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Abstract 

Cryptic species complexes pose fundamental challenges to biologists, as species 

exhibit minimal morphological differences that require integrating morphology, genet-

ics, and biogeography for identification. Here, we present a deep learning approach 

to support species identification in the freshwater snail genus Radomaniola (Hydro-

biidae), a morphologically cryptic group from the Balkans. Our approach mirrors the 

integrative workflow of expert taxonomists by combining shell images, morphometric 

measurements, and collection‑site metadata, with optional phylogenetic information. 

Despite being trained on fewer than 700 specimens across 20 visually similar spe-

cies with strongly imbalanced class sizes, the system achieved high identification 

performance. Careful control of spurious correlations, such as those arising from 

site‑specific imaging conditions or overly precise geographic metadata, was essential 

to ensure that the network learned biologically meaningful features. Across all exper-

iments, integrating multiple data types and jointly optimizing meaningful embeddings 

and classification consistently improved performance over image‑only and classifi-

cation‑only baselines. On specimens from collection sites seen during training we 

achieved a macro-averaged F1 score of 0.93. Even though this dropped as low as 

0.14 when evaluating on specimens from previously unsampled localities, it could be 

rapidly recovered by retraining with 2–3 newly labeled specimens. Additionally, model 

top-3 accuracy stayed consistently above 80% in all settings. These results show that 

relatively lightweight deep learning models can provide practical decision support in 

real taxonomic workflows.
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Author summary 

Taxonomy, the identification and classification of species, is a time‑consuming 
task that relies heavily on scarce expert knowledge. In this study, we use Sia-
mese neural networks to support the classification of freshwater snails of the ge-
nus Radomaniola, a group in which species are notoriously difficult to distinguish 
based on shell morphology alone. Unlike many machine learning applications 
that depend on thousands of labeled examples, our system learns effectively 
from fewer than 700 specimens distributed across 20 visually similar species 
with very uneven sample sizes. This is achieved by combining high‑quality shell 
photographs with morphometric measurements and collection‑site information, 
and by explicitly reducing confounding factors such as site‑specific backgrounds 
and imaging conditions. We further test the system in realistic scenarios, in-
cluding cases where specimens originate from previously unsampled sites and 
where expert labels become available only gradually. These experiments show 
that the method can provide useful candidate species suggestions and quickly 
improve as new labeled specimens are added. Overall, our work illustrates how 
deep learning can be integrated into taxonomic workflows as a practical aid, 
while leaving final decisions and species delimitation to human experts.

Introduction

Reliable species identification is a fundamental requirement for taxonomic research 
(i.e., classification of organisms) and a critical first step in many areas of biology, 
including conservation, ecology, and evolutionary studies. Key tasks in these fields, 
such as mapping species distributions, estimating divergence times, monitoring pop-
ulation sizes, or understanding ecological preferences, depend directly on accurate 
identifications. At the same time, the demand for reliable species-level data is rapidly 
increasing due to global challenges such as biodiversity loss [1], climate-driven range 
shifts [2,3], and large-scale ecological monitoring efforts [4]. In parallel, the mass dig-
itization of natural history collections has produced vast image-based datasets [5–7], 
many of whose specimens remain unidentified or only coarsely and sometimes incor-
rectly labeled [8]. However, the number of trained taxonomic experts is limited and, 
in many groups, declining [6,9,10]. This growing imbalance between the demand for 
identification and the available expertise highlights the need for scalable, automated 
approaches to species recognition.

Species classification and identification often require years of training and special-
ization within a particular taxonomic group. Such expertise is unevenly distributed 
across the tree of life and is especially scarce for inconspicuous or morphologically 
simple organisms, which nevertheless represent a large proportion of biodiversity 
[11,12]. The problem is further compounded in taxonomic groups that contain com-
plexes of visually similar or cryptic species, where interspecific differences are subtle 
and difficult to interpret, even for trained specialists [13]. In these contexts, machine 
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learning approaches have the potential to accelerate identification and support taxonomic workflows by providing prelimi-
nary classifications for both experts and non-specialists [14–23]. However, most existing systems rely on large, balanced, 
and standardized image datasets, conditions that are rarely met in real taxonomic studies. Instead, many datasets are 
small, imbalanced, and geographically structured, with substantial intraspecific variation across populations [6,16–19]. 
Under these circumstances, relying on a single data modality may be insufficient. Integrating multiple sources of infor-
mation, such as images, morphometric measurements, and contextual metadata, offers a promising strategy to capture 
complementary signals and improve generalization in realistic taxonomic scenarios.

Here, we address this challenge using the freshwater snail genus Radomaniola Szarowska, 2007 as a model system. 
This genus exemplifies the challenges of cryptic species identification: its members are morphologically similar gastropods 
(2–4 mm shell length) inhabiting springs and flowing waters primarily in the Balkan region [24–26], with species delimita-
tion relying primarily on genetic and subtle anatomical characters [25]. As illustrated in Fig 1, morphological differences 
between species are minimal even for trained taxonomists.

Current taxonomic practice requires multiple, labor-intensive steps, including transferring specimens to a laboratory, 
detailed examination under a binocular microscope, specimen dissection, DNA extraction, and meticulous comparison 
with other species within the genus. Additionally, the limited number of experts and their lengthy training process can 
further delay species identification.

Building a machine learning system to support this taxonomic workflow poses several challenges. First, deep learning 
systems typically require large amounts of data to perform well. Our dataset of ca. 700 specimens was collected over 18 

Fig 1.  Shells of six cryptic Radomaniola species. a: R. curta, b: R. jovanovskae, c: R. mostarensis, d: R. nachtigallae, e: R. seminula, f: R. 
szarowskae.

https://doi.org/10.1371/journal.pcbi.1014733.g001
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years [25], reflecting the realistic constraints of taxonomic fieldwork, such as remote collection localities, difficulties related 
to sampling endangered or rare species, and problems with targeted collection because species identity is often unknown 
prior to collection and analysis. This results in severely imbalanced class representation.

Second, specimens collected across different sites and years introduce potential confounding variables (e.g., heteroge-
neous imaging conditions, background variation) that could be exploited as “shortcuts” [27] by machine learning systems 
rather than learning biologically meaningful features.

Third, taxonomic data are inherently specimen-centered rather than species-centered. Intraspecific variation across 
populations may approach or exceed interspecific variation, particularly in widespread or geographically structured spe-
cies [6,16–19].

To address these challenges, we developed a multimodal deep learning system that mirrors the integrative approach 
of taxonomists by combining shell images, morphometric measurements, and genetic information. Our system is based 
on Siamese networks, which have shown promise for learning from small, imbalanced biological datasets [22,23]. We 
demonstrate that this approach achieves high classification accuracy despite severe data limitations, and we evaluate 
performance under realistic scenarios including classification of specimens from previously unsampled localities and 
incremental learning as new specimens are identified. Our work demonstrates that computational approaches can effec-
tively support taxonomic workflows while preserving the essential role of expert knowledge, potentially helping to address 
the “taxonomic impediment” [6] by making taxonomic expertise more accessible and efficient.

