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Caenogastropoda and Heterobranchia. Multi-type barcoding was represented by

Handling Editor: Ai-bing Zhang RNA secondary structure embedding, and COI was additionally featured by DNA
barcode embedding. To address uneven sample coverage among barcoding types,
we designed a three-stage curriculum learning framework by training COI data,
freezing parameters, fusing low-coverage barcoding data and then full tuning to
obtain the final model, SnailBaLLsp. By employing a hierarchical attention network
that propagates higher taxonomy-level classifications as features to lower levels,
SnailBalLsp improved the classification accuracy across all taxonomy levels.

3. SnailBaLLsp achieved 84.99% species-level and 92.93% genus-level accuracy for
Gastropoda. Multi-barcode analysis outperformed single COIl barcode at all tax-
onomy levels. The three-stage strategy boosted the unseen species prediction
accuracy by 3.79%, while further fusion of the additional DNA barcoding embed-
ding of COl improved it by 8.55%, surpassing state-of-the-art baselines across all
levels. SnailBalLsp effectively predicted label-unknown case data, with failure
predictions in species-level linked to high intraspecific sequence divergence. It
also exhibits strong cross-taxon transferability, as shown by its high performance
after fine-tuning on multi-barcoding data of Bivalvia.

4. By successfully utilizing RNA secondary structure while also incorporating DNA

barcoding features, we processed multi-type barcoding data with incomplete
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1 | INTRODUCTION

With the growing urgency of biodiversity conservation, species
classification technology based on DNA barcodes has emerged as
a focal point in bioinformatics research (Kartzinel et al., 2025; Li
et al., 2024; Meier et al., 2024, 2025; Pollock et al., 2025; Romeijn
et al., 2024; Sanchez et al., 2025). While current mainstream meth-
ods, such as BarcodeBERT (Arias et al., 2025), BarcodeMamba
(Gao & Taylor, 2024) and BarcodeMAE (Safari et al., 2025), primar-
ily relied on the single barcode of mitochondrial ¢ oxidase subunit |
(COl) gene sequence and have achieved significant progress in in-
sect groups. However, these models exhibited limitations. On one
hand, their training data was predominantly derived from insect
barcode data, leading to a decline in performance when transferring
across taxa. On the other hand, current methods considered only
COl barcode data for training (Arias et al., 2025; Gao & Taylor, 2024;
Li et al.,, 2024; Safari et al., 2025). However, a single COIl barcode
lacked sufficient classification robustness when confronted with in-
complete lineage sorting (Ahmed et al., 2022; Antil et al., 2023; Liu
et al., 2017; Moritz & Cicero, 2004; Yang & Rannala, 2010). These
limitations constrained the application depth of DNA barcode tech-
nology in species identification and biodiversity studies.

Existing deep learning studies, such as Bioscan-5m (Gharaee
et al., 2024) and CLIBD (Gong et al., 2024), have achieved high ac-
curacy (approximately 99%) in species classification by using a
large-scale dataset containing 5million insect samples. Their success
hinged on using joint information from DNA barcoding and taxonomic
information to guide the learning of image features. These works ef-
fectively integrated both molecular and image modalities, providing
good examples for the application of deep learning in integrated tax-
onomy. However, in terms of DNA barcoding modality, these stud-
ies relied solely on the single barcode of COI, without considering
other barcode types. In the absence of taxonomic information and
image data, species-level classification accuracy relied only on COI
barcoding data dropped sharply from 99% to 69.4%, and genus-level
accuracy also dropped to 47.03%-63.6% (Gharaee et al., 2024; Gong
et al., 2024). This highlighted the insufficiency in DNA feature ex-
traction capabilities in the previous models. In addition, previous
models had high accuracy in predicting the final classification target,
the species level, but their accuracy in predicting genera and higher
taxonomy levels was not good enough. For instance, the specific
foundation models for DNA barcoding has been reported to have
high species-level prediction accuracy with 99.7% for BarcodeBERT

coverage while providing multi-taxonomy-level species predictions from subclass
to species, offering an advanced deep learning-based solution in the molecular

barcoding aspect for integrated taxonomy.

deep learning, DNA barcoding, hierarchical taxonomy, RNA secondary structure, species

(Arias et al., 2025), 99.2% for BarcodeMamba (Gao & Taylor, 2024)
and 80.6% for BarcodeMAE in novel species identification (Safari
etal., 2025), but there is also big room for improvement in genus-level
accuracy with only 70.2% for BarcodeMamba (Gao & Taylor, 2024)
and 74.2% for BarcodeMAE (Safari et al., 2025). This situation under-
scored two critical challenges. First, the hierarchical features of DNA
sequences (from subclass to species) have not been fully captured,
limiting the classification accuracy at higher taxonomy levels. Second,
the information from a single barcode type of COIl was insufficient
to support fine-grained classification, necessitating the integration
of multiple barcode types to provide complementary phylogenetic
signals. However, multi-barcodes fusion faces challenges due to the
varying coverage of different barcodes, which is a common problem
and lack of systematic organization. The most pronounced example is
found in the BOLD system, where the vast majority of data consists
of COI sequences for metazoans, while other barcode types for ani-
mals are not currently included (Prosser et al., 2025). The incomplete
coverage of multi-barcoding across samples results in more missing
values and lower-quality data for some barcode modalities. Since the
low-quality modalities could adversely affect the training outcomes,
we propose developing a staged learning framework that integrates
hierarchical consistency modelling with adaptive fusion of multiple
barcoding methods, aimed at enhancing the classification accuracy at
every taxonomy level.

Hierarchical attention networks and curriculum learning strat-
egy offer innovative solutions to address the aforementioned bot-
tlenecks in species classification. The biological taxonomy that was
organized into a hierarchical structure—phylum, class, order, family,
genus and species—inherently represents a multi-granularity cog-
nitive process of species concepts (Qin et al., 2023). Hierarchical
attention mechanisms are effective in capturing such hierarchical
structures (Yang et al., 2016), allowing for the extraction and selec-
tion of common and distinguishing features at each granularity for
modelling the relationship between local and global features across
different taxonomy levels (Chen et al., 2025). Previous studies have
successfully employed hierarchical attention mechanisms within hi-
erarchical guided deep learning methods to classify species based
on image data, including plants (Fan et al., 2015; Liu et al., 2025;
Weinbach et al.,, 2025; Zhang et al., 2020), phytoplankton (Ito
et al., 2023), insects (Bjerge et al., 2023), fish (Elhamod et al., 2022)
and birds (Han et al., 2025), as well as using acoustic data for bird
classification (Noumida & Rajan, 2022; Wang et al., 2024). However,
existing studies focused on image and sound modalities, leaving the
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application of hierarchical attention modelling to DNA barcodes
largely unexplored. Compared to morphological and acoustic fea-
tures, DNA sequences possess unique advantages in phylogenetics
reflected by genetic variation and provide stable and quantifiable
evolutionary distances. Moreover, curriculum learning could pro-
vide a suitable training strategy for multi-barcode data with differ-
ent sample coverages, as this approach trains a machine learning
model from easier data to harder data (Bengio et al., 2009; Wang
et al., 2022). Therefore, integrating hierarchical attention mech-
anisms into staged curriculum learning with multi-barcode DNA
analysis is expected to capture evolutionary constraints across tax-
onomy levels at the molecular level, thereby enhancing the species
classification accuracy.

