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Given morphological convergence, cryptic speciation, and severe class imbalance in regional
collection records, accurate taxonomic identification of marine Demospongiae remains a major
challenge in biodiversity monitoring. This study presents a novel computational framework that
integrates imbalanced multi-class deep learning with biologically informed feature engineering to
automate the hierarchical classification of 503 Demospongiae specimens collected from
Mediterranean and Atlantic habitats. We introduce a biologically grounded feature construction
pipeline that encodes morphological, ecological, and evolutionary priors derived from sponge
ontology structures, generating high-dimensional representations compatible with deep neural
architectures. To address strong distributional skew across 7 orders, 42 families, 114 genera, and
230 species, we implement a hybrid imbalance mitigation strategy combining topology-aware
synthetic minority oversampling, adaptive class-weighted sampling, and hierarchical focal loss.
The proposed architecture further employs a multi-task graph convolutional network to jointly
learn taxonomic relationships while preserving hierarchical constraints. Experimental evaluation
demonstrates substantial improvements over conventional machine learning baselines, achieving
macro-averaged F1-scores of 0.89 at the order level and 0.76 at the species level, with notable
gains in recall for underrepresented Atlantic taxa. Ablation analyses further indicate that the
incorporation of bioengineered features significantly enhances model generalization.
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Introduction

The phylum Porifera, which includes marine sponges, is a
fundamental part of benthic ecosystems, helping with
biogeochemical processes, habitat structure, and nutrient
cycles [1]. The class Demospongiae, which includes more
than 85% of known sponge species, is the most diversified
group in this phylum [2]. Expert morphological evaluation of
spicule architecture, skeletal organization, and soft-tissue
properties is the basis for traditional taxonomic identification

of Demospongiae. This approach is laborious, subjective, and
increasingly limited by a lack of taxonomic knowledge [3].
Although molecular barcoding has improved traditional
methods, it is still constrained by gaps in reference databases
and practical difficulties in remote sampling situations. [4].
There are potential opportunities to automate taxonomic
procedures with machine learning. The hierarchical nature of
biological classification systems and the extreme class
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imbalance present in regional biodiversity datasets, where
common Mediterranean taxa greatly outnumber rare Atlantic
counterparts, are two crucial aspects that are often ignored by
current computational approaches. These difficulties are best
shown by the UCI Demospongiae dataset [5], which contains
503 specimens from 230 species, 451 of which are from the
Mediterranean basin, and only 52 of which are from
collections in the Atlantic. Conventional classifiers are
predisposed to majority-class bias because to this imbalance.
compromising identification accuracy for ecologically
significant but underrepresented lineages.

Three integrated contributions are used in this study to close
these gaps:

In order to translate sponge ontology structures (orders —
families — genera — species) into machine-readable
representations that incorporate morphological constraints,
biogeographic priors, and phylogenetic closeness metrics,
this study established a biologically grounded feature
building methodology.

This study created a multi-task graph convolutional network
with hierarchical focal loss that prioritizes minority classes
by dynamically reweighting gradients and explicitly
modeling taxonomic relationships [41-44]. In order to ensure
that model performance represents actual deployment
situations across Mediterranean-Atlantic gradients, this
research has employed a stratified cross-validation technique
that maintains biogeographic dispersion patterns. This work
advances automated taxonomic identification while offering a
transportable framework for unbalanced classification in
biodiversity informatics by connecting marine biological
expertise with cutting-edge deep learning techniques.

Table 1: Demospongiae Dataset Characteristics

applications [7], but these methods had trouble with
hierarchical relationships and feature scalability. With little
focus on poriferan systems, where diagnostic traits are
frequently non-visual or necessitate microscopic inspection,
recent deep learning applications in marine taxonomy have
concentrated on image-based identification of fish [8] or
coral [9].