Dataset

The dataset used in our work is a comprehensive set of Radomaniola specimens, collected over multiple years and 
classified by domain experts. It consists of 697 specimens distributed across 20 species and 31 collection sites. For each 
species, between 5 and 88 specimens are available, occurring at 1–5 distinct collection sites. At each collection site, only 
a single species is encountered. As illustrated in Fig 2, the dataset is severely imbalanced, with multiple species (classes) 
represented by fewer than 10 specimens.

Fig 2.  Class imbalance in the Radomaniola dataset. Number of specimens per species ranges from 5 (R. albanica) to 88 (R. mostarensis), reflecting 
realistic constraints of taxonomic fieldwork.

https://doi.org/10.1371/journal.pcbi.1014733.g002
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For each specimen we have a high-resolution photograph available (see Fig 1), in combination with a series of morpho-
metric measurements and metadata from the collection site. All images were taken with the same camera system, a Key-
ence VHX 2000 digital microscope in combination with the VHX-2000 communication software v. 2.3.5.0 (Keyence  
Corporation). Not all specimens were preserved; for dissected individuals the shell had to be broken to allow examination of 
the soft parts. For the remaining specimens, the shell (and the specimen) is preserved and deposited in the Justus Liebig 
University Giessen (UGSB) collection. All specimens were photographed aperture side up. However, their orientation, dis-
tance to the objective, relative size in the image, and spatial resolution (µm per pixel) differ between images; even though rel-
ative size in the image and spatial resolution are relatively consistent across photographs from the same collection site. The  
specimen-specific measurements consist of shell length, shell width, aperture length, aperture width, width of body whorl, 
and width of penultimate whorl. These variables are standard morphometric characters commonly used in species delimi-
tation and taxonomic studies of Hydrobiidae [28,29]. Collection site metadata consists of country, geographic coordinates, 
habitat type following IUCN standards [30], local temperature and precipitation from the WorldClim database [31], geolog-
ical information from The Geological Map of Europe [32], and elevation; all assigned based on collection site coordinates. 
Climate and geological data were extracted using R v4.3.2 [33], with the packages terra v1.7-55 [34] and rnaturalearth v0.3.4 
[35]. The cophenetic distances used in this study were derived from [25], presenting a species classification tree based on 
Bayesian coalescence. We transformed this phylogenetic clustering into a pairwise distance matrix that indicates similarity 
between species in time units. Lower distances indicate greater genetic similarities between two species.

Genetic data were not obtained for every individual specimen. Typically, between one and three specimens per popula-
tion were DNA-sequenced. However, Radomaniola species rarely co-occur at the same locality. In addition, approximately 
half of the specimens were dissected and their species identity was independently confirmed using anatomical characters. 
Therefore, species assignments are considered reliable despite the lack of genetic data for every specimen.

Spurious correlation analysis

We analyzed the dataset for potential spurious correlations to ensure that our system focuses on biologically meaningful 
features rather than artifactual shortcuts. We identified an issue with the specificity of the site-related geographic coordi-
nates and temperature data, which allowed unique identification of collection sites. Because each collection site contained 
only a single species, models could overfit on site-specific features and simply learn which species was encountered at 
which location instead of learning generalizable features relevant to the taxonomy task. We verified this issue by training a 
random forest classifier to predict species using (i) all features, (ii) only geographic coordinates, temperature information, 
elevation, and precipitation. In both cases, this simple classifier could predict the correct species with 100% accuracy. 
However, when these site-specific features were removed, the accuracy dropped to slightly above 80%, confirming that 
these variables enabled shortcut learning rather than contributing to genuine classification ability.

It is important to emphasize that the excluded variables are not necessarily unimportant for species classification. For 
taxonomists, geographic location and environmental parameters are important descriptors of species habitats. However, 
in their current form (precise coordinates uniquely identifying sites), these features might be unsuitable for machine learn-
ing because they prevent the model from generalizing to new, unsampled locations. We therefore retained only  
country-level geographic information, which provides coarse biogeographic context without enabling memorization of spe-
cific collection sites. For Radomaniola, country correlates with species composition but multiple species may occur within 
the same country, thus preserving biological signal while avoiding overfitting. The full set of features used, together with 
their value ranges and how they were pre-processed, is included in Table 1.

Image and feature preprocessing

The goal of image and feature preprocessing was to minimize spurious correlations from the dataset and enable our 
system to learn biologically meaningful features. Based on the results of our spurious correlation analysis, we removed all 
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collection site metadata that allowed identification of a specific site, such as precise geographic coordinates, temperature, 
elevation, and precipitation. The retained features include country, habitat type, geological information, and shell-specific 
measurements. Furthermore, we processed images to remove information that might enable collection site identification. 
Specifically, we removed image backgrounds, unified the snails’ relative size, and normalized orientation to ensure the 
model focuses on visual features of the shell, rather than relying on differences in scaling or orientation. This standardiza-
tion is particularly important for shell size, where the model should rely on the precise morphometric measurements rather 
than apparent size in photographs. Image processing was performed with custom software based on Meta’s Segment 
Anything Model 2 [36]. An example of the original and the processed image is shown in Fig 3.

Table 1.  Shell measurements and collection site metadata with values and preprocessing.

Feature Values Preprocessing

Aperture length [mm] 0.60-1.53 (1.00 ± 0.15) BatchNorm

Aperture width [mm] 0.22-1.30 (0.82 ± 0.13) BatchNorm

Shell length [mm] 1.30-3.33 (2.09 ± 0.44) BatchNorm

Shell width [mm] 0.81-2.10 (1.42 ± 0.23) BatchNorm

Width of body whorl [mm] 0.70-2.00 (1.26 ± 0.22) BatchNorm

Width of penultimate whorl [mm] 0.41-1.36 (0.79 ± 0.19) BatchNorm

Country of collection ‘Albania’, ‘Bosnia and Herz.’, ‘Croatia’, ‘Greece’, 
‘Montenegro’, or ‘North Macedonia’

One-hot encoding

ecoregion code (FEOW) 418, 419, 420, 421, or 424 One-hot encoding

Geological information Three flags: geol_carb, geol_silic, geol_volc None

Numerical features are listed with value range, mean, and standard deviation. Categorical features are 
listed with the set of possible values. Numerical features were scaled with a learnable BatchNorm layer, 
categorical features were one-hot encoded.

https://doi.org/10.1371/journal.pcbi.1014733.t001

Fig 3.  Example of Radomaniola shell-image processing. Left: original image with natural background, right: processed image with removed back-
ground, standardized orientation, and cropped to size.

https://doi.org/10.1371/journal.pcbi.1014733.g003
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Materials and methods

Our system integrates images, shell measurements, geographic features from collection site metadata, and genetic information. 
We use these multimodal inputs to simultaneously learn an intermediate representation that captures specimen similarities and 
how to optimize classification performance. In the following, we therefore briefly cover the fundamentals of multi-task learning, 
multimodal learning, and similarity learning, before presenting the architecture of our final system, and implementation details.

Transfer learning and multi-task learning

Training deep learning systems on small datasets can easily result in poor performance and overfitting. Two effective tech-
niques to mitigate these issues are transfer learning and multi-task learning. In transfer learning, also known as fine-tuning, 
the network is first trained on a different, generally much larger dataset. The idea is that during this pre-training phase, the 
network learns expressive intermediate features that can be leveraged to achieve high performance on similar tasks [37,38].