Here, we employed a dynamic hierarchical attention network and
applied a staged curriculum training strategy to enhance the accu-
racy of barcode-based species classification, using Gastropoda as an
empirical example. First, we designed a gated attention mechanism
to explicitly capture dependency relationships among classification
levels, from subclass to species. This mechanism ensures hierarchical
consistency by transmitting knowledge from higher to lower levels
through feature gating, aligning the classification results at lower
taxonomy levels with outcomes at higher taxonomy levels. Second,
we developed a three-stage training strategy to address the chal-
lenges of low sample coverage and high missing value proportion for
multi-barcodes other than COI. We initially trained using only COI
barcoding, which has the highest sample coverage and then fused
the other types of DNA barcoding that have lower coverage, and fi-
nally performed full tuning on the complete barcoding data including
COl and other barcode types. To enhance the generalization ability
of the model, we used domain adaptive methods to transfer learned
knowledge to the target domain, thereby improving its ability to
predict new species barcodes. Our study confirms that introducing
multi-level information of taxonomy and fusing multi-barcode types
can improve the accuracy of species classification and alleviate in-
complete lineage sorting. Our approach is lightweight and has low
computational requirements, making it easy to deploy in practical
species classification workflows and offers a novel approach for gas-

tropod diversity research.

2 | MATERIALS AND METHODS
2.1 | Dataprocessing
2.1.1 | Accession of DNA barcodes

The DNA barcodes of gastropods used in this study were primarily
sourced from National Center for Biotechnology Information (NCBI)
GenBank and the Barcode of Life Data Systems (BOLD) (Ratnasingham
& Hebert, 2007, 2013). To unify the taxonomy of Gastropoda, we
employed the accepted taxonomic system based on the MolluscaBase
(https://www.molluscabase.org/, accessed by 2025/05/23) as the
classification standard for Gastropoda species. Considering the
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variation in species numbers among different gastropod taxa and the
availability of barcode data, we focused on species within the two
subclasses of gastropods, Caenogastropoda and Heterobranchia,
which have larger species numbers and higher barcode availability. We
manually obtained barcode sequences from GenBank as the training
dataset, instead of directly using the barcode data from BOLD. This
choice was motivated by two main reasons. Firstly, this study aims
to integrate COIl and multi-barcodes to construct a multimodal deep
learning species classification model; however, BOLD mainly stores
COIl and a small amount of ITS data, lacking other types of barcode
data (Ratnasingham & Hebert, 2007, 2013). Secondly, as the taxonomic
information of gastropods in BOLD has not been strictly matched
with the MolluscaBase database, manually obtaining data based on
the accepted species records in MolluscaBase ensures the reliability
of the classification labels.

To access COl sequences from GenBank, we integrated accepted
family names and their corresponding unaccepted family names and
then used them as search key words to obtain COI/COX1 barcode se-
quences from GenBank (Tables S1 and S2). Then, we used the Entrez
tool of biopython package (Cock et al., 2009; Maglott et al., 2007)
to search for other barcodes typically used for Gastropoda identi-
fication, 16S rRNA, 18S rRNA, histone 3 (H3), internal transcribed
spacer 1 (ITS1) and internal transcribed spacer 2 (ITS2) sequences
in GenBank, based on the voucher and species of specimens corre-
sponding to COI barcodes, thereby constructing a multimodal data-
set composed of multi-types of DNA barcoding. We also obtained
the barcoding data of Gastropoda and the corresponding classifi-
cation labels from BOLDistilled (Prosser et al., 2025), the compre-
hensive DNA barcode reference libraries. However, the sample size
of the barcoding data from BOLDistilled (n_sample=42,714) and
the number of species (n_species=2722) were much smaller than
those manually obtained from GenBank (n_sample=76,577, n_spe-
cies=11,295). More importantly, a large portion of sequences in
BOLDistilled (21,131/42,714=49.47%) overlapped with sequences
from GenBank. This indicates that the barcoding data obtained
from GenBank is more suitable as a training set than data from
BOLDistilled. Therefore, after removing duplicates of sequences and
performing necessary label cleaning, sequences from BOLDistilled

were used as an independent testing dataset.

2.1.2 | Sequence filtering and label cleaning

This study employed RNA secondary structure embedding ex-
tracted by the RNA foundation model ERNIE-RNA (Yin et al., 2025)
to represent features of DNA barcodes for species classification.
This embedding approach enables representing of deep features
from DNA barcodes while avoiding multiple sequence alignment
across varying lengths. Due to the input sequence length constraint
of <1022bp for the ERNIE-RNA foundation model, we exclusively
analysed barcode sequences with lengths <1022bp. Among the six
barcodes involved in this study, except for approximately 37.9% of
18S rRNA sequences (length>1022bp) were removed, the majority
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of all other sequences were within the length limit (18S, 62.1%; COl,
100%; 16S, 98.6%; H3, 100%; ITS2, 85.5%; ITS1, 97.7%).

Based on the accepted names at various taxonomy levels from
MolluscaBase, the taxonomic labels of subclass, order, superfam-
ily, genus and species for COI/COX1 sequences obtained from
GenBank were verified and cleaned. The main steps included remov-
ing sequences longer than 1022 bp and those with conflicting labels.
For sequences from other sources (e.g. BOLDistilled), labels were
confirmed according to the labels in the training set, with labels not
appearing in the training set assigned as ‘NA’ and sequences longer
than 1022 bp or with conflicting labels were also removed.

2.1.3 | Dataset construction

We manually downloaded sequences of multi-barcodes from GenBank
released before December 31, 2024, to serve as the training and test-
ing datasets for this study. A total of 76,577 COI/COX1 sequences
from the Gastropoda were obtained, with the number of categories at
each taxonomy level detailed in Table 1. For the training, testing and
independent testing 1 datasets from GenBank (Table 1), we obtained
sequence data for other barcoding types corresponding to the COI
sequences based on their specimen voucher and species. If multiple
sequences existed for the same specimen voucher within a single bar-
coding type, only one sequence was randomly selected. For records
containing a complete ITS sequence that were combined ITS1 and
ITS2, the first and second halves of these sequences were treated as
ITS1 and ITS2 sequences, respectively. Consequently, we developed a
multimodal barcoding dataset for Gastropoda composed of complete
COl records and partial records for the other five barcoding types: 16S
rRNA, H3, 185 rRNA, ITS1 and ITS2. The sequence counts for the six
barcoding types were detailed in Table 2.

