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Abstract 028
The field of ancient metagenomics provides insights into past microbiomes, but 029
with a growing dataset size, methods that rely on reference databases have lim- 030
ited scope. Here, we introduce DIANA, a multi-task neural network that predicts 031
key metadata categories from unitig abundances. Trained on 2,597 run accessions 032
(1.72 Tbp of assembled unitig sequences), DIANA accurately identifies sample 033
host (94.6%), community type (90.0%), and material (88.9%) on held-out test 034
data and demonstrates robust generalisation on an independent validation set. 035
A key innovation is DIANA’s ability to perform semantic generalisation, cor- 036
rectly classifying samples with labels unseen during training — such as novel 037

subspecies — to their appropriate parent categories. By leveraging both known

and uncharacterized genomic sequences, DIANA provides a rapid, data-driven 038
system for metadata validation and quality control, accelerating discovery in 039
ancient metagenomics research. 040
041
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047 1 Introduction

048
049 Ancient metagenomics datasets are growing rapidly, with the AncientMetagenomeDir

050 (v25.12.0) [1] now listing 2,980 host-associated and 28 environmental libraries from
051 216 publications, totalling 6.6 TB of raw data. Despite this wealth of publicly avail-
052 able information, much of it remains underutilised in standard ancient DNA (aDNA)
053 Processing pipelines. Traditional reference-based methods—such as read mapping,
054 microbial source tracking, and taxonomic profiling—are computationally prohibitive
055 at this scale and susceptible to reference bias [1-4]. Additionally, these approaches
056 often require time-consuming downloads and local storage of raw data.

057 Rapid, accurate characterisation of aDNA requires connecting genomic sequences
058 to reliable metadata for each ancient sample. Ideally, researchers could instantly com-
059 Dpare new samples with curated datasets (such as AncientMetagenomeDir) to uncover
060 metadata errors, sample mix-ups, contamination, or low-quality data—streamlining
061 downstream analyses.

062 Directly comparing a new sample to the full 6.6 TB of AncientMetagenomeDir
063 data was nearly impossible until recently. Prior efforts aggregated k-mer' counts across
064 collections [5-7], generating massive and redundant k-mer matrices. These matrices
065 are not only computationally expensive to produce and store, but also suffer from the
066 “‘curse of dimensionality” [8] (p > n). Tools like decOM [9] are ultimately limited by
067 the bottleneck of k-mer matrix construction [5-7, 10].

068 Logan has transformed this landscape by making unitig sequences publicly avail-
069 able for every Sequence Read Archive (SRA) run accession [11]. Unitigs offer a compact
o070 and exhaustive alternative to raw data, enabling efficient exploration of genomic
071 diversity at scale [12-14]. Constructed via de Bruijn Graph (dBG) assembly, unit-
072 igs are the result of collapsing overlapping k-mers into single, non-branching paths
073 in the de Bruijn graph (see Figure 1) [15-17]. Tools like MUSET [18] now build
074 matrices tracking unitig presence across thousands of samples. We further advance
075 this by constructing abundance unitig matrices that transform complex genomic data
076 into machine-learning-ready arrays. By integrating these with curated metadata from
077 AncientMetagenomeDir, we can directly link metagenomic content to sample traits.
078 On the other hand, recent advances in Deep Learning (DL) have targeted var-
079 ious aDNA tasks, including sample authentication using physicochemical features
080 [19], summary statistics such as GC-content [20], improved variant calling [21], and
081 imputation of genotype probabilities to perform identity-by-descent detection [22].
082 Some methods directly analyse genomic sequences with CNNs for identification of
083 introgressed fragments or to predict DNA methylation patterns [22, 23].

084 Despite this progress, no current method can scalably compare a new
085 sample against the full AncientMetagenomeDir dataset. State-of-the-art profil-
086 ers—KrakenUniq, MetaPhlan, HOPS, aMeta, and other source tracking tools—require
087 thousands of CPU-hours and terabytes of storage just to begin [24-29]. Scalable aDNA
088 characterisation using unitig abundance profiles remains an open challenge.