Multi-task learning aims to enhance performance by exploiting knowledge from related tasks, for example by learn-
ing multiple tasks simultaneously while using a shared intermediate representation. This approach has been shown to 
improve generalization and model performance compared to models trained for the tasks in isolation [39–41], and it can 
also help alleviate limitations associated with small datasets [42]. A key challenge in multi-task learning is combining the 
multiple objectives into a single loss function. Loss functions often vary in scale, making the naive approach of weighted 
combinations difficult to tune. In addition, the value ranges and the magnitude of the losses can change during training. 
The approach proposed by Kendall et al. [41] addresses this by learning optimal loss weights during training based on the 
observed variance of the individual loss functions.

In our system, we use a convolutional neural network (CNN) pre-trained on more than 1 million images across 1000 
classes of the ImageNet dataset [43] to extract expressive image features. This helps us overcome the limitations of our 
small dataset and provides a solid foundation for capturing meaningful image features. To address differences in loss 
scales between embedding- and classification loss, we adopt the method proposed in [41] to dynamically learn appropri-
ate loss weights during training.

Multimodal learning

In multimodal learning, the system learns from multiple input modalities simultaneously [44,45]. Instead of relying only 
on tabular data, text, or images, the system integrates and learns a combination of these modalities. The rationale is 
that each modality captures different aspects of the data, and learning from multiple modalities can potentially lead to 
improved performance [45]. The key challenge in multimodal deep learning is how to efficiently represent the different 
modalities. A common solution involves creating a separate set of layers for each modality to compute intermediate repre-
sentations, which are then projected into a joint space. This joint representation is then used for downstream tasks, such 
as classification [45,46]. Previous research has shown that this approach allows for the entire network to be trained end-
to-end to simultaneously learn efficient representations of the different modalities and perform the task at hand [44,47–50].

In this work, we have four modalities of data available: images, shell measurements, collection site metadata, and 
genetic information. These modalities were identified by domain experts as central to the taxonomic classification process. 
Images capture structural shell details, genetic data inform about the relationships between species, and shell measure-
ments and collection site metadata provide complementary attributes that are difficult to learn from images alone. By 
integrating these complementary features through multimodal learning, our system improves decision accuracy.

Similarity learning

A technical approach to alleviating the limitations of small datasets is to focus on learning a similarity metric on input data 
rather than directly training a classifier. This includes embedding the inputs, that is mapping the inputs to high-dimensional 
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real vectors such that the easy-to-compute similarity between these vectors reflects the more difficult-to-formalize similar-
ity between the inputs [22,23,51–54].

One approach to learning this mapping is through Siamese networks [54,55]. Siamese networks are trained on pairs of 
inputs to produce small distances between the embeddings of inputs from the same class and large distances between 
embeddings of the inputs from different classes [54,55]. This approach has been shown to work well with the compara-
tively small datasets used in biological applications, where the datasets often have many classes and few samples per 
class. Examples include the classification of snakes [23] and plants [22].

An extension of Siamese networks are triplet networks [52], which are trained not on pairs, but on triplets of inputs: an 
anchor, a positive example from the same class as the anchor, and a negative example from a different class. The training 
goal is to produce small distances between the embeddings of the anchor and the positive example and larger distances 
between the embeddings of the anchor and the negative example. This can produce embeddings that capture the similar-
ities in the underlying dataset in a way that is better suited for classification tasks [52,56]. In addition, these embeddings 
have been shown to work well with imbalanced datasets and with only a few samples per class [56]. A drawback of triplet 
networks is their sensitivity to the selection of triplet candidates [56–58]. Extensions have been proposed that replace the 
positive and negative examples with learnable class centers [58,59], or replace the fixed margin with a learnable class- 
dependent margin [60]. For a comprehensive review of embedding techniques, we refer to [61]. In their benchmark 
comparisons, the authors showed that there is no single “best” method for embedding learning, performance depends on 
dataset specifics. They also showed that Siamese networks and triplet networks form a strong baseline over which often 
only marginal improvements are possible.

Siamese networks, triplet networks, and their extensions are supervised methods that rely on class labels to optimize intra- 
and inter-class similarities. A different approach are self-supervised learning (SSL) methods that do not rely on the availability 
of class labels and instead work with unlabeled data [62–66]. Instead of finding positive and/ or negative samples based 
on class labels, these methods use augmentations to create different “views” of the same input sample. Then, the similarity 
between views from the same sample is increased, and the similarity between views from different samples is decreased. 
This allows learning on large datasets without reliance on human annotators [67], which, especially in taxonomy, are often 
a bottleneck. At the same time, it was demonstrated that SSL methods can produce representations that allow classification 
performance at the same level as fully supervised methods [62–66]. These methods can be of special relevance for taxo-
nomic approaches, as they also allow learning from large collections of specimens that did not go through the time-consuming 
manual taxonomic process yet. SSL methods can also be used in combination with supervised methods to allow learning from 
large batches of unlabeled data, while also including potentially available class labels to improve the representations [68–70].

In our work, we leverage similarity learning approaches to produce meaningful representations that help us address the 
challenges posed by our small, imbalanced dataset, for which many classes are represented only by a small number of 
samples. In addition, we leverage a combination of supervised and self-supervised learning to learn from both unlabeled 
data and the available labeled data.

System description

The goal of our system is to learn a robust classification of the small and severely imbalanced Radomaniola dataset by 
integrating data from multiple modalities. As illustrated in Fig 4, our system consists of the following steps:

•	 Image feature extraction,

•	 Integrating image features, shell measurement, and collection site metadata into a joint representation,

•	 Learning embeddings from the joint representation,

•	 Using embeddings for classification.
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The backbone of our system is a MobileNetV3-small network [71], pre-trained on the ImageNet dataset [43], which 
maps input images to 128-dimensional image feature vectors. During training we only optimize the last layers, namely 
convolutional block 5, conv head, and the classifier layer that outputs the 128-dimensional image feature vector. All other 
parameters, including convolutional blocks 0-4 remain fixed to their pre-trained values. To better balance the number of 
measurements with the number of image features, we upscale the measurements to 64 with a single fully-connected 
layer. The upscaled measurements are then integrated into a joint representation through concatenation with the image 
feature vector, as illustrated by the Concat layer in Fig 4. This joint representation is then mapped to a 128-dimensional 
embedding with two fully-connected layers. The embedding is optimized using the contrastive loss [53,72] commonly used 
in Siamese networks [22,23,51]. For inputs x1, x2 and margin m, the contrastive loss is given as:

	 Le
(
x1, x2,Y

)
= Y · d

(
x1, x2

)
+ (1 – Y) ·max

(
0, m – d

(
x1, x2

))
	 (1)

Here, d(x1, x2) is the distance in embedding space, and Y = 1 if the samples x1, x2 are from the same class, and Y = 0 
otherwise. Optimizing this loss function reduces the distance between the embeddings of samples from the same class 
and increases the distance between embeddings from different classes. Following [73] we L2-normalize embeddings for 
computation of the embedding loss, but use unnormalized embeddings followed by a BatchNorm layer as input for the 
classifier. In addition, both image features and upscaled measurement features are randomly dropped (i.e., set to zero) to 
ensure the model is not only focusing on one modality.