In addition, we accessed COI/COX1 sequences of Gastropoda
from GenBank between January 1, 2025 and May 23, 2025, re-
moved sequences overlapping with the training and testing sets
and performed label cleaning and verification, resulting in 1927 se-
quences forming independent testing dataset 1 (Table 1). We also
accessed sequence data of five other barcode types correspond-
ing to COIl sequences in independent testing dataset 1 (Table 2).
Furthermore, we obtained 42,714 COIl sequences from BOLDistilled
(Prosser et al., 2025) as independent testing dataset 2. However,
49.47% of these sequences overlapped with those in the GenBank
training and testing datasets. After performing sequence filtering
and label cleaning, a total of 14,023 COI sequences were retained
in Table 1. Finally, we combined the two independent testing sets to
obtain an ‘unseen' independent dataset containing 3146 full labelled
samples consistent with the training labels (Table 2).

2.1.4 | Sequence augmentation

Due to the extreme imbalance of data across hierarchical taxonomy
levels, for sequences belonging to categories with fewer samples,

TABLE 1 Total counts of original and augmented sequences, along with classification numbers of each taxonomy level in different datasets.

Nepecies Accession

Ngenus

Nfamily
354

Nsuperfamily

Norder
103

24

Noriginal_seq Nagumented_seq Nsubclass
101,607

76,577

Dataset

GenBank, by 2024/12/31

11,295

2753

Training-Validation-Testing

GenBank, from 2025/01/01 to

302 (264)
2025/05/23

224 (38)

105 (0)

57 (0)

18 (0)

2 (0)*

1927

Independent testing 1

GenBank, from 2025/06/01 to

BOLDistilled_COI_Mar2025
2025/10/31

673 (541)
256 (0)

232(38)
163 (0)

105 (0)
87 (0)

80 (0)

15 (0)
15 (0)

14,023
1056

Independent testing 2

50 (0)

2(0)

Case Study (Gastropoda)

GenBank (by 2025/11/20) and
BOLDistilled_COI_Mar2025

71 617 3060

33

17

35,934°

Model Transfer (Bivalvia)

#Values in parentheses represent the number of categories at the corresponding level where the classification label has not appeared in Training-Validation-Testing.

PThe total number of COI sequences of Bivalvia includes 34,852 sequences accessed from GenBank and 1082 sequences from BOLDistilled_COI_Mar2025, which all match the NCBI taxonomy system of

Bivalvia.
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sequences for multiple barcode types in Dataset col 16S H3 18S ITS1 1TS2 Total
different datasets. Training-validation-testing
Noriginal 76,577 12,538 2822 885 2312 3910 76,577
augmented 25,030 7330 1940 725 560 1285 25,030
Niotal 101,607 19,868 4762 1610 2872 5195 101,607
L. (bp) 94 182 163 141 126 111 -
L., (bp) 799 1021 400 1020 1022 1021 -
Independent testing 1
Niotal 1927 5 40 0 8 21 1927
L. (bp) 154 426 226 = 484 343 =
L., (bp) 686 439 327 = 631 837 =
Independent testing 2
Niotal 140,23 0 0 0 0 0 14,023
L. (bp) 500 - - — — — -
L., (bp) 1006 - - - - - -
Unseen®
Niotal 3146 3 37 0 0 12 3146
L. (bp) 154 428 291 = = 777 =
L., (bp) 1000 439 327 = = 837 =
Case study (Gastropoda)
Neoal 1056 12 104 78 0 0 1056
L. (bp) 179 436 270 407 - — -
L, (0D) 707 676 369 466 - - -
Model transfer (Bivalvia)
Neotar 35,934 1951 230 40 1479 142 35934
L., (bp) 103 221 148 196 109 242 =
L.y (bP) 1011 892 760 1001 1013 934 =

?An independent testing dataset formed by merging independent testing 1 and independent
testing 2, where all samples have complete labels across every taxonomy level.

we randomly masked a certain proportion of nucleotides as ‘N’ in
the sequence, thereby generating new samples for these categories
to reduce imbalance to some extent in both the training and test-
ing datasets. Specifically, we dynamically set the masked nucleotide
ratio and the maximum number of augmented sequences per origi-
nal sequence according to the number of existing true sequences
at the genus level. This dynamic enhancement increased the num-
ber of sequences per genus, while the generated sequences re-
tained the species labels of their original true sequences (Table S3).
Following this approach, we first generated 25,053 new sequences
for COI. Subsequently, we augmented sequences for the other five
barcoding types, ensuring that the generated sequences for these
five barcoding types were as matched as possible with the gener-
ated COI samples, thereby obtaining generated data with modali-
ties/barcoding types as complete as possible. To achieve this, based
on the already generated COI sequence data, if a species has been
enhanced in the COI barcode and also has true sequences in other
barcode types, we enhanced the sequences of this species in those
barcoding types using the same dynamic masking and augmentation
method as that in COl type. Finally, we obtained a training and test-
ing dataset comprising 101,607 multimodal barcoding sequences,

each containing complete COI records and partial records of the
other five barcoding types (Table 2). No data enhancement was per-
formed for the sequences of the independent testing dataset.

2.1.5 | Embedding extraction using RNA
foundation model

The RNA secondary structure features of DNA barcoding have
been proven to be effective features for species classification tasks
(Acharya et al., 2022; Coleman, 2015; Mohanty et al., 2023; Pere
et al., 2024). In this study, we used ERNIE-RNA (Yin et al., 2025), a
foundation model for predicting RNA secondary structure, to rep-
resent the RNA secondary structure of DNA barcoding. The biggest
advantage of using this tool for species classification is that it can
avoid the sequence alignment process of different DNA barcoding
by extracting embedding with consistent dimensions and greatly
simplifying the application of DNA barcodes in species classification.
We used the extract_imbedding.py script (https://github.com/Bruce
-ywj/ERNIE-RNA) to extract the RNA secondary structure embed-
ding of each DNA barcode with dimension 12 x 768.
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2.2 | Model architecture

We proposed a staged curriculum learning architecture for hierar-
chical taxonomic classification of multimodal DNA barcoding se-
qguences. The training strategy contains three progressive stages,
integrating six molecular markers—COlI, 16S rRNA, H3, 18S rRNA,
ITS1 and ITS2—through dynamic feature fusion and hierarchical
attention mechanisms. This strategy was designed based on two
main considerations. First, species classification inherently reflects
a hierarchical structure of different taxonomy levels, which can be
accurately captured by a hierarchical attention network to model re-
lationships among features across different hierarchical taxonomy
levels. Second, the availability of multi-type DNA barcoding data

varies significantly; for example, COI, as one of the most typical
DNA barcoding markers, has a large number of available samples,
while other barcoding types have relatively fewer available samples,
resulting in a lower coverage of records and a higher proportion of
missing values. To mitigate the interference of low-quality modal-
ity data on model accuracy, we employed a multi-stage, progressive

curriculum learning strategy for model training (Figure 1).