Table 4: Feature Characteristics

Feature Attribute Details
Total Attributes 42 discrete morphological and ecological
features

Feature Types
Key Features

Integer, Categorical

Spicule type (monaxon, tetraxon,
polyaxon)

Growth form

Skeletal organization

Habitat depth

Body size (mm)

Color code

Surface texture

Oscule diameter

Choanocyte chamber type

Fiber presence

< 3% of entries

k-nearest neighbors within taxonomic
families

Missing Values
Imputation
Method

Table 5: Class Imbalance Metrics

Metric Value

Imbalance Ratio (Order) ~2.8:1 (117 max : 42 min)
Imbalance Ratio (Species)  15:1 (15 max : 1 min)
Geographic Imbalance 8.7:1 (Mediterranean : Atlantic)
Minority Classes 114 genera with <10 specimens
Species with <5 specimens

Characteristic  Description

Dataset Name Demospongiae

Source UCI Machine Learning Repository [5]

Dataset URL https://archive.ics.uci.edu/dataset/190/
demospongiae

Domain Marine Biology / Taxonomy

Task Type Hierarchical Multi-class Classification

Total 503

Specimens

Format NOOS (Lisp-like feature-term representation) /

Prolog clauses

Table 2: Taxonomic Distribution

Number of  Samples per Class Range
Taxonomic Rank  Classes
Order 7 42 - 117 specimens
Family 42 1 - 43 specimens
Genus 114 1 - 34 specimens
Species 230 1 - 15 specimens

Table 3: Geographic Distribution

Region Number of  Percentage

Specimens
Mediterranean Sea 451 89.70%
Atlantic Ocean 52 10.30%
Related Work

Taxonomy of Marine Invertebrates

Rule-based expert systems encoding morphological keys
were used in early sponge classification studies [6]. Support
vector machines and random forests on manually created
morphometric features were used in later machine learning

Imbalanced Learning in Biological Classification

Medical diagnostics and ecological modeling have
demonstrated the effectiveness of class imbalance mitigation
techniques such as synthetic oversampling [10], cost-
sensitive learning [16], and ensemble methods [14]. Their use
in hierarchical biological taxonomy is still unexplored,
though. Because standard SMOTE [10] versions disregard
taxonomic relationships, they may produce synthetic
specimens that are biologically improbable (e.g.,
interpolating between distantly related taxa).

Bio-Informed Feature Engineering

The interpretability of models in ecology [12] and genomics
[11] has been enhanced using feature engineering techniques
that incorporate domain knowledge. Ontology-driven
representations (such as NOOS feature-terms; [5]) offer
organized semantic linkages in sponge taxonomy, but they
must be modified for neural network compatibility. By
explicitly including biological restrictions into feature space
building, this research project expands on this by
guaranteeing that learnt representations adhere to accepted
taxonomic rules.

Materials and Methods

Dataset Curation and Preprocessing

The UCI Demospongiae dataset [5], which includes 503
specimens with hierarchical labels across four taxonomic
grades, has been used in this study. 42 distinct morphological
and ecological characteristics (such as spicule type, growth
shape, and habitat depth) were extracted by parsing raw data
in NOOS format. In order to maintain biological coherence,
missing values (less than 3% of entries) were imputed using
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Figure 1: The research workflow framework

k-nearest neighbors within taxonomic families. The
specimens were divided into two subsets: Atlantic (n=52) and
Mediterranean (n=451). All experimental folds preserved
proportionate representation of both regions at the order level
in order to avoid geographic bias.
Bioengineered Feature Pipeline
This research has developed a
construction framework:

Stage 1: Ontology-Guided Feature Expansion

This research has expanded primitive properties into
hierarchical feature vectors by utilizing the sponge ontology
(sponge-ontology.noos).  For instance, the property
spicule_type was broken down into binary indications based
on the phylogenetic informativeness scores of published
molecular phylogenies for monaxon, tetraxon, and polyaxon
morphologies [2].

Stage 2: Phylogenetic Proximity Encoding

Using a modified Jaccard index across the taxonomic
hierarchy, this study calculated pairwise taxonomic distances
between specimens:

diax(4,B)=1—

three-stage feature

2 x| LCA depth (4,B) | L
depth(A) + depth(B) ] @
Where: d (4, B): Pairwise taxonomic distance between specimens A and
B; LCA_depth (4, B): Depth of the lowest common ancestor of specimens
A and B in the taxonomic tree; depth(A): Depth of specimen A in the
taxonomic hierarchy; and depth(B): Depth of specimen B in the taxonomic

hierarchy.

2] LCA depth (4,B) |

depth(4) + depth(B) )
The depth of the lowest common ancestor in the taxonomic
tree is indicated by LCA depth. During feature learning,
these distances provided information for a graph Laplacian
regularization term.

Stage 3: Biogeographic Contextualization

A biogeographic embedding layer was used to integrate
environmental covariates (salinity, temperature range, and
substrate type) [17,18]. This layer was trained to predict
specimen origin while regularizing feature representations to
prevent overfitting to regional artifacts [18,19].