We also aim for biologically meaningful embeddings that capture the similarities between species. To achieve this, we 
replaced the fixed margin m in Equation (1) with a dynamic margin m(x1, x2). The dynamic margin depends on the classes 
of the samples, and instead of a fixed value, it returns a margin proportional to the intrinsic differences between the 
classes. In our system, we used a matrix of genetic distances between species, informed by [25], to capture these intrinsic 
differences between classes. Examples, from our matrix of cophenetic distances include R. bosniaca and R. nachtigallae, 
which have a distance of 2.02, and R. bosniaca and R. wolffi, with a distance of 6.37. The margin between the classes 

Fig 4.  Architecture of the classification system. A pre-trained CNN extracts image features from the input images. The image features and the 
upscaled measurements are concatenated to create a joint representation, which is mapped to an embedding used for classification. Genetic information 
is incorporated only during training to inform the joint optimization of embeddings and classification results.

https://doi.org/10.1371/journal.pcbi.1014733.g004



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014733  September 2, 2026 10 / 29

is then a base margin multiplied by the cophenetic distance. Therefore, the margin between R. bosniaca and R. wolffi is 
approximately three times as large as the margin between R. bosniaca and R. nachtigallae. This is comparable to the 
approach presented in [60], but instead of one learnable margin per sample class, we have a fixed margin for each pair of 
classes. Finally, the embeddings are fed into a classification head, where the loss for input x with true label y, the classifi-
cation loss Lc(x,y) is given by the standard cross-entropy loss for classification tasks.

In addition to supervised embedding learning, Siamese networks can also learn under self-supervision. This is com-
monly achieved with the InfoNCE (sometimes also called NT-Xent) objective [62,63,65,66,68–70] initially introduced by 
Oord et al. in [64]. For a sample xi two views and their embeddings zi and zi* are created. The loss for this sample is then 
‌‌defined as:

	
Le

(
xi
)
= –log

exp

(
sim

(
zi , z

′
i

)

τ

)

∑
k̸=i exp

(
sim

(
zi , zk

)
τ

)
	 (2)

Here, zk are the embeddings of the other samples in the batch, sim is a similarity metric, such as cosine similarity, and 
τ  is a regularization parameter. In contrast to supervised Siamese networks, the self-supervised Siamese network does 
not rely on class information. Instead, the network reduces the difference in embeddings from different views of the same 
image, and increases the difference in embeddings from different images. Importantly, this objective does not rely on 
availability of labels, and therefore also allows inclusion of unlabeled test data during training or other available collections 
of unlabeled data.

A common approach in embedding learning is to first learn embeddings and then either use these embeddings directly 
for classification or train a classifier on the embeddings. In our system, we train the complete network end-to-end, optimiz-
ing for both embeddings and classification simultaneously. We used the approach described in [41] to automatically learn 
appropriate normalization factors for each loss during training. The final loss function for our system is given by the follow-
ing equation, where embedding loss Le, classification loss Lc and their respective weights (se, sc) are jointly optimized:

	 L(x, y) = exp
(
–se

)
· Le(x, y) + 2 · exp

(
–sc

)
· Lc(x, y) + se + sc 	 (3)

Here, the embedding loss of a batch {(xi, yi)} is computed as the sum of the individual contrastive losses over all pairs 
of samples in the batch. This combined loss allows us to leverage the ability of Siamese networks and multi-task learning 
to learn meaningful representations from small sample sizes and imbalanced datasets. At the same time, the weighted 
joint training ensures that the learned representations are well suited for classification and trains the classifier to optimally 
use them for the classification task. Finally, the lightweight MobileNet architecture allows for fast inference and training 
even on systems with limited computational resources.

Implementation details

All experiments were implemented in PyTorch [41]. The implementation of embedding learning is based on the pytorch 
metric learning package [42]. Networks were trained for 20 epochs using a batch size of 64 and the Adam optimization 
method with decoupled weight decay [43]. As optimizer parameters we used a learning rate of 0.001, betas of 0.9 and 
0.999 and weight decay factor of 0.1. The learning rate is decayed with a cosine schedule to 10-8 [74].

Class imbalance was addressed by oversampling during training. Each sample was repeated ki times, so that 
ki · ni ≤ nmax <

(
ki + 1

)
· ni  where ni is the number of samples for species i, and nmax the number of samples available for 

the species with the most samples. The specimen images with removed background are padded to square format. Then, a 
random square region containing at least 70% of the image is selected and resized to 224x224 pixels, as our MobileNetV3 
backbone network was also trained on images of this size. In addition, brightness and contrast of the image were jittered 
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by ±10%, and saturation by ±5% to make the network more robust against slight changes in illumination and to remove 
lighting conditions as a potential confounding variable. Gaussian noise with a mean of 0 and a standard deviation of 0.05 
was applied to the image to introduce additional variance in the training dataset. Finally, images were rotated by a random 
amount, to encourage the network to learn feature locations relative to their position on the shell rather than to their image 
coordinates and to avoid having slight variances in shell rotation as a potential confounding variable. We explicitly avoided 
the common technique of flipping images, as this would transform the images of dextral shells into pseudo-sinistral ones. 
Since such snails actually exist in nature, this image transformation could have serious biological implications, especially if 
a future dataset contained both dextral and sinistral shells. Shell measurements were augmented by multiplying them with 
Gaussian noise with a mean of 1 and a standard deviation of 0.025, adding variability and reducing overfitting. Data were 
normalized by prepending a batch norm layer to the network. For testing, images were resized to 224x224 pixels, but no 
further augmentations were applied to images, shell measurements, or collection site metadata.

Classification-only models and SSL embeddings were trained on randomly sampled batches. For supervised embed-
dings we follow the approach outlined in [61], where for a training batch first 16 classes are selected at random, and then 
the batch is constructed from four random samples from each of the selected classes. Using this class-balanced sampling 
for supervised embedding learning was shown to produce more meaningful embeddings [61]. We select the number of 
class-balanced batches so that supervised embedding models see the same amount of data as the other models during 
each training epoch.

Evaluation

In our experiments, we measured performance using the macro-averaged F1 score, as well as top-3 accuracy on the test 
dataset. F1 score is the harmonic mean of precision and recall, defined as

	 F1 = 2 ∗ precision·recall
precision+recall =

2·TP
2·TP+FP+FN 	 (4)

with number of true positives TP, false positives FP, and false negatives FN. The macro-averaged score is then the arith-
metic mean of the per-class scores. Macro-averaged F1 score has a value between 0 and 1. A high score indicates that 
the system consistently predicts the correct species, even for specimens from underrepresented species. This provides 
a better performance measure than accuracy, as it gives equivalent weight to both precision and recall. In addition, with 
macro-averaging low performance on a species with few samples cannot be overshadowed by the high performance of a 
species with many samples.

In addition, we evaluated the top-3 accuracy of our models, which is the fraction of predictions, where the correct spe-
cies is among the three predictions with the highest confidences. This metric is reflective of a real-world setting, where the 
system is not used as a replacement for a taxonomist, but instead as a support system that provides a short list of three 
likely candidates for the taxonomist, so they can restrict their efforts to likely species.