2.21 | COlfeatures engineering

Given that foundational models based on 5million COIl barcodes

have been developed (Gharaee et al., 2024; Gong et al., 2024), in
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FIGURE 1 Architecture of SnailBaLLsp, a model for Gastropoda species classification based on DNA barcodes represented by the RNA
large language model using a three-stage curriculum learning strategy and hierarchical attention network. (a) The staged curriculum learning
and domain adaptation. The flame and snow coin represent the data/modality that is active or frozen in the corresponding stage. (b) Blocks
of feature engineering of multi-barcodes and the hierarchical attention network.
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addition to the RNA secondary structure emphasized in this study,
the DNA barcoding embedding might also enhance our model's
predictive performance. Specifically, embedding features output
by COI barcoding foundational models such as BarcodeMAE (Safari
et al., 2025) could be beneficial. To investigate the roles of RNA sec-
ondary structure embedding and DNA barcoding embedding in the
model, we adopted two distinct feature engineering approaches for
the COI sequences. The first approach used only the RNA second-
ary structure features of COI sequences extracted by the founda-
tion model ERNIE-RNA (Yin et al., 2025). The second approach fused
the RNA secondary structure features with the COI barcoding em-
bedding features output by BarcodeMAE (Figure 1b). Following the
two approaches, the processed features were separately fed into
the Mamba module. This setup enabled the subsequent fusion with
RNA secondary structure embedding from other barcode types, be-
fore being input into the hierarchical attention neural network. By
comparing model performance using the two different approaches
of COI feature engineering, we validated both the effectiveness of

the features themselves and the efficacy of the model architecture.

2.2.2 | Staged curriculum learning

We firstly applied the approach 1 of COIl feature engineering—
the RNA secondary structure embedding only—to construct our
model. We used the pre-trained foundation model ERNIE-RNA (Yin
et al., 2025) to encode each DNA barcode sequence into a 12x 768
embedding of RNA secondary structure for input representation.
For modality m e {COlI, 16S,H3,18S,ITS1,I1TS2}, the embedding
E,, € R1>7¢8 is projected into a shared latent space using a linear
layer H,, = W,,E,, + b,,, where W, and b,, are learnable parameters.
The projected embeddingH,,, € R12%2%6 then fed into the subsequent
modules. Then, we performed a curriculum learning with three
stages.

Firstly, we only used the COIl modality to train the model. The
model minimizes the hierarchical loss L., while other modalities are
disabled:

Ly= £hie.r(fevm, (Hc0|)wy) 1)

where f denotes the classification network, Hcg, is trainable parame-
ters, and y denotes taxonomic labels.

Secondly, we performed multimodal fusion training by freezing
the parameters of the COI projection layer and the corresponding
trained Mamba and hierarchical classification layers while activat-
ing the fusion parameters of the other five modalities. We designed
a gated fusion mechanism to dynamically fuse the multimodal fea-
tures. We computed a pooled representation for each modality and

then generated the fusion weights of the modalities:

a=softmax(MLP(concat (pcoy, P1gs *+Pirsz2))) (2)

where @ € R® and ¥ «; = 1. The fused representation was calculated
asF = Y ,.a, © H, MLP represents multilayer perceptrons.
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Thirdly, we unfroze all parameters in the model and performed
full fine-tuning for joint optimization.

We then applied the approach 2 of COI feature engineering—
the fusion of RNA secondary structure embedding and COI barcode
feature embedding—to construct a parallel model. In brief, we firstly
calculated the fused features of the two embeddings:

Feoiusea = RELU (LayerNorm(W [Heoy; Heor—mae] +b)) (3)

R12%2%¢ is the projected feature of RNA secondary

where Heg, €
structure of COl, Heo_mae € R12%¢is the expanded features of COI
barcode embedding extracted by BarcodeMAE (Safari et al., 2025),
and W is the weight of the fusion layer. Among them, Hcq, is out-
put by linear projection of the original RNA secondary structure
of COI, and Hcgi_mac is firstly output by linear projection of the
original COl embedding from BarcodeMAE and then obtained by
transforming it into a 3D tensor and replicating 12 times in the se-
quence dimension of the three dimensions for ensuring the global
information can be obtained from any position. This processing
ensures the embeddings of two modalities can be fused in the
same dimension (Figure 1b). Consistently, the number of modali-
ties became seven and the fusion weights of the seven modalities
were a = softmax(MLP(concat(pcoy, Peol-mag: P1ss: *** »Prts2)) ), Where
aeR’andY o; =1

2.2.3 | Hierarchical attention network

The fused feature F is processed by a Mamba block which
is a state-space model (SSM) with selective scanning (Gao &
Taylor, 2024). The Mamba block outputs a sequence of feature
vectors § € R1%%?%¢_ By averaging the sequence, we obtain a global

representation:
1 12
g== 2, S" (4)
12 Z;‘

Then, we generated hierarchical predictions through gated

attention across the six taxonomic levels |e {subclass,order.

)

superfamily, family, genus, species}. For the first level subclass, the
self-attention output of the global representation is calculated:

f© =MultiHeadAttention(g, 3, 3) (5)

For the other taxomomy levels when | > 1:

20 = a(Linear(')(concat(f"‘l),g) ))

{
7O o0 o0 4 (1-2) og

b ~() =
fO = MultiHeadAttention (?(),?(),?())

0= softmax(Linear”’ (F) )
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Then, we optimize the hierarchical loss combined weighted

cross-entropy (CE):
()
Lpjer = Zwl 'CE(Y( YY(')) 7)
1

Through hyperparameter tuning, we choose the best hyperpa-
rameter based on the performance. We use a group of hierarchi-
cal weights (e.g. @ = [1.0,0.8,0.6,0.4,0.2,0.1) corresponding to the
weights of six taxonomy levels, subclass, order, superfamily, family,
genus and species, in the hierarchical loss function. This setting is
based on the assumption that accurate high-level classification is
the foundation of accurate low-level classification, which allows the
model to focus more on higher-level classification accuracy, thereby
ensuring the correctness of hierarchical classification. We also use
learning rate 1074 batch size 64 and early stopping with patience 30
epochs for training with 300 epochs.

2.2.4 | Domain adaptive

In order to further improve the model's generalization and prediction
performance for barcode data of unknown species, we implemented
a domain adaptation approach built upon our curriculum-trained
model to align feature distributions between the source (the training
and validation dataset) and target (the independent testing dataset)
domain.

In brief, we firstly transformed sequence features into a
domain-agnostic representation to extract the domain-invariant

features:
ha”gn=RELU(W2-RELU(Wl-h+b1)+b2) (8)

where his the pooled sequence feature, W, € R256x512 W, = RO12x256
and b is learnable parameters.