The final feature space comprised 128 dimensions, balancing
expressiveness with computational tractability given the
dataset size.

Imbalanced Multi-Class Deep Learning Architecture

This research model architecture as presented in Figure 1
integrates three innovative components:

Hierarchical Graph Convolutional Network (H-GCN)

A directed acyclic graph (DAG) was used to depict

diax(A,B) =1—

taxonomic relationships, with nodes standing in for
taxonomic ranks and edges for parent-child relationships.
Information was spread across this structure by graph
convolutions, allowing lower-rank predictions (like species)
to profit from higher-rank contextual cues (like order). The
H-GCN Pipeline's system architecture is set up as follows.
Adaptive Hierarchical Focal Loss (AHFL)

To address class imbalance, we extended focal loss [15] with
hierarchical weighting:

where a_t and y control class-wise focusing, and w_h denotes
a hierarchy-aware weight inversely proportional to the
effective sample size at each taxonomic level [13].
Topology-Aware Synthetic Oversampling (TASO)

This research created artificial characteristics for minority
classes (less than ten examples) by interpolating within
taxonomic regions while adhering to morphological
plausibility guidelines taken from the ontology [20,21]. This
increased training variety while avoiding biologically
inconsistent synthetic samples.

Experimental Protocol

Evaluation Metrics: Due to the extreme imbalance, we gave
priority to balanced accuracy, hierarchical loss (penalizing
errors proportionately to taxonomic distance), and macro-
averaged F1-score [22-25].

Five-fold stratified cross-validation was used in this study to
maintain biogeographic proportions and class distributions at
the order level. Additionally, random forests, SVMs with
RBF kernels, basic CNNs [26,27,41-45], and more
contemporary imbalance-aware techniques, including Class-
Balanced Loss, were compared, according to [13]. As shown
in Figure 3 Experimental framework for taxonomic
identification below, models were trained using PyTorch
Geometric with Adam optimization (Ir=1e-4), early halting
on validation macro-F1, and ten independent runs for
statistical robustness.

Results

Overall Classification Performance

In all taxonomic ranks, this research integrated framework
produced state-of-the-art results as presented in Table 1
below. At the order level (7 classes), macro-F1 reached 0.892
+ 0.018, significantly outperforming the best baseline (Class-
Balanced CNN: 0.841 + 0.023; p<0.01, paired t-test). The
effectiveness of hierarchical information transmission was
demonstrated by performance enhancements that were most
noticeable at finer taxonomic resolutions: species-level
macro-F1 improved from 0.612 (baseline) to 0.763 + 0.031.
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Table 6: Macro-averaged F1-scores (mean + std) across taxonomic rank

k for taxonomic identification

S

Method Order Family Genus Species

Random Forest 0.781 0.693 0.587 0.492

SVM (RBF) 0.803 0.712 0.601 0.518

Standard CNN 0.827 0.735 0.623 0.541

Class-Balanced CNN 0.841 0.758 0.649 0.612

Proposed H-GCN + AHFL + TASO 0.892 0.831 0.794 0.763

Imbalance Mitigation Efficacy revealed that while AHFL decreased majority-class

For underrepresented taxa, per-class recall analysis showed
significant improvements. With this research strategy,
Atlantic specimens (n=52), which make up just 10.3% of the
dataset, achieved 0.81 recall at the order level, compared to
0.63 for the best baseline. Recall also increased from 0.38 to
0.67 for species with less than five specimens. Ablation tests

dominance during training, TASO had the greatest impact on
minority-class performance (+12.4% macro-F1).
Bioengineered Feature Contribution

Experiments with feature ablation showed that bioengineered
elements improved the generalizability of the model.
Excluding  biogeographic  contextualization  increased
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overfitting on Mediterranean data (validation loss divergence:
+23%), while eliminating phylogenetic proximity encoding
decreased species-level F1 by 9.2%. Domain-informed
engineering created semantically meaningful representations,
as demonstrated by the t-SNE visualization in Figure 2,
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28
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Macro F1-Score

0.5 4

0.4 4

Hierarchical Consistency Analysis

High taxonomic coherence was preserved by this study
model: 94.3% of species-level predictions matched their
expected genus, and 98.1% matched their anticipated family.
This highlights the importance of graph-based architectural