Following [63,65,75], we evaluated the model performance by training a 3-Nearest Neighbor (KNN) classifier on the 
training dataset embeddings. After training, we computed the embeddings for all training and test samples. Test samples 
are then assigned to the class that occurs most frequently among their three closest training samples in the embedding 
space. This allows us to directly evaluate the learned similarity metrics. As an analog to top-3 accuracy in this setting, we 
used the neighbor hit rate, which is the fraction of cases where at least one sample with the correct species is present 
among the three nearest neighbors.

In each of our experiments, we split the data into three disjoint sets: training, validation, and testing. After each train-
ing epoch, the model performance was evaluated against the validation data, and after training, the model with the best 
performance on the validation data was evaluated against the test set. This also helps mitigate potential overfitting, 
where the model still improves performance on the training set, but fails to generalize to different data. We used 5-fold 
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cross-validation stratified by class for data splitting and repeated it five times with different splits to obtain more robust 
results.

Results

Performance on known sites

As a first experiment, we evaluated how well the system performs using various combinations of images, measurements, 
collection site metadata, and genetic information. The baseline is the network trained on images alone, without using mea-
surements or learning embeddings. We compared this baseline with a multimodal network trained on images and mea-
surement data, and with an embedding network trained on images and measurement data with the combined loss function 
from Equation (3). Embedding networks were trained once with a static margin, and once with the dynamic margin that 
includes genetic information. Fig 5 shows the performance of the different configurations.

Learning from images and measurements led to far better performance than learning from images alone; and optimiz-
ing for embeddings and classification further improved performance over optimizing for classification alone. Integrating 
genetic information with the dynamic margin did not improve classification performance over embeddings learned without 
dynamic margin, but self-supervised learning of embeddings and the inclusion of unlabeled test data did.

We also observed large variances in the macro-averaged F1 score across all methods. This variability is likely attributed 
to the limited number of samples available for certain species, resulting in test sets containing only one or two specimens. 
Consequently, the F1 score is either 0 (incorrect prediction) or 1 (correct prediction). With 20 species in total, missing a 
single prediction can therefore result in a drop of approx. 0.05. Indeed, when we investigated the distribution of F1 scores 
by class size (Fig 6), we observed that the smaller classes had a much higher variance, spanning from 0 to 1, whereas the 
performance had consistently high values for larger classes. Only models incorporating self-supervised embeddings and 
unlabeled test data consistently achieved reliable performance in classes with very few available samples.

Fig 5.  Test-set classification performance for different model configurations. The dashed line marks the highest median macro-averaged F1 
score. Including shell measurements and collection site metadata alongside images improves system performance, learning embeddings and classi-
fication simultaneously further increases performance. Integrating genetic information through the dynamic margin did not yield significant changes; 
self-supervised learning and the inclusion of unlabeled test data produced the largest improvements.

https://doi.org/10.1371/journal.pcbi.1014733.g005
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Different methods for embedding learning

In recent years, multiple improvements over Siamese networks have been proposed [61]. We therefore want to evaluate 
the influence of the specific method for embedding learning on the overall performance of our system. Each new method 
proposes a different way of sampling candidates (Siamese networks typically use random tuples), a different loss function 
to the one described in Equation (1), or both. We compared 8 different methods that achieved the best results in a previ-
ous comparison study [61], namely: (1) random tuples with the contrastive loss, (2) triplets with hard positives and semi-
hard negatives with the triplet margin loss [52], (3) triplets with easy positives, semi-hard negatives and the loss function 
proposed in [57], (4) triplets with learned margins [60], (5) the SoftTriple loss proposed by [58], (6) embeddings learned 
with normalized softmax [76], (7) CosFace [77], and (8) ArcFace [59]. For the contrastive loss and triplet margin loss we 
also include variants that use a dynamic margin incorporating genetic information. Method (1) is the Siamese network 
approach described earlier. Methods (2)-(4) are variations of triplet networks. In this context a “positive” refers to a differ-
ent specimen from the same species, while a “negative” refers to a specimen from a different species; “easy” or “hard” 
refers to how similar the specimens seem. For example, a hard positive is a same-species pair, that nonetheless looks 
quite different, and a semi-hard negative is a different-species pair that looks fairly similar. Overall, Methods (1) – (4) com-
pare samples to each other, while Methods (5) – (8) compare samples to learned representatives. In addition, methods 
(4) – (8) have internal learnable parameters, for example a class-specific margin penalty in [60]. These internal parame-
ters were trained jointly with the rest of the network, using the same optimizer and training settings. All methods also have 
non-learnable hyperparameters, such as the target margins between classes. We did not perform a search for optimal 
values for these hyperparameters, but instead used the values suggested by [61,78].

In addition, we also compare multiple self-supervised methods: (9) self-supervised contrastive learning with the 
InfoNCE loss introduced in Equation (2) [62,64], (10) BYOL [63], and (11) DINO [65]. All three of these methods work by 
aligning the embeddings belonging to different views of the same input. Each of these methods is evaluated with and with-
out inclusion of unlabeled training data to investigate if integrating additional unlabeled data improves performance.

Fig 6.  Class-wise test-set classification performance for different model configurations. Variance was very high for classes with few samples, 
spanning from 0 to 1. On the larger classes the models have a consistently good performance.

https://doi.org/10.1371/journal.pcbi.1014733.g006
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Overall, the supervised methods have a comparable performance, with the contrastive loss (Siamese) among the best 
performing. The self-supervised methods differ significantly, with the self-supervised InfoNCE embeddings clearly outper-
forming the other two methods and all self-supervised methods benefiting from the inclusion of the unlabeled test data 
(Fig 7). Because we did not specifically tune hyperparameters, some methods may be slightly underperforming. Rather 
than invest in an extensive search, we proceeded with the supervised contrastive loss and the self-supervised InfoNCE, 
due to their simplicity and effectiveness.

Interestingly, we observe that top-1 performance across all methods is higher if the trained classifier is ignored and 
instead a KNN classifier is applied to the embeddings. In contrast, for top-3 performance, it is the opposite, with top-3 
accuracy higher than the KNN neighbor hit rate. A possible explanation for this phenomenon could be that top-3 accuracy 
always evaluates against three different candidate species, while the three closest neighbors might belong to only one or 
two different species. Due to the superior performance of the KNN classifier, we next investigate if joint learning of embed-
dings and classification provides an advantage over learning embeddings alone (Fig 8). To make the results comparable 
we evaluate embeddings in both cases with a KNN classifier. We observe that including the additional classifier in the 
training improves quality of the embeddings for the downstream classification task, even if its output is discarded.

Performance on unseen sites

In an additional experiment, we aimed to investigate how the system performs when classifying data from previously 
unseen collection sites – a realistic scenario where the system is used alongside a taxonomist to classify new specimens. 
For this, we split the dataset by collection site, ensuring all samples from a given site were included either entirely in the 
training dataset or entirely in the test dataset. For the test dataset, we selected species found at multiple sites; for each, 
we selected the sites with more specimens for training and the remaining ones for testing. Overall, the test dataset for this 

Fig 7.  Test set classification accuracy with different ways of learning embeddings. The dashed line marks the highest median macro-averaged F1 
score. Embeddings learned with the contrastive loss function or the InfoNCE loss and unlabeled test data are among the best performing.

https://doi.org/10.1371/journal.pcbi.1014733.g007
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experiment consisted of 55 specimens from 5 different species and 6 different collection sites, with the species distribution 
shown in Fig 9.