089 In this work, we introduce DIANA, an Deep Learning framework for predict-
090 ing sample metadata from unitig-based metagenomic profiles. For the first time,
091

092 lsubstring of a genomic sequence of length k
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Fig. 1: Conceptual illustration of unitig derivation. A DNA sequence (dark blue) 109
is decomposed into its constituent k-mers (here, k=3 in lighter blue), which form 110
the nodes of a de Bruijn graph. A unitig is defined as a maximal non-branching 11
path in this graph. The paths highlighted in red, orange, green and yellow are two 112
such unitigs, formed by compacting linear chains of k-mers. Critically, nodes that 113
represent branching points, such as “ACG” (green) and “AGC” (pink), are themselves 114
considered maximal non-branching paths of length one and are therefore also unitigs 115

in this set. 116
117
118
DIANA enables researchers to comprehensively compare any query metagenomic sam- 119

ple—including ancient samples—against the complete corpus of publicly available 120
data in Logan, enriched with curated metadata from the AncientMetagenomeDir. This 121
approach not only accelerates the assessment of metadata consistency and integrity =~ 122
but also flags quality-control issues (such as contamination or sample mix-ups) and 123
characterises samples with incomplete records, paving the way for more reliable and 124

scalable ancient metagenomic analyses. 125
126
127
2 Results 198
Figure 2 illustrates the DIANA workflow: a multi-task deep learning model trained on 129
2,597 metagenomic run accessions from AncientMetagenomeDir and Logan, represent- 130

ing each sample as a 107,480-dimensional unitig abundance vector to simultaneously 131
predict Sample Type, Community Type, Sample Host, and Material. We evaluated 132
DIANA on a held-out test set (461 samples) and an independent external valida- 133
tion set (987 samples, including unseen labels). The model achieved high accuracy 134
across all four classification tasks using unitig abundance; that is, the input features 135
of the model were the unitig abundances, evaluated on a training set, a test set, and 136

a validation set of distinct run accessions (samples). See Figure 2. 137
138
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170 Fig. 2: Overview of the DIANA workflow. (a) Model training: Unitig files from sam-
171 ples (run accessions) in aMetagenomeDir and Logan are used to construct a unitig
172 abundance matrix (3,058 samples x 107,480 features), which is partitioned into train-
173 ing (n=2,597) and test (n=461) sets for multi-task neural network training. ((b)
174 Inference pipeline for new samples: Two reference files derived from the training
175 matrix are required: the pre-extracted k-mers (reference kmers.fasta; 18.9 million
176 sequences and the unitig sequences (unitigs.fa; 107,480 sequences). Raw sequenc-
177 ing reads (FASTQ) from a new sample are queried against reference kmers.fasta
178 using back_to_sequences to count how many reference k-mers are present (minimum
179 abundance of 2 to suppress sequencing errors). kmat_tools then uses unitigs.fa
180 to map those per-k-mer counts to their parent unitigs and computes the fractional
181 abundance following Equation 1, yielding a 107,480-dimensional feature vector. This
182 vector is fed into the trained DIANA model to predict Sample Type, Community

183 Type, Sample Host, and Material.
184
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2.1 Robust performance on held-out test data 185
On the test set, DIANA achieved 99.6% accuracy for Sample Type, 90.0% for 12(73
Community Type, 94.6% for Sample Host, and 88.9% for Material (Table 1). 188

. . . . 189
2.2 Robust generalisation to an external validation set 190

On the external validation set, DIANA achieved 87.9% accuracy for distinguishing 191
ancient from modern samples, 72.3% for Community Type, 81.5% for Sample Host, 192
and 66.5% for Material. Detailed per-class results are provided in Supplementary 193