Then, we constructed an adversarial domain classifier to distin-
guish source and target domains:

d= a(w;2> -RELU (w(ji) Patgn +bj})) +bff>) 9)

Thirdly, we used a gradient reversal layer (GRL) and reversed the gra-
dient of domain classification loss during backpropagation to facili-
tate the feature extractor in generating domain-invariant features:

VSRL =—a- VoL yomain (10)

where a = 0.1 controls adaptation strength.

Finally, we performed adversarial optimization to calculate the
joint loss combined hierarchical classification and domain confusion
based on binary cross-entropy (BCE):

L= [’hier (f(xsource ) ) yhier) +4-BCE (d<xbatch ) » Ydomain ) (11)

X

where Xy, = concat (X, traget

sources ) Yhier is the hierarchical taxo-
nomic labels, Ygomain € {0, 1}is the domain labels, and 4 is the balancing

parameter.

2.3 | Multimodal barcode analysis

To validate that multiple types of DNA barcoding provide richer
and more accurate features for species classification than using a
single COI barcode, we evaluated the impact of multimodal barcod-
ing integration on model performance. We performed pairwise in-
tegration of COIl with each of the other five barcoding types and
trained models under the staged curriculum learning architecture
(Figure 1a), which produced a fused model in Stage 1 and a fully
fine-tuned model in Stage 2 for each pair of barcodes. We then
comparatively analysed these models against COl-only models and
models integrating all six barcodes. Since RNA secondary structure
embedding was applied to all barcoding types, we represented COIl
features using only Approach 1 with only RNA secondary structure
embedding of COI rather than by Approach 2 (Figure 1b) to ensure

fair comparison in this analysis.

2.4 | Comparison analysis

We compared SnailBalLLsp's predictions with the recent state-of-
the-art (SOTA) foundational models specifically designed for COI
barcode sequences, namely BarcodeMamba (Gao & Taylor, 2024)
and BarcodeMAE (Safari et al., 2025). Both models were enhanced
upon BarcodeBERT and have been reported to achieve signifi-
cantly higher performance than BarcodeBERT (Arias et al., 2025;
Gao & Taylor, 2024; Safari et al., 2025); therefore, here com-
parison analysis to BarcodeBERT was not involved. Particularly,
BarcodeMAE leveraged a training set comprising 5million in-
sect COIl barcoding samples and potentially had high generali-
zation capabilities. Consequently, we used BarcodeMamba and
BarcodeMAE to evaluate the predictive performance on our gas-
tropod COI barcoding data and compared their results with those
of SnialBaLLsp on the testing and the independent testing dataset.
Other studies, such as CLIBD, used the same 5million insect sam-
ples of COI barcoding dataset as that used in BarcodeMAE to in-
tegrate insect images and achieved notable performance (Gharaee
et al., 2024; Gong et al., 2024). However, our model SnialBaLLsp is
designed only for DNA barcodes and does not currently integrate
image data of Gastropoda. Therefore, CLIBD was excluded from
our comparative analysis.

We processed the training and testing datasets of Gastropoda into
input datasets suitable for BarcodeMamba and BarcodeMAE, respec-
tively, according to the formats of the Candianinverterbrates1.5M
(Arias et al., 2025; Gao & Taylor, 2024) and Bioscan-5M datasets
(Gharaee et al.,, 2024). In detail, the datasets for BarcodeMamba
consist of supervisied_train, supervisied_val and supervisied_test
(https://github.com/bioscan-ml/BarcodeMamba), which correspond
to the training, validation and testing datasets used in SnailBaLLsp.
The datasets for BarcodeMAE consist of supervisied_train and un-
seen (https://github.com/bioscan-ml/BarcodeMAE). Because the
formatted data for BarcodeMamba and BarcodeMAE do not include
subclass and superfamily labels, comparison analysis was performed
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only at the order, family, genus and species levels. Here, the super-
visied_train set corresponded to the training set used by SnailBaLLsp.
The unseen set corresponded to SnailBalLLsp's testing set and unseen
independent testing set (Table 2), respectively. Using this setup, we
fine-tuned the pre-trained BarcodeMAE model on supervisied_train
and then evaluated its classification performance separately on

SnailBaLLsp's testing set and the unseen independent testing set.

2.5 | Case study and model transfer

To further evaluate the predictive capability of SnailBalLLsp on
new case data and analyse its transferability to barcode classifi-
cation tasks beyond gastropods, we constructed two new data-
sets: a Gastropoda case dataset and a multi-barcode dataset for
Bivalvia that belongs to the same phylum Mollusca as Gastropoda.
The Gastropoda case dataset was accessed from GenBank (from
2025/06/01 to 2025/10/31), ensuring no overlap with training, test-
ing or independent testing datasets (Table 1). This dataset comprises
1056 COl and other barcode sequences (Table 2). They were treated
as label-unknown data during prediction, and their known taxo-
nomic labels (Table 1) were used as ground-truth to evaluate the per-
formance. The Bivalvia dataset includes multi-barcode sequences
accessed from GenBank searched by order keywords (Table S4) and
COlI sequences filtered from BOLDistilled_COI_Mar2025 (Prosser
et al., 2025) processed identically to gastropod data. After data
cleaning and preprocessing, we assigned hierarchical taxonomic la-
bels of the Bivalvia dataset based on the NCBI taxonomy system
using NCBltaxa function in ete3 module (Huerta-Cepas et al., 2016),
which is different from the MolluscaBase taxonomy system. This
mainly considers excluding the impact of classification systems on
model transfer. The final dataset contained 35,934 COIl sequences
across 3060 species (Table 1), along with other barcode types with
sample coverage rates as low as 0.1%-5.4% (Table 2).

We applied SnailBaLLsp (RNA+DNA) models, including three
staged and domain-adapted models—which demonstrated high
classification accuracy—to the Gastropoda case dataset for hierar-
chical prediction. To investigate the reasons for decreased accuracy
at the species level, we integrated prediction results from both the
independent unseen dataset and the case dataset, focusing specif-
ically on COI sequences in terms of sequence length and genetic
divergence. We firstly compared sequence lengths between success
and failure prediction sequences. Then, to assess whether sequence
divergence contributes to species-level misclassification, we per-
formed comparison analysis between the genetic distance between
failure and success prediction sequences within the same species
(Failure-Success distance) and the mean intraspecific distance,
which was represented by the genetic distance among success pre-
diction sequences of the same species (Success-Success distance).