Similar to our previous experiment, we split the training data into training and validation with a five times repeated five-
fold cross-validation split. The model from the epoch where performance was highest on the validation set was then  
evaluated on the test dataset. We compared the performance of the network trained on (1) images, (2) images and 
measurements, and (3) images, measurements, and supervised embeddings (with and without genetic information), (4) 
images, measurements, self-supervised embeddings and unlabeled test data. Based on our previous findings, we evalu-
ated supervised embeddings using the contrastive loss with and without dynamic margin, as well as the self- 
supervised InfoNCE embeddings. We omitted other methods for embedding learning as they did not provide significant 
further improvements.

The results show that the previously observed trend holds: adding measurements improves performance, as does 
training embeddings and classification simultaneously (Fig 10). Again, adding dynamic margins does not significantly 
impact performance. However, there are two interesting observations.

The first observation is that across all configurations, performance drops drastically when tested on specimens from 
collection sites not present in the training set. Again, the best performance is achieved by joint optimization of classifi-
cation and contrastive embeddings and the inclusion of unlabeled test data. However, the advantage over classification 
on multimodal data is much lower. Baseline mean F1 macro score for the multimodal classifier drops from 0.86 ± 0.05 to 
0.14 ± 0.07 and the mean top-3 accuracy dropped from 0.99 ± 0.01 to 0.71 ± 0.09. Including self-supervised embeddings 
and unlabeled test data can improve this to a mean F1 macro score of 0.16 ± 0.03 and a top-3 accuracy of 0.82 ± 0.07, but 
still far below the performance on data from collection sites seen during training. In addition, learning supervised Siamese 

Fig 8.  Test set KNN classification accuracy on embeddings trained with and without an additional classifier. Highest median performance is 
marked with a dotted line. Joint training of embeddings and classification consistently leads to better performing embeddings than training embeddings 
alone.

https://doi.org/10.1371/journal.pcbi.1014733.g008
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embeddings did not improve performance over the baseline and after Holm correction [79], neither method provided sig-
nificant improvements over the baseline.

We then investigated possible causes of the overall much lower performance on data from collection sites not seen 
during training. A qualitative visual inspection found that specimens from the same collection site display high visual 
similarity, but, as is typical for cryptic species, intra-species variance of specimens from different collection sites can be 
significant. In some cases, this intra-species variance is almost as large as inter-species variance, particularly to untrained 
observers (Fig 11).

Fig 9.  Species distributions for training, validation, and test set. Specimens from five species and six collection sites are selected for testing. The 
remaining specimens are split into five folds, stratified by species; four folds are used for training, one for validation.

https://doi.org/10.1371/journal.pcbi.1014733.g009

Fig 10.  Test set performance for different configurations. The dashed line marks the highest median macro-averaged F1 score. Performance is 
significantly lower than on data from known collection sites. Including measurements improves performance, as does learning embeddings and classifi-
cation simultaneously.

https://doi.org/10.1371/journal.pcbi.1014733.g010



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014733  September 2, 2026 17 / 29

Performance on unseen species

As a follow-up experiment, we performed a qualitative analysis of how availability of data from the same species influ-
ences system performance. For this we manually selected three collection sites as a holdout test set. The first site con-
tained specimens from R. curta, for which the training dataset then included data from five other collection sites. The 
second site contained specimens of R. kephalovrissonia, which only occurred at one other collection site. Finally, the third 
site contained R. tritonum specimens, which were only found at this collection site. We trained three models to compare: 
(1) a multimodal classifier, (2) a multimodal classifier with Siamese embeddings, and (3) a multimodal classifier with 
self-supervised InfoNCE embeddings also trained on the unlabeled test data. Again, we split the training set into 5 splits, 
using 4 for training and one for validation. Models were trained for 20 epochs, then the model from the epoch with the best 
performance on the validation set was evaluated on the test set.

First, we investigated how well the different models were able to predict the correct species (Fig 12). All models reliably 
identified R. curta but mostly failed to identify R. kephalovrissonia. Interestingly, the three models exhibited similar errors, 
with a highly analogous set of candidate species for incorrect predictions. Another interesting observation is that most 
specimens from the unseen class corresponding to R. tritonum are mapped to phylogenetically close species, whereas 
this is less frequently the case for R. kephalovrissonia.

Next, we used t-SNE [80] to visualize a two-dimensional projection of the 128-dimensional embedding space (Fig 13). 
Interestingly, the embedding spaces of the three models exhibited similar structure. Importantly, even in absence of 
explicit optimization, the multimodal classifier already produces meaningful embeddings. In all models we see a num-
ber of well-separated single-species clusters. However, the number of clusters aligns with the number of collection sites 
rather than the number of species. This is most visible in R. curta, which has the highest number of collection sites. Each 
collection site results in a clearly separated cluster of embeddings, but the different clusters are spread out, highlighting 
substantial intra-species variability. Only the supervised Siamese training pulls these clusters closer together. Similarly, 
the specimens from R. variabilis exhibit considerable intra-species variability, resulting in widespread distribution across 
the embedding space when labels are not included (self-supervised training). Another observation is that the high visual 
similarity between some R. curta and R. jovanovskae specimens illustrated in Fig 11 is mirrored in the embedding space 
by the closeness of an R. curta cluster to the R. jovanovskae cluster. Finally, the specimens for the unseen class corre-
sponding to R. tritonum consistently formed a distinct cluster separate from other species in all three models.

We also analyzed the models’ prediction confidence on the test data. We used temperature scaling [81] for confidence 
calibration on the validation set to reduce the error between model output confidence and probability of correctness. In 

Fig 11.  Intraspecific and interspecific variation across collection sites. a, b: R. curta, collected at Site A, c: R. curta collected at Site B, d: R. 
jovanovskae collected at Site D. Samples of the same species collected at the same site (a, b) are much more similar than samples of the same species 
collected from different sites (a,c). To an untrained observer, variance within the same species (a,b,c) can be almost as large as variance between spe-
cies (a,b,d).

https://doi.org/10.1371/journal.pcbi.1014733.g011
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addition, we used Youden’s J statistic [82] on the validation set to identify the confidence threshold where the difference 
between true positive rate and false positive rate is maximal. We then compare the predictions (output class with highest 
confidence) of the three models (Fig 14).

We see that the model trained on classification alone performs worst. It frequently makes confident predictions, even 
when the predictions are wrong. In addition, the confidence threshold from the validation set does not transfer well to the 
test set. The model trained with supervised embeddings and classification performs better, correct predictions tend to 
have a higher confidence than incorrect predictions, and while not many test samples produce confidence values above 
the validation confidence threshold, it translates better than in the classification case. The model trained on self- 
supervised embeddings, classification, and the inclusion of unlabeled test data performs best. Incorrect predictions have 
low confidence, for both known and unknown classes, while most of the correct predictions have a much higher confi-
dence. In addition, the confidence threshold identified on the validation set transfers very well to the test dataset, providing 
a useful heuristic for the identification of incorrect predictions.