Tables 2 and 4. 194

Errors in DIANA were concentrated on a few BioProjects and fall into three cat- 195
egories: (i) absent training labels (e.g. birch pitch, intestine), (ii) label granularity 196
where the true label is a subtype of a training class (e.g. lake/marine sediment pre- 197

dicted as sediment, subspecies predicted at genus level), and (iii) genuine confusion 198
between biologically similar classes previously seen (e.g. tooth predicted as dental 199

calculus, oral predicted as skeletal tissue; see Supplementary Table 9). 200
201
2.3 DIANA learns from biologically informative features 202
203

We annotated all 107,480 unitig features using NCBI BLAST. Of these, 77.1% had 204
high-quality BLAST hits (mean sequence identity 98.1%, mean query coverage 98.3%; 205
Supplementary Table 5). The remaining 22.9% (24, 627 unitigs) lacked NCBI hits, but 9
99.9% (24,596) matched at least one SRA run in the Logan database with a mean  9¢;
query coverage of 99.7%, mainly from human oral metagenomes and genomic studies 208
(Supplementary Figures 8 and 9). Thus, nearly all DIANA input features correspond 209

to genuine biological sequences. 210

Additionally, the top-ranked classification features, characterised by taxonomic 911
annotation, are shown in Supplementary Figure 7. These sequences vary system- 979
atically across sample types. As expected, many of those sequences correspond to 213
bacterial hits. 214

Mapping 39 common Illumina adapter sequences against all 107,480 unitigs using 915
Bowtie 2 (v2.4.5) yielded no valid alignments, confirming that the feature set is free 914

of adapter contamination. 217
) ) 218

2.4 Efficient computational performance 219
220

DIANA demonstrates fast prediction times. On the validation set (987 samples), run-

time shows a moderate positive correlation with input FASTQ file size (R? = 0.54; 221
Supplementary Figure 1), averaging approximately 1.8 minutes per GB of input data 222

223
(Table 2).

224
2.5 Data Availability: Unitig signature and BLAST annotations ;gg
To facilitate reproducibility and enable future research, we publicly release all 107,480 297
unitig sequences used as features in DIANA | along with comprehensive BLAST anno- 9228
tations against the NCBI nucleotide database (nt) (data deposited on Zenodo under 229
DOI: https://zenodo.org/records/18496961) 230
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231 Table 1: Final model performance across the Training set, the held-out Test set,
232 and the external Validation set. Balanced Accuracy and F1 Score are macro-averaged
;gi (unweighted mean across classes), giving equal weight to each class regardless of fre-

uency.

935 L0
236 Task Dataset Acc (%)  Bal Acc (%)  F1 Score (%)
237 Sample Type (ancient/modern) Training 96.4 96.7 96.7
238 Test 99.6 98.5 98.5
239 Validation 87.9 75.2 73.9
240 Community Type (6 types) Training 96.0 97.9 96.1
241 Test 90.0 96.4 90.9
242 Validation 72.3 71.9 60.2
;ii Sample Host (12 species) Training 97.7 99.2 97.9
Test 94.6 92.7 91.8
332 Validation 815 78.4 40.1
247 Material (13 types) Training 93.6 96.3 94.0
248 Test 88.9 78.5 65.0
949 Validation 66.5 61.3 44.3

250 Notes: Training: Performance on all 2,597 training samples (seen labels only). Test: Held-out test set
251 (n=461). Validation: metrics computed on seen-label runs only (sample_type: 987/987, community_type:

986/987, sample_host: 908/987, material: 671/987). Acc: Accuracy. Bal Acc: Balanced Accuracy (average
252 per-class recall). F1 Score: Macro-averaged F1l-score.