Furthermore, we fully fine-tuned each SnailBaLLsp (RNA-+DNA)
model on the Bivalvia dataset and evaluated the hierarchical classifi-
cation accuracy of the fine-tuned models to assess the transferabil-
ity of SnailBaLLsp across taxa beyond Gastropoda.
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3 | RESULTS

Sequence augmentation contributed to improving prediction ac-
curacy. It increased the number of sequences per category at each
taxonomy level, which alleviated the distribution imbalance of clas-
sifications at each taxonomy level to a certain extent (Figure S1A).
Compared to the model trained on the original sequences, the model
trained on augmented data had higher classification accuracy at
every taxonomy level across the validation, testing and independent
testing datasets (Figure S1B).

The three-stage curriculum learning architecture based on a hi-
erarchical attention network was effective and achieved a stable
training process on the multimodal barcode data of Gastropoda
and high prediction accuracy at every taxonomy level (Figure S2).
During stage O using only COIl with the RNA secondary structure
features (Approach 1, Figure 1), the validation loss decreased while
prediction accuracy for the validation dataset increased steadily
at each taxonomy level. The COIl-based model in stage O achieved
prediction accuracies exceeding 80% and 90% for species level and
genus level, respectively, with accuracies ranging from 91%-99%
for levels of family, superfamily, order and subclass. The multimodal
fusion model in stage 1 achieved accuracies above 84% for all tax-
onomy levels, representing a 4% improvement for species level over
stage 0. Similarly, the multimodal full-tuning model in stage 2 also
achieved an exceeding 4% improvement for species compared to
stage O (Figure S2).

The multi-type DNA barcoding provided benefits for species
classification than using only the COI barcode at every taxonomy
level (Figure 2). Fusing COIl with any other barcode improved the
classification accuracy at each taxonomy level, with the COIl+16S
fusion model showing the most notable improvement (Figure 2).
This might be due to the higher sample coverage of 16S sequences
(16.4%) in the dataset compared to other barcoding types. At the
genus level, the COIl+18S fusion model also demonstrated an im-
provement, while at the species level, the COlI+H3 fusion model
exhibited a marked improvement. Among these, the model fusing
all barcode types performed best, though its improvement over the
COl +16S model was not significant.

The staged learning strategy and the domain adaptive method
consistently improved prediction performance of our model
(Figure 3). Compared to the COI-based model in Stage 0O, the multi-
modal full tuning model in Stage 2 enhanced the species-level classi-
fication accuracy from 81.85% to 84.22% on the testing dataset and
from 42.88% to 43.64% on the unseen dataset. Although there were
no obvious changes in accuracy and F1 score between Stage 2 (mul-
timodal full tuning) and Stage 1 (multimodal fusion) on the validation
and testing sets, a notable improvement was observed on the unseen
dataset. After performing the domain adaptation, the multimodal
full tuning model (Stage 2) further enhanced the species-level clas-
sification accuracy to 84.99% on the testing dataset and to 46.47%
on the unseen dataset (Figure 3). The application of domain adap-
tive method not only preserved high performance on the validation
and testing sets, but also significantly enhanced performance on the
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FIGURE 2 Comparison of the performance of COl-based model by using COI feature engineering of Approach 1, fusing COl with one
of the other modalities, fusing all modalities of all barcode markers and corresponding full parameter fine-tuning models at each taxonomy
level. The x axis label ‘Val.' represents the validation dataset, ‘Acc’ represents the global accuracy, and ‘F1’ represents the weighted F1 score

of the multi-classification prediction task.

unseen datasets, which was beneficial for improving generalization
ability. Overall, through staged learning for multimodal barcodes
and the application of domain adaptive method, the species-level
classification accuracy was totally enhanced by 3.14% on the testing
dataset and by 3.79% on the unseen dataset. Similarly, the weighted
F1 score at the species level was enhanced by 0.0318 on the testing
dataset and by 0.0337 on the unseen dataset (Figure 3). For levels
from order to genus, the accuracy and weighted F1 scores on the
testing dataset were also enhanced by 2.35%-2.98% and 0.0191-
0.0367, respectively; those on the unseen dataset were enhanced
by 1.81%-3.08% and 0.0085-0.0181, respectively. At the subclass
level, the enhancements were not obvious (Figure 3).

The fusion of RNA secondary structure embedding features
and DNA barcode features in COIl barcodes further improved the
classification accuracy at every taxonomy level, particularly for
the unseen dataset (Figure S3; Figure 4). In Approach 2 of COI
feature engineering (Figure 1), the RNA secondary structure fea-
ture of COl was replaced by the fusion of both the RNA secondary
structure embedding and the DNA barcoding embedding. After
three-stage learning and domain adaptive application, the trained
model showed slight performance improvements on the testing
dataset (Figure S3), while achieving a higher accuracy of 55.02%

and a weighted F1 score of 0.5596 on the unseen dataset at the
species level, representing increases of 8.55% and 0.0794 com-
pared to the previous model using only RNA secondary structure
embedding of the six barcode types (Figure 4). In addition, incor-
porating DNA barcode embedding of COI with the RNA second-
ary structure embedding of the six barcoding types also improved
performance at the genus, family and order levels (Figure 4).
However, under Approach 2 of COI engineering, model perfor-
mance in Stage 1 and Stage 2 appeared to differ little from that
in Stage 0, which was trained only on COI features of RNA fusing
DNA (Figure 4).

Our model SnailBalLLsp outperformed the SOTA barcode-based
foundational models for species classification at every taxonomy
level. Both BarcodeMamba and BarcodeMAE utilized only COI data
of a multi-barcode Gastropoda dataset constructed in this study,
whereas SnailBalLLsp utilized multimodal features of multiple bar-
coding types. Notably, the pre-trained BarcodeMamba model exhib-
ited competent prediction only at the order level but almost failed at
all other taxonomy levels (Figure S3). The pre-trained BarcodeMAE
model achieved good classification accuracy across all taxonomy lev-
elswhen fine-tuned on the COl barcode data of our Gastropoda data-
set. On the testing dataset, BarcodeMAE performed comparably to
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FIGURE 3 Comparison of the performance of the three-staged learning and the domain adaptive method on the validation dataset, testing
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independent test dataset, ‘Acc’ represents the accuracy, and ‘F1’ represents the weighted F1 score of the multi-classification prediction task.