0.3

which revealed closer grouping of biologically related taxa in ~ constraints in contrast to flat classifiers [30], where
the learned feature space [27,28], as well as [29]. hierarchical discrepancies surpassed 30%.
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Figure 4: Learning Curves Training and Validation performance

A significantly smaller training-validation F1-score gap
(0.048 and 0.191) [31,32] in Figure 4 above illustrates the
enhanced generalization capabilities of the suggested H-GCN
+ AHFL + TASO framework in comparison to the Class-
Balanced CNN baseline. Bioengineered feature engineering
successfully reduces overfitting in low-sample regimes, as
shown by the smaller convergence gap in Panel A. This is

A) Feature Space Colored by Taxonomic Order

especially important for underrepresented Atlantic taxa,
which make up only 10.3% of the dataset. In order to ensure
model stability and reproducibility for biodiversity
monitoring in marine environments with limited data, these
learning dynamics confirm the methodological contribution
of incorporating domain-specific biological information into
deep learning architectures.

B) Feature Space Colored by Biogeographic Region

204 5

t-SNE Dimension 2
.

54
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—15 4

t-SNE Dimension 2

BN Mediterranean (n=451)
BN Atlantic (n=52)

20 4

20 30
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20 30
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Figure 5: t_SNE feature of bioengineering space

The semantic coherence of the bioengineered feature space is
shown in Figure 5 above the t-SNE projection. Panel A
shows clear clustering patterns that correspond with
taxonomic orders, confirming that ontology-guided feature
expansion effectively encodes phylogenetic relationships into
the learned representations. Biogeographic contextualization
inhibits regional overfitting while retaining taxonomic
discriminability, as seen by Panel B, which shows the
model's ability to maintain biogeographic distinctions despite
a significant class imbalance (Mediterranean:Atlantic
8.7:1). This visualization offers empirical proof that

combining morphological, ecological, and phylogenetic
priors with domain-specific biological constraints results in
interpretable, semantically meaningful feature embeddings
that improve model generalizability and taxonomic expert
trust in deep learning predictions.

By achieving 94.3-99.2% taxonomic coherence across
prediction levels as opposed to 68.2-76.8% for flat classifier
baselines, Figure 8 above illustrates the superior hierarchical
consistency of the suggested H-GCN architecture and
validates the efficacy of graph-based architectural constraints
in maintaining biological classification hierarchies. The
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significant decrease in hierarchical inconsistencies (from
>30% to <6%) demonstrates that biologically plausible
classifications are ensured by recording taxonomic
connections as a directed acyclic graph, which allows lower-
rank predictions to benefit from higher-rank contextual
information. For biodiversity monitoring applications, this
taxonomic coherence is essential because it gives ecologists

trustworthy multi-level forecasts that adhere to accepted
Linnaean  categorization  rules, improving  model
interpretability and assisting.

The complete H-GCN+AHFL+TASO framework achieves
optimal species-level macro-F1 performance (0.763), as
shown by Figure 9 above, which quantifies the individual
contributions of each architectural component. Systematic

Macro-Averaged F1-Score

o (RBt)

Wd‘at

aC“m

B Order (7 classes)

I Family (42 classes)

I Geius (114 classes)
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¥
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Figure 6: Performance comparison across Taxonomic Ranks
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Figure 7: The imbalance mitigation

The semantic coherence of the bioengineered feature space is
shown in Figure 6 above the t-SNE projection. Panel A
shows clear clustering patterns that are in line with taxonomic
orders, confirming that ontology-guided feature expansion
effectively encodes phylogenetic relationships into the
learned representations. Biogeographic —contextualization
inhibits regional overfitting while retaining taxonomic
discriminability, as seen by Panel B, which shows the
model's ability to maintain biogeographic distinctions despite
a significant class imbalance (Mediterranean:Atlantic =
8.7:1). This visualization offers empirical proof that
combining morphological, ecological, and phylogenetic
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=
[
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H
=
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Atlantic Specimens
(Order Level)

priors with domain-specific biological constraints results in
interpretable, semantically meaningful feature embeddings
that improve model generalizability and taxonomic expert
trust in deep learning predictions.