253
254
255 2.6 DIANA outperforms linear baseline classifiers

256
257 No other published tool predicts metadata from unitig abundances, so we compared

958 DIANA to three linear classifiers: Logistic Regression, Linear SVM, and Ridge Classi-
o59 fier. DIANA achieved higher balanced accuracy than all baselines on three of four tasks
260 When evaluated on the training set: Sample Type (0.969 vs. 0.965-0.973), Community
261 Type (0.918 vs. 0.906-0.937), and Sample Host (0.904 vs. 0.836-0.871; Supplemen-
262 tary Figure 10). Linear baselines slightly outperformed DIANA on Material (0.838 vs.
263 0.812), but their differences were within cross-validation variance (+0.095). Crucially,
264 our model delivers competitive or superior results with a single multi-task model,
265 While baselines require four separate models.

266

267 3 Methods

268

269 3.1 Dataset curation and feature matrix generation

270 We intersected run accessions from AncientMetagenomeDir (v25.09.0) [1], a curated

271 . . . o . .
repository of ancient metagenomes, with unitigs from the Logan project [11]. This

272 . . « ,, R
yielded 3,058 sequencing runs accessions (referred to as “samples” for simplicity),

273 . . ) . . . . .

g7, SOme of which may derive from the same biological specimen, including both ancient
and modern metagenomes.

275

276
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We trained multi-task models to predict four metadata categories. Three cate- 277
gories were derived directly from AncientMetagenomeDir’s standardised metadata — 278
schema [30]%, with allowed values validated against controlled vocabularies: (i) sam- 279
ple host, the Linnean Latin name of the host organism following NCBI taxonomy; (ii) 280
community type, the type of microbial community from the host’s body; and (iii) mate- 281

rial, the sample type from which DNA was extracted, following UBERON (anatomy) 282
or ENVO (environment) ontologies. The fourth category, (iv) sample type (ancient 283

vs modern), was manually annotated to distinguish ancient samples from Ancient- 284
MetagenomeDir from modern metagenomic samples we collected from the decOM 285
project [9] or elsewhere in MgNify [31]. 286

Modern metagenomic samples retrieved from public repositories (SRA/ENA) use 287
heterogeneous material terminology that differs from the AncientMetagenomeDir — 288
vocabulary used for ancient samples. To ensure consistent classification across the 289
dataset, we mapped modern material labels to terms aligned with the Ancient- 290
MetagenomeDir. Oral-derived samples (supragingival plaque, subgingival plaque, 291
gingiva, tongue, buccal mucosa) were grouped as ‘plaque’, ‘saliva’, or ‘tissue’ based 292
on sample context; broad categories like ‘soft_tissue’ and ‘digestive_contents’ were 293
mapped to ‘tissue’ and ‘digestive tract contents’; and environment-specific terms were 294

aligned to AncientMetagenomeDir vocabulary (bone, dental calculus, leaf, sediment, 295
shell, soil, tooth). This standardisation resulted in 14 material classes while maintain- 296
ing biologically meaningful distinctions (e.g., dental calculus, plaque, and saliva as 297
separate categories). 298

From the previously mentioned 3,058 samples, we generated a unitig abundance 299
matrix using MUSET (v0.6.1) [18]. To focus on informative features, we kept unitigs 300
present in 10-90% of samples, filtering out both rare and ubiquitous unitigs. The 301
matrix used the -—out-frac parameter, which calculates the fraction of a unitig’s k- 302
mers (k = 31) present in each sample, providing a semi-quantitative measure of unitig 303
presence. Formally, for a unitig u with N k-mers and a sample S, the fraction f(u,S) 304

is: N 305

D T 306
where z; is a binary indicator of the presence of the i-th k-mer of u in sample S. The 308
final feature matrix consisted of 107,480 unitig features across 3,058 samples. 309
Computational resources for matrix generation are detailed in Supplementary Table 8. 310

Principal component analysis revealed that the first 50 components captured only 311
approximately 15% of variance with substantial class overlap in PC1-PC2 space (Sup- 312
plementary Figures 4 and 5), indicating a non-linear, high-dimensional structure that 313

motivated our use of deep neural networks rather than traditional linear classifiers. 314
315
3.2 Data partitioning and external validation set 316