SnailBaLLsp (RNA) which trained only on RNA secondary structure
features of the six barcode types (Figure S3). On the unseen data-
set, BarcodeMAE even outperformed SnailBaLLsp (RNA) (Figure 4).
However, after fusing BarcodeMAE-derived COI barcoding em-
bedding with RNA secondary structure embedding of all barcodes
(Approach 2, Figure 1), the retrained SnailBaLLsp (RNA+DNA) sur-
passed BarcodeMAE on the unseen dataset (Figure 4). This indicates
that, on the one hand, BarcodeMAE trained on 5 million COl barcode
samples indeed provides accurate features for COl barcoding; on the
other hand, SnailBaLLsp's staged hierarchical attention framework
can use the comprehensive features of multi-type barcodes for ac-
curate species classification and enhancing generalization ability.
SnailBaLLsp provides a pipeline for hierarchical classification of
label-unknown multi-barcode sequences. Users can input newly se-
quenced gastropod barcode data for hierarchical prediction. Our
evaluation on the Gastropoda case dataset demonstrated prediction
accuracy comparable to that on the independent unseen dataset

(Figure 5a). Analysis of misclassified cases from both the indepen-
dent unseen and Gastropoda case datasets using the four models of
SnailBaLLsp (RNA+DNA) revealed that 3 orders, 22 families and 104
genera were ineffectively predicted by at least three models (Table S5).
Analysis of sequence and species counts at the order, family and genus
levels for both success and failure prediction groups revealed that
failed orders were associated with lower numbers of constituent fam-
ilies and species, indicating reduced sequence diversity. Failed families
were correlated with lower average sequences per genus and per spe-
cies, while failed genera were linked to insufficient average sequences
per species and low total sequence count (Figure S4). These findings
suggest that misclassified orders, families and genera may suffer from
inadequate training data coverage, lower diversity or small sample
sizes, leading to model performance degradation.

Additionally, we provide scripts for full fine-tuning on new tax-
onomic groups. Users can conveniently fine-tune SnailBalLLsp using
multi-barcode training data from their taxon of interest modifying
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the category numbers at each hierarchical taxonomy level and key
parameters (e.g. learning rate, epochs). In this study, fine-tuning
SnailBaLLsp on Bivalve data yielded excellent performance across
multiple models (Figure 5b), demonstrating its potential as a univer-
sal framework for cross-taxon hierarchical classification.
Furthermore, we examined the sequence length and ge-
netic distance of COIl sequences using predictions from the DA-
Multimodal-full-tune model. Most correctly predicted sequences
were longer than misclassified ones, suggesting that sequence
length influences prediction accuracy (Figure S5). Crucially, in most
cases (271/470=57.7%), the genetic distance between failure and
success prediction sequences (Failure-Success distance) exceeded

the intraspecific distance among success prediction sequences

(a) Genetic distance
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(Distance ratio> 1; Figure 6a). Although some cases showed smaller
Failure-Success distances (Distance ratio<1), the difference be-
tween distances in this group (p=0.012; Figure S6) was substantially
less significant than in the Distance ratio>1 group (p<2.22e-16;
Figure S6). This pattern was more pronounced at the species level:
the maximum excess of Failure-Success over Success-Success
distance reached 168-fold (16,801%), with most species showing
>100% difference (Figure 6b). In contrast, the maximum deficit
of Failure-Success distance was only 83.4% (Figure 6c). Notably,
80.9% (241/298) of Failure-Success distances in the Distance
ratio>1 group still significantly exceeded the 2.38% intraspecific
divergence threshold, which was derived from the median Success-
Success distance (Figure 6d, Figure S7). These findings indicate that
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COlI sequence divergence within species potentially contributes to

species-level misclassification.

4 | DISCUSSION

We constructed a deep learning model, SnailBalLLsp, to conduct
species classification prediction for major groups of Gastropoda.
It is capable of handling multi-type barcoding data with incomplete
sample coverage while simultaneously providing predictions across
all taxonomy levels from subclass to species. The model addressed
two critical challenges. First, due to the large number of COl sam-
ples in the current barcoding database and the scarcity of other
types of DNA barcoding, and the inability to achieve sample match-
ing, previous models relied only on the single COI barcode (Arias
et al., 2025; Gao & Taylor, 2024; Safari et al., 2025), thereby ignor-
ing the incomplete lineage sorting effects in species classification
and systematic research (Ahmed et al., 2022; Antil et al., 2023; Liu
et al., 2017; Moritz & Cicero, 2004; Steenwyk et al., 2023; Yang &
Rannala, 2010). Second, although trained on data with clear labels
at each taxonomy level, previous models did not effectively inte-
grate prior taxonomic knowledge. Their classification predictions at
each level were fragmented, resulting in high prediction accuracy at
the final species level but low accuracy at higher taxonomy levels
(Arias et al., 2025; Gao & Taylor, 2024). Although some studies have
proposed taxonomic text information to map DNA barcoding and
image modalities (Gharaee et al., 2024; Gong et al., 2024), their ac-
curacy for unseen genus-level classification was only 47.03% (Gong
et al., 2024), which remain relatively low. This might be due to the
lack of hierarchical constraints from higher to lower taxonomy lev-
els. To address the two challenges, SnailBaLLsp employs a hierarchi-
cal attention network and a staged curriculum learning method, first
pre-training on the COI sequence dataset with full sample cover-
age and then incrementally training with other barcode sequences
that have lower sample coverage. This architecture mitigates data
distribution inconsistency caused by large differences in sample
coverage across multimodal DNA barcoding data. Additionally,
SnailBalLsp integrates a hierarchical attention mechanism to fuse
prior knowledge across taxonomy levels, enabling progressive con-
straints from higher to lower taxonomic features (Hong et al., 2021;
Liu et al., 2025; Zhang et al., 2025; Zhou et al., 2025) and thereby
emphasizing the multi-granularity of species classification priors.
SnailBalLLsp was trained on a multi-type barcoding dataset of the
main taxa of Gastropoda with complete labels from subclass to spe-
cies. This dataset has the potential to become one of the benchmark
datasets for supervised learning in species classification based on
DNA barcoding. Our fully labelled dataset of Gastropoda contains
76,577 distinct original COl sequences and has been expanded to
101,607 sequences through augmentation. It is comparable to the
current largest insect COIl barcoding dataset, Bioscan-5M, which
contains 118,051 COI sequences used for supervised training
(Gharaee et al., 2024). In addition, our dataset involves a total of
11,295 Gastropoda species, which is also comparable to the 11,846

insect species in Bioscan-5M's supervised training set (Gharaee
et al., 2024). A novel feature of our Gastropoda dataset is that it pro-
vides not only the largest number and most comprehensive sample
coverage of COI sequences of Gastropoda but also includes other
common barcoding data of molecular markers such as 16S rRNA
(with a sample coverage of 16.4%), H3, 18S rRNA, ITS1 and ITS2,
which are not available in most existing barcode datasets. However,
due to data availability constraints, the current Gastropoda dataset
is limited to two major subclasses. Future work could incorporate
data from the remaining Gastropoda subclasses. It should be noted
that we employed supervised learning methods and have not yet
used unlabelled Gastropoda sequence data. Future studies could
expand to include unlabelled Gastropoda data for unsupervised or
semi-supervised learning. One potential prospect is that the barcod-
ing data we constructed for this important group, Gastropoda, could
serve as an additional training data source for current barcoding-
based foundation models (Arias et al., 2025; Gao & Taylor, 2024;
Safari et al., 2025), potentially further enriching COI feature repre-
sentations. Moreover, our dataset does not include species image
data. The combination of images and DNA has been shown to im-
prove species identification accuracy (Hofmann et al., 2024; Yang
et al., 2022), which also represents a growing trend in integrative
taxonomy studies (Hunt et al., 2025; Karbstein et al., 2024; Meier
et al., 2025; Miralles et al., 2024). Further research on integrating
DNA barcoding with image data for gastropod species identification
is therefore warranted.