Fig 12.  Confusion matrix of model predictions for known and unknown species. All models reliably identify R. curta, but have problems identifying 
R. kephalovrissonia. The pattern of model confusion remains largely uniform across different models, with incorrect predictions being assigned to the 
same set of candidate species. The unseen class corresponding to R. tritonum is mapped to cophenetically close known species.

https://doi.org/10.1371/journal.pcbi.1014733.g012
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Fig 13.  Two-dimensional t-SNE visualization of the 128-dimensional embeddings. Specimens from different species form mostly well-separated 
clusters, in both training and test data. Number of clusters corresponds to number of collection sites, indicating high intra-species variability. Even speci-
mens from novel species form a clearly separated cluster.

https://doi.org/10.1371/journal.pcbi.1014733.g013

Fig 14.  Comparison of maximum confidence outputs for three different models. The dotted line marks the confidence threshold computed using 
Youden’s J statistic on the validation dataset. The model trained on classification alone often confidently predicts an incorrect class. The model trained 
with classification and supervised embeddings tends to have high confidence in correct predictions and low confidence in incorrect predictions. The 
model trained on classification, self-supervised embeddings, and the inclusion of unlabeled test data was the best calibrated. High-confidence predic-
tions are always correct, low-confidence predictions are almost always incorrect, and the confidence threshold identified with Youden’s J statistic on the 
validation set provides a useful heuristic to identify incorrect predictions.

https://doi.org/10.1371/journal.pcbi.1014733.g014
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Lastly, we use GradCAM [83] to investigate which image regions the model uses for its prediction. We qualitatively 
compare three cases: (1) the most confident species when the model makes the correct prediction, (2) the most confident 
species when the model makes the incorrect prediction, (3) the actual species when the model makes an incorrect predic-
tion (Fig 15).

We see that all three models look at similar shell regions to inform their prediction. In addition, almost all of the relevant 
regions are on the whorls, aperture, or the apex of the shell, with minimal emphasis placed on the background.

Performance with incrementally available labels

Based on the good performance demonstrated on data from collection sites seen during training and the bad performance 
on data from collection sites not seen during training, we finally investigated how much labeled data from a collection site 
the system needs for good performance. This simulated the use case in which taxonomists collect specimens from a new 
site and then use the system to support their work. Initially, no correct labels for the samples were available, but as the 

Fig 15.  GradCAM visualization of image regions relevant to the prediction. We compare three cases (1) the model makes the correct prediction, 
(2) the model makes an incorrect prediction, (3) the relevant regions for the actual class if the model makes an incorrect prediction. All models focus on 
relevant parts of the shell. Inspecting activations does not provide a clear heuristic for recognizing incorrect predictions.

https://doi.org/10.1371/journal.pcbi.1014733.g015
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taxonomists perform their work, new labels gradually become available. We aimed to assess how having incrementally 
more labels available influences the system’s performance on data from new collection sites.

One site we selected for evaluation has samples from R. curta, as this is the species encountered at the most distinct 
sites in our dataset. Our selected site consists of 20 individuals, while the other four sites have 10 or 11 individuals each. 
We also selected a site with individuals of R. kephalovrissonia, which was only encountered at two distinct collection sites, 
but has a larger sample size at those sites. The selected site consists of 46 samples, and the other site consists of 20. 
With these two sites, we can investigate whether and how the availability of data from multiple sites influences perfor-
mance on specimens from new sites.

To evaluate performance on a site, we use a five-fold cross-validation with four folds used for training, and one for val-
idation. We then iteratively moved labeled samples from the test set to the training set, trained the system for 20 epochs, 
and evaluated performance on the remaining test samples with the model snapshot from the epoch that performed high-
est on the validation set. This procedure was repeated five times with different splits to obtain more robust results. Train-
ing our system for 20 epochs on the whole dataset required less than five minutes.

As in previous experiments, the inclusion of shell measurements and collection site metadata provides the single larg-
est improvement to model performance, while joint optimization of embeddings and classification only provided minimal 
additional impact (Fig 16). We see that for both species only five additional samples from a new collection site allow 
the models to reliably learn the relevant patterns for identification. In addition, for R. curta good performance is already 
achieved with only one additional labeled sample, while for R. kephalovrissonia additional data is required.

Reduced dataset size

Our dataset contained approximately 700 samples. As most datasets available in taxonomic use cases are of smaller 
size, we were interested in learning how our approach performs with a much smaller dataset. To reduce dataset size, we 
selected up to 2 collection sites per species, with up to 5 specimens per site. This random sampling reduced the training 

Fig 16.  Performance on unseen sites with incrementally added labeled samples. The dashed line marks the highest median accuracy score at 
each retraining. Inclusion of shell measurements and collection site metadata significantly improves performance. In contrast, the different methods for 
additional embedding learning only have minimal impact.

https://doi.org/10.1371/journal.pcbi.1014733.g016
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dataset size to 128 when testing with R. curta and 118 when testing with R. kephalovrissonia, which is much more in line 
with common sizes of taxonomic datasets. In addition, for testing, we also selected 5 random samples from the test site. 
Similar to our previous experiment we conducted a five fold split on the training dataset. We trained on four splits and 
used one for validation. We also iteratively moved labeled samples from the test dataset to the training dataset, retrained 
our system for 20 epochs, and used the model from the epoch with the best performance on the validation dataset to eval-
uate performance on the test dataset. This procedure was then repeated five times with different splits to get more robust 
results. In contrast to earlier findings, the results display much larger variance (Fig 17), and there is no clear best- 
performing model. However, the model including self-supervised embeddings and unlabeled test data (comprising the 
remaining 2–5 samples from the downsampled test dataset) appears to perform marginally better than the others. In addi-
tion to achieving commendable accuracy, it attains a median top-3 accuracy of 1.0 with the inclusion of only two additional 
samples.

Discussion

Species in the cryptic freshwater snail genus Radomaniola can be identified with high accuracy from a combination of 
shell images, morphometric measurements, and basic collection-site metadata, despite their very subtle morphological dif-
ferences that challenge even specialists. This accuracy was achieved under conditions that are typical, and often prohib-
itive for taxonomic datasets; namely a small number of samples and a strong class imbalance. We obtained these results 
with a relatively simple joint optimization of self-supervised and supervised training, demonstrating that data-efficient 
similarity learning is a viable route to computer assistance of demanding taxonomic workflows.