317
We use three data partitions, each serving a distinct role. The training set (n = 2597) 318

and test set (n = 461) are both derived from the unitig matrix. The former fits the 54
model and the latter provides a final unbiased performance estimate. The validation 390
321

Zhttps://github.com/SPA AM-community/AncientMetagenomeDir/tree/master /assets/enums 329
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3;2 Table 2: Validation inference computational resources stratified by memory tier (987

3 samples)

325

396 Memory (GB) CPUs N Runtime (min) Input size (GB)

327 31 6 686 1.98 £+ 1.52 0.99 + 2.20

328 62 6 130 5.10 + 2.11 1.40 £+ 0.66

399 125 6 90 11.12 4+ 3.52 3.92 £+ 1.46
250 6 69 18.46 + 7.36 5.95 + 1.89

330 500 6 12 35.89 + 17.36 10.78 + 3.04

331

Runtime includes the creation of a vector of unitig feature abundances per sample and neural network

332 inference.

333

334

335 set (n = 987) was excluded from matrix construction entirely and is processed inde-
336 pendently through the dianapredict inference pipeline. Because these samples had
337 no influence on which unitigs were selected as features, the strong performance on this
338 set confirms that the model’s predictive power is not an artefact of feature definition.
339 The train and test sets were constructed using stratified random sampling with
340 a fixed random seed (42) for reproducibility. Stratification was performed on the
341 “Community type” variable to ensure representative class distributions across splits,
342  with special handling for imbalanced classes. The test set was strictly held out and
343 used only for the final, unbiased evaluation of the trained model. We confirmed that
344 the splits between train and test set were balanced across key metadata variables,
345 including publication year and geographic origin (Supplementary Figures 2 and 3).
346 To assess real-world performance, we compiled an independent external validation
347  set comprising 987 samples (863 ancient from AncientMetagenomeDir (v25.09.0) and
348 124 modern metagenomes from MgNify [31]) that were not present in our training or
349  test sets. For these samples, raw FASTQ files were downloaded from the SRA. A full

350 breakdown of sample distributions is available in Supplementary Table 1.
351

ggg 3.3 Model architecture and training
354 In machine learning, a feature is an individual, measurable property of the data used

355 for prediction [8]. For the DIANA model, each metagenomic sample is represented by a
356 feature vector, with each element corresponding to a specific unitig in our reference set
357 of 107,480. The value of each feature is the fractional abundance of its corresponding
358 unitig within that sample (Equation 1). This process transforms the raw sequencing
359 data into a vector, allowing the model to classify samples based on their distinct unitig
360 abundance profiles.

361 DIANA employs a multi-task feedforward neural network that simultaneously pre-
362 dicts all four metadata categories (Sample Type, Community Type, Sample Host, and
363 Material) from the shared unitig feature vector. The architecture consists of an input
364 layer accepting 107,480 features, followed by two fully connected hidden layers (269
365 and 371 neurons) with ReLU activation and dropout regularisation (rate = 0.1696) to
366 prevent overfitting. The network then branches into four task-specific output heads,
367 €ach terminating in a softmax layer to produce class probabilities. The final optimised
368 hyperparameters are detailed in Supplementary Table 3.
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Hyperparameter tuning was performed on the training set using a nested cross- 369
validation scheme (5-fold outer loop, 3-fold inner loop) with 50 Optuna [32] trials per 370
fold. The final model was trained on 90% of the full training set (n=2,337), with the 371

remaining 10% (n=260) used as an internal validation set for early stopping. 372
373

3.4 Model evaluation and feature analysis 374
The final model was evaluated on the held-out test set. We computed standard clas- g;g
sification metrics for each task, including accuracy, balanced accuracy and Fl-score. 377
Reciever Operating Characteristic (ROC) and Precision-Recall (PR) curves were  g-g
generated to assess discriminative performance. 379
To contextualise DIANA’s performance, we compared it against three linear base- 380
line classifiers on the training set — Logistic Regression, Linear Support Vector 381