Our results confirm that the RNA secondary structure fea-
tures of barcode sequences can serve as effective species classi-
fication features (Acharya et al., 2022; Mohanty et al., 2023; Pere
et al., 2024), expanding the application of RNA secondary structure
of COI barcode in species identification. When models were con-
structed using only RNA secondary structure features for each bar-
coding (Approach 1, Figure 1), performance significantly surpassed
that of BarcodeMamba and achieved comparable performance to
BarcodeMAE on the testing dataset. However, our performance on
the unseen dataset still did not reach that of BarcodeMAE (Figure 4).
A likely reason is that our gastropod dataset does not contain a large
volume of unlabelled data, and the overall sample size is far smaller
than the 5-million-sample dataset used by BarcodeMAE (Gharaee
et al.,, 2024; Safari et al., 2025). This resulted in the model built
solely on RNA secondary structure features exhibiting slightly lower
generalization capability on unseen species compared to the SOTA
foundation model. However, when we further fused the COIl barcod-
ing embedding derived from BarcodeMAE, the model's predictive
power for the unseen dataset exceeded that of BarcodeMAE. This
outcome demonstrates two key points: (1) BarcodeMAE currently
represents the optimal and indispensable approach for representing
COl barcoding features; and (2) fusing the RNA secondary struc-
ture features with specialized DNA barcoding features can enhance
model performance. Regrettably, apart from COI, there are currently
no specialized foundation models pre-trained on other DNA barcod-
ing sequences (such as 16S and ITS). This is one reason why our study
utilized only RNA secondary structure features for the other five
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barcoding types. While numerous cross-species DNA foundation
models have been currently developed to capture deep features of
DNA sequence, such as DNABERT-2 (Zhou et al., 2024), GPN-MSA
(Benegas et al., 2025), Caduceus (Schiff et al., 2024), HyenaDNA
(Nguyen et al., 2023), Evo2 (Brixi et al., 2025). However, the main
focus of these foundation models has been mostly on biomedical
tasks such as variant effect prediction (e.g. Benegas et al., 2025) and
gene functional element prediction (e.g. Nguyen et al., 2023). There
is relatively little research on their application in the field of species
classification, and their species classification performance was not
as good as the foundation models trained specifically for barcoding
sequences (Arias et al., 2025; Gao & Taylor, 2024; Safari et al., 2025).
This presents a potential research direction for ecologists and bioin-
formaticians: developing specialized barcoding classification models
tailored for species identification and systematic analysis. Such mod-
els would be easier to train, require less computational resources, be
more lightweight than genome-based foundation models and could
potentially deliver superior species classification accuracy, which
would significantly advance species classification and biodiversity
research.

SnailBalLLsp provides an end-to-end intelligent barcode-based
species classification method for major Gastropoda taxa for the first
time. It can predict classification at taxonomy levels from subclass
to species—for input consisting of either a single COI barcoding or
a combination of multiple barcoding types. In practical research
scenarios, if sequencing all the six barcoding types is not feasible,
ensuring at least the two typical barcoding types of COIl and 16S
could still improve species classification accuracy (Figure 2). Another
advantage of SnailBaLLsp is that it can achieve prediction accuracy
of over 79.78% at the family level and other higher levels even when
the classification of a barcoding sequence is still difficult to deter-
mine in lower taxonomy levels (such as genus and species). This
makes it a powerful tool for determining high-taxonomy-level clas-
sification of unknown or taxonomically challenging specimens. This
feature holds promising potential for application in studies that use
DNA metabarcoding techniques to detect multiple species within
environmental or biological samples (Kartzinel et al., 2025; Meier
et al., 2024). For instance, it can accurately assign specimens to the
family level within mixed-species samples, preventing misclassifica-
tion at higher taxonomic levels.

It is reported that Gastropods show wide variation in COIl and
other mitochondrial sequences between species and populations
(David et al., 2022; Davison et al., 2024; Thomaz et al., 1997). For
species with both success and failure predictions by SnailBalLLsp,
most misclassified sequences exhibited higher intraspecific genetic
divergence. This indicates that the decreased species-level perfor-
mance does not reflect methodological limitations but is largely
influenced by the extreme intraspecific COI divergence (Figure 6),
which was commonly observed in gastropods (David et al., 2022;
Davison et al., 2024; Thomaz et al., 1997). These findings suggest
that future improvements should focus on enhancing model training
to better recognize high divergent sequences and accurately extract
their species-specific features. Furthermore, sequence diversity and
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quantity across taxonomic levels, as well as quality factors such as se-
quence length, significantly impact prediction accuracy (Figures S4
and S5). For instance, species of Enidae, which have disputed taxo-
nomic status (Ye et al., 2024), exemplify this issue due to the limited
number of available barcoding sequences for their respective genera
and species, making them difficult to predict successfully (Table S5).
We anticipate that model performance can be further improved as
both the volume and quality of gastropod barcode data continue
to grow. When applying the current SnailBaLLsp model, users are
advised to ensure sequence length is as complete as possible and
to exercise caution when interpreting lower-level predictions for
taxon groups with lower documented accuracy. It is recommended
to initially rely on higher-level taxonomic predictions for preliminary
screening, followed by additional phylogenetic and taxonomic vali-
dation for finer-level classifications.

SnailBalLsp still has limitations. It currently does not include
other, less species-rich gastropod subclasses or unlabelled gastropod
barcoding data. Consequently, its performance in predicting lower
taxonomy levels such as species level for unknown species needs
further improvement. In addition, due to the lack of specialized DNA
foundation models for other barcode types, or the unclear efficacy
of existing DNA foundation models in capturing the deep features of
DNA barcoding, features in DNA level for barcodes other than COI
have not yet been incorporated. Future work could integrate deep
DNA features for other barcode types into our framework. Finally,
at present, only supervised learning methods have been used in
this study. In the future, unsupervised or semi-supervised learning
could be combined to further improve the classification accuracy of
Gastropoda species.

Overall, our deep learning model SnailBaLLsp constructed by
multi-type DNA barcoding data will serve as an important exemplary
model for species identification. It does not seek to replace taxono-
mists, but rather provides an important interface for integrating mo-
lecular (DNA package barcode) and morphological (image) data using
artificial intelligence in future integrative taxonomy studies, thereby
promoting future biodiversity research, ecological and environmen-

tal monitoring and invasive alien species management.
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on the testing dataset across different taxonomy levels among
various models.

Figure S4. Sequence characteristics of failure predictions at the
order, family, and genus levels.
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levels.
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