Multimodal inputs and similarity learning improve identification of cryptic taxa

Two aspects of the approach were particularly important. Combining shell images with morphometric measurements 
and basic collection site metadata consistently improved performance over image‑only models. Most computer-vision 

Fig 17.  Performance on unseen sites with small training datasets and incrementally added labeled samples. The dashed line marks the highest 
median accuracy score at each retraining. Variance in outcomes is very high for all models. The model including self-supervised embeddings and unla-
beled test data seems to perform slightly better than the others.

https://doi.org/10.1371/journal.pcbi.1014733.g017
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approaches to cryptic species identification have relied on images alone, whether of wall lizards [14], coral reef fish [15], 
limpets [16,17], whiteflies [18], mosquitoes [19], or nematodes [20]. Our results show that even the inclusion of basic 
morphometric measurements and locality data provides a consistent improvement upon this standard, indicating that the 
information taxonomists routinely record alongside their specimens is worth encoding directly in the model. Jointly learning 
specimen embeddings and species labels further increased accuracy and stability (Fig 5). This is consistent with earlier 
work showing that similarity learning is well suited to the small, imbalanced datasets typical of taxonomy, for example for 
the identification of plants [22], snakes [23] or fish [21]. Our study therefore provides additional evidence that similarity 
learning provides a valuable tool for mitigating the limitations of taxonomic datasets. Among the tested metric‑learning 
strategies, simple self-supervised embeddings using the popular InfoNCE objective [62,63,65,84,85] provided the most 
robust performance (Fig 7). In our system the combination of this self-supervised embedding learning and the classifica-
tion objective allows us to exploit both available labeled samples and additional unlabeled data for optimal performance 
(Fig 8). This is especially relevant to taxonomic workflows, as it further lessens the requirement for large, labeled datasets 
for the efficient application of deep learning methods. In addition, models trained with self-supervised embeddings are 
well calibrated, allowing the identification of incorrect predictions through their low prediction confidence (Fig 14). Finally, 
in contrast to recent large-scale multimodal efforts that combine images with DNA data across millions of specimens 
[86–89], our results show that self-supervised similarity learning strategies remain effective in low-data regimes, without 
genetic input or extensive tuning.

Morphological variation in Radomaniola is structured by population, not species

Performance dropped significantly when the system was applied to specimens from collection sites not seen during train-
ing, even though top‑3 accuracy remained high enough to offer useful candidate lists (Fig 10). A likely cause of this drop 
in performance is that the model’s learned similarity metric clusters specimens at the collection-site level rather than at 
the species level (Fig 13). This is likely not a model failure, as the model is able to reliably form distinct clusters for speci-
mens from known species and new collection sites, as well as previously unseen species (Fig 13). This suggests that the 
model successfully learned to capture similarity between specimens. Therefore this behavior appears to reflect genuine 
biological structure as much of the phenotypic variation is organized at the population or site level. Conspecific popula-
tions from different springs can resemble closely related species just as much as they resemble each other (Fig 11). This 
mirrors recent findings in other shelled mollusks, where cryptic morphological divergence also aligned with genetically 
distinct populations rather than species boundaries [16]. It also suggests that the observed population level structuring 
of shell morphology is not unique to Radomaniola but may be a recurring challenge for the image-based identification of 
other taxa with strong geographic structure. Our study also offers a concrete instance of the geographic generalization 
gap that is increasingly reported in computer vision approaches to biodiversity, where models that perform well on seen 
site data degrade on data from new locations [90–92]. However, our results indicate that in cryptic taxa this gap corre-
sponds to a genuine biological signal, rather than dataset biases, spurious correlations, or overfitting. Additional evidence 
against model failure is the model’s ability to cluster both specimens from known species and new collection sites, as well 
as unknown species (Fig 13). This emerging cluster structure at the locality level instead of species level, and the fact that 
adding phylogenetic information via a dynamic margin did not significantly improve results, suggest that, for Radomaniola, 
molecular data are not essential to building a practical classification system once good images, shell measurements, 
and locality data are available. This also reinforces previous observations of morphostatic evolution in Radomaniola [25], 
where morphological change is decoupled from‌‌ phylogeny.

Annotation efficient adaptation enables practical deployment

From an applied perspective, the most encouraging result is the rapid recovery of performance when a few labeled spec-
imens from new sites are added (Fig 16). Retraining with one or two newly identified specimens already led to substantial 
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gains, and additional labels improved accuracy smoothly and predictably, even when the overall training set was reduced 
to sizes typical of many taxonomic studies (Fig 17). Incremental learning has previously been used in wildlife image classi-
fication to mitigate the location gap, accommodate previously unseen species, and incorporate newly annotated samples 
as they become available [93–95]. The success of incremental learning also connects back to the previously discussed 
site-level population structure. While this population structure degrades transfer to unseen collection sites, it is efficiently 
mitigated once a few labeled specimens anchor the new population. With just a handful of newly annotated specimens, 
the model can rapidly adapt to new localities and continue to support taxonomic work.

Limitations

While our results demonstrate strong performance across multiple realistic scenarios, several limitations should be 
considered. First, we evaluated our approach only with a single genus. Some findings may not transfer to other taxa, 
such as the organization of variation at the population level rather than the species level, or the observed limited impor-
tance of genetic data. Our Radomaniola dataset is also, taxonomically speaking, on the larger side. On the much smaller 
subsampled dataset that better reflects the size of typical taxonomic datasets, effects are less pronounced and show 
substantially higher variance. Furthermore, our approach relies on the availability of high-quality images, which limits its 
applicability under field conditions. In addition, our approach of one-hot encoding categorical variables, such as country 
of origin, cannot handle metadata unseen during training. Including specimens from a country absent from the training 
set would require retraining with re-encoded features. Another limitation concerns potential deployments. As indicated by 
the performance drop on unseen localities (Fig 10), our approach is not suited for static models that are trained once and 
then distributed to users; at least not in taxa like Radomaniola, where variation is largely organized at the population level. 
Although performance can be recovered through incremental learning with a small number of labeled samples from the 
new locality, this also implies that the system needs to be continually retrained as new information becomes available to 
remain useful to taxonomists. Fortunately, even on standard hardware full retraining (less than five minutes on an Nvidia 
GeForce GTX 1660 Super GPU with 6GB VRAM) remains far below the time required for a taxonomist to classify a new 
specimen. Finally, the detailed analysis of performance on unseen species was based on a single set of trained models. 
While the qualitative trends were reproduced across repeated training runs, the specific values should be read as indic-
ative of these trends rather than as precise point estimates, and comparisons of small differences between conditions 
should be treated with corresponding caution.

Conclusions and implications for taxonomy and biodiversity monitoring

In summary, our findings indicate that multimodal Siamese network models can be integrated into taxonomic workflows 
as effective decision‑support tools. They can be trained and retrained quickly on standard hardware, cope reasonably well 
with limited and uneven data, and can be updated as new determinations become available. While they do not replace 
anatomical or genetic analyses, they can reduce repetitive comparison work and help focus expert attention on the most 
ambiguous specimens and populations. Our approach is therefore best understood within an integrative-taxonomy frame-
work [96–98], complementing other types of evidence rather than substituting for them. The model triages specimens and 
surfaces candidates, while the final determinations remain with the taxonomist.

More broadly, our results suggest that data-efficient, multimodal machine learning approaches can support biodiversity 
research even when available datasets are limited. This is particularly relevant given the well-recognized shortage of tax-
onomic expertise [6,9,10]. By enabling faster and more consistent specimen identification, and by remaining trainable on 
modest hardware and datasets, such systems may facilitate biodiversity monitoring and conservation efforts, particularly 
in settings where access to taxonomic expertise and resources is limited.

A further advantage of building the model around self-supervised similarity learning is that the embedding compo-
nent does not, in principle, require labels and can be trained on unlabeled or only partially labeled specimens [62,99]. 
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This opens the possibility of including large numbers of unlabeled specimens from collections or monitoring programs to 
shape the embedding space, while a comparatively small set of expert determinations anchors the species labels. Such 
an approach could further reduce the annotation burden and widen the applicability of the method to taxa and collections 
where labeled material is especially scarce.
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