Machine, and Ridge Classifier — each trained independently per task with class- 382
balanced weighting, using the same 5-fold cross-validation scheme and balanced 383

accuracy as the primary metric. 384

To identify the most influential features, we applied gradient-based feature  3gs
attribution. The top 100 most discriminant unitigs for each task were selected and tax- 386
onomically annotated using BLAST+ v2.16.0 against the NCBI nucleotide database  gg7
(E-value < 1 x 107%). Taxonomy was assigned using a hierarchical approach: genus- 388
level classification when available, otherwise family-level, and finally phylum-level.  3gq
DIANA’s unitigs that did not have a blast hit were posteriously aligned using 390
LexicMap[33] to all the unitigs of Logan flagged as “bacterial genomic”[11]. 391

Finally, to verify the biological integrity of the feature set, we mapped 39 curated 399
[llumina adapter sequences against all 107,480 unitigs using Bowtie 2 (v2.4.5) [34]; 393

full details are provided in Supplementary Section 3.1. 394

. . 395
3.5 The dianapredict pipeline for new samples 396
For the external validation set, and for general use on new query samples, we devel- gg;

oped the dianapredict pipeline to reconstruct the unitig feature vector directly
from raw sequencing reads (FASTA /FASTQ files). The 107,480 training unitigs define 399
the reference vocabulary: their constituent k-mers (k = 31) are pre-extracted from 400
the MUSET matrix and stored as reference _kmers.fasta (18,953,119 sequences of 401

31bp). This three-step process involves: (1) counting how many of these reference k- 402
mers are present in the new sample using back_to_sequences [35], with a minimum 403
abundance of 2 to filter sequencing errors; (2) aggregating per-k-mer counts to unitig- 404
level fractions and (3) feeding the resulting 107,480-dimensional feature vector into 405
the trained DIANA model for classification. 38(73
. . 408

4 Discussion 409
We introduced DIANA, the first Deep Learning framework to classify ancient metage- 410
nomic samples using unitig abundance as features. Our results demonstrate that unitig 41l
profiles provide strong, discriminative signals for predicting key metadata categories 412
. . . . . 413
with high accuracy, offering a valuable tool for the paleometagenomics community. 414
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415 While DIANA does not aim at replacing standard taxonomic profilers and authen-
416 tication pipelines, it offers a first approach at comparing a new aDNA sample against
417 all the samples in the AncientMetagenomeDir, in a way that no other taxonomic clas-
418 sifier or pipeline could currently achieve. Constructing taxonomic profiles for the full
419  corpus using standard profilers such as aMeta [27], KrakenUniq [24], or MetaPhlAn[25]
420 would require an estimated thousands to millions of CPU-hours, depending on the
421 tool, and must be completed before any cross-sample comparison can begin. More-
422 over, all of these approaches require first downloading and locally storing the complete
423 6.6 TB of raw FASTQ files from all the run accessions (samples) used by our model.
424 Instead, DIANA compares any new aDNA sample against all publicly available ancient
425 metagenomic samples in under 2 minutes for the majority of samples, on 6 CPUs
426 and as little as 31 GB of RAM, requiring only the sample FASTQ file and a 750 MB
427 reference k-mer file.