The effectiveness of the suggested methodology in treating
extreme class imbalance is quantitatively shown in Figure 7
above. Panel A shows significant recall gains for uncommon
species with less than five specimens (0.67 and 0.38 baseline)
and underrepresented Atlantic specimens (0.81 and 0.63
baseline). The hybrid imbalance mitigation strategy that
combines hierarchical focal loss, adaptive class-weighted
sampling, and topology-aware synthetic oversampling
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effectively prioritizes minority classes without sacrificing
overall model performance, as demonstrated by Panel B,
which also shows the extent of these gains. These findings
support the methodological contribution of TASO and AHFL
components and show their usefulness for monitoring
biodiversity in marine habitats with limited data, where
precise identification of uncommon but ecologically
significant.

Component removal reveals TASO's crucial role in minority-
class representation (performance drop to 0.639) and
confirms that bioengineered features collectively contribute
significantly to model generalizability (removing all
bioengineered features reduces performance to 0.582). In
order to achieve state-of-the-art taxonomic classification
accuracy under severe class imbalance conditions, domain-
specific biological knowledge integration is necessary rather
than incidental, as demonstrated by the hierarchical
degradation pattern, which validates that phylogenetic
encoding, biogeographic contextualization, and adaptive
hierarchical focal loss each offer complementary benefits.
Strong diagonal dominance with species-level classification
accuracies ranging from 71.8% to 85.4% is shown in Figure
10 above the confusion matrix, indicating the model's
capacity to discriminate across fine-grained taxonomic units
despite significant class imbalance. The semantic coherence
of learned bioengineered representations is validated by off-
diagonal misclassifications, which typically occur between
phylogenetically close (congeneric) species and reflect

biologically plausible confusion patterns attributable to
morphological convergence rather than model failure. The
hierarchical graph convolutional architecture successfully
captures evolutionary relationships while quantifying
uncertainty at the species level, which is crucial for informed
biodiversity monitoring and conservation prioritization in
data-scarce  Mediterranean-Atlantic ~ ecosystems.  The
hierarchical graph convolutional architecture effectively
captures evolutionary relationships while quantifying
uncertainty at the species level, which is crucial for informed
biodiversity monitoring and conservation prioritization in
data-scarce  Mediterranean-Atlantic  ecosystems.  This
visualization offers crucial interpretability for taxonomic
experts.

The integration of domain-specific biological priors is
empirically validated by Figure 11 above, which quantifies
bioengineered  feature  contributions and identifies
phylogenetic  proximity encoding and biogeographic
embedding as top-tier contributors above 15% relevance.
This  hierarchy  demonstrates that  morphological
characteristics by themselves are insufficient for reliable
taxonomic identification, requiring the suggested ontology-
guided expansion in order to accurately capture evolutionary
relationships. By showing that knowledge-driven feature
engineering is the main factor influencing model
generalizability and accuracy gains in data-poor maritime
environments, our investigation supports the methodological
approach.

Family—Order

Genus—Order

Genus—Family

Species—Order

Species—Family

Species—Genus

[ Flat Classifier Baseline

R Proposed H-GCN

40

=
[*]
=

T
60 80 100

Hierarchical Consistency (%)

Figure 8: Taxonomic Coherence across predication level

Discussion

This work shows that taxonomic identification under data
imbalance can benefit significantly from the integration of
biological domain knowledge into deep learning pipelines. In
addition to increasing accuracy, the bioengineered
featureengineering strategy improved model interpretability,
which is essential for taxonomic specialists to embrace. We
lessened the "black box" illusion that is frequently connected
to deep learning in biological applications by explicitly

incorporating phylogenetic and biogeographic limitations into
feature space. Climate change effect evaluations and the
design of marine protected areas are directly impacted by
accurate identification of rare Atlantic Demospongiae
[33,34]. More accurate biodiversity monitoring in areas with
little data is made possible by this study model's enhanced
performance on underrepresented taxa. Additionally, the
hierarchical output supports complex conservation decision-
making by giving ecologists uncertainty estimates at several
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Figure 10: the confusion matrix heatmap top 20 species
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Figure 11: Feature importance analysis Bioengineering features

taxonomic levels [35-37]. A number of constraints need to be
acknowledged. Due to the dataset's emphasis on
morphological characteristics, genetic information that could
help unravel cryptic species is not included. Multi-omics
inputs should be incorporated into this study paradigm in
future studies. Second, although TASO increases the
representation of minority classes, the creation of synthetic
specimens  necessitates meticulous confirmation by
taxonomic specialists to guarantee biological plