple
(high density). Prediction outcomes are overlaid: green dots indicate correct predictions,
red dots indicate incorrect predictions, and grey dots indicate samples with no prediction
available (NA). Wilcoxon p = 2.2 x 1078,
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Extended Data Fig. 5. Geographic classification of host-associated metagenomes.
(A) Prediction outcomes for human skin metagenome samples classified by country of
origin, comparing samples from the United States and China. (B) Prediction outcomes
for stool metagenome samples classified by country of origin, comparing samples from
the United States and the Netherlands. In both panels, predictions are categorized as
correct (green), ambiguous (purple), inconclusive (orange), or incorrect (yellow).

Supplementary Data

Supplementary Data 1. Standardized sample metadata, analysis labels, and
sequence-depth summaries for all varKoder analyses.

This dataset provides standardized sample-level metadata for the five classification
datasets analyzed in this study: domestic dog genomes, Vitis vinifera genome skims,
human skin metagenomes, soil metagenomes, and human stool metagenomes. For the
genome-derived datasets, the table includes accession metadata, taxon labels used for
classification, run-level sequence-depth metrics, reference genome size, and estimated
sequencing coverage. For the metagenomic datasets, the table includes accession
metadata, metagenome labels used for classification, and SRA-derived sequence-depth
metrics such as total bases, spots or reads, average read length, and file size. Genome
coverage was not calculated for metagenomic datasets because no single reference
genome applies. Redundant source-specific metadata fields were consolidated into
harmonized columns to make sample inclusion, label construction, and coverage or
sequencing-depth variation transparent across analyses.

Supplementary Data 2. varKoder performance summaries across classification
tasks.

This dataset summarizes varKoder classification performance for all analyses included
in the study. The Analyses sheet defines each task, the By _Query_Size sheet reports
aggregate performance across query sizes or sequence-depth thresholds, the
Per_Label sheet reports class-specific performance, and the Column_Guide sheet
provides definitions for each metric. Performance is reported using exact-match
accuracy, precision, recall, F1 score, and AUC where applicable. Macro-averaged
metrics were calculated as the unweighted mean of per-label one-versus-rest metrics
and therefore treat all labels equally. Support-weighted metrics were calculated by
weighting each per-label metric by the number of true samples for that label and
therefore reflect performance under the observed sample distribution. Reporting both
summaries makes it possible to distinguish label-balanced performance from
performance shaped by uneven sampling, particularly in analyses such as dog breed
classification, soil geographic classification, and soil habitat classification.
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