428
429 4.1 DIANA as a tool for metadata validation and anomaly
ig(l) detection

432 DIANA’s primary role is to serve as a metadata validation and contextualization
433 tool. In large-scale aDNA studies, sample mix-ups and mislabeling are persistent
434 challenges that can compromise downstream results. By comparing a sample’s genomic
435 profile to thousands of known references, DIANA provides an independent, data-
436 driven assessment of its biological content, flagging inconsistencies that may indicate
437 such errors. To be clear, DIANA does not evaluate DNA damage patterns or fragment
438 length distributions, which remain among the main methods for authenticating ancient
439 molecules. Instead, it complements these methods by ensuring the sample’s reported
440 metadata (e.g., host, material, community type) is consistent with its sequencing data.
441

442 4.2 Learning biologically and semantically meaningful patterns
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460

Feature importance analysis confirmed DIANA’s predictions are driven by taxo-
nomically informative unitigs, such as oral microbes for “dental calculus” samples
(Supplementary Figure 7). The fact that nearly half of these highly informative unit-
igs lack matches in public databases suggests that DIANA leverages novel genomic
signals inaccessible to standard reference-based methods (Supplementary Table 5).
Notably, DIANA makes remarkably insightful predictions even for categories it was
never trained on. For example, it correctly maps novel primate subspecies such as
Gorilla beringei to the more general Gorilla sp. class learned from the training data.
Similarly, it classifies unseen materials such as “lake sediment” and “marine sediment”
under the broader “sediment” category, demonstrating a capacity for both phylogenet-
ically and semantically informed “zero-shot” generalisation (Supplementary Table 6).
This makes DIANA a powerful tool for generating hypotheses about uncharacterized
samples.

Moreover, we mapped 39 common Illumina adapter sequences against all the
unitigs that Diana uses as features, using Bowtie 2 (v2.4.5). This analysis yielded
no valid alignments (see Supplementary Section 1), ruling out spurious correlations
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due to laboratory or protocol-specific adapter usage. These results confirm that the 461

class-discriminative signal learned by Diana is biological in origin. 462

463
4.3 Limitations and future directions 464
DIANA has two main limitations. First, as a supervised classifier, it achieves lower igg
accuracy on rare classes with limited training data, such as “soft tissue” (Sup- 467
plementary Table 2). This challenge is inherent but is expected to diminish as 468
curated datasets expand and underrepresented classes gain more examples. Addition- 469

ally, increasing the availability of well-annotated modern metagenomes—akin to the 470
AncientMetagenomeDir for ancient samples—would further enhance the comparison 471

and contextualization of ancient metagenomic data. 479

In the external validation set, errors are concentrated in a small number of Bio- 473
Projects, reflecting three distinct causes: absent training labels, label granularity, and 474
genuine confusion between similar classes (Supplementary Table 9). 475

Certain decisions made during the initial unitig matrix construction, such as k- 476
mer size, minimum abundance, minimizer size, and others (see Supplementary Table 477
7), should be optimised to assess their impact on the model’s performance. However, 478
this was not done for this manuscript, as constructing the unitig matrix remains 479
computationally challenging given the size of the input dataset. 480

Finally, the model’s accuracy could be further improved by enriching the feature 481
set. Incorporating classic aDNA signals, such as damage patterns and fragment-length 482
statistics, would provide orthogonal information to unitig profiles and likely enhance 483

the model’s performance, especially for distinguishing ancient from modern samples. 484
Furthermore, as the AncientMetagenomeDir metadata is further curated and includes 485
more samples, DIANA could be updated and improve its predictive capacity. 486

487
5 Conclusion 488

489
DIANA is a powerful tool that should be included in ancient metagenomic authentica-  49q

tion pipelines. It offers a rapid and scalable way to contextualise new samples within 491
the landscape of published aDNA data. By flagging inconsistencies between metadata 499
and genomic content, DIANA helps researchers identify potential issues early, vali- 493
date sample integrity, and generate robust hypotheses about unknown samples. As 494
the scale of paleogenomics continues to expand, tools like DIANA will be essential for 495

maintaining data quality and accelerating discovery. 496
Supplementary information. Supplementary tables and figures are in the accom- 497
panying PDF file. 498
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ROC Reciever Operating Characteristic. ggg
SRA Sequence Read Archive. 561
SVM Support Vector Machine. ggg
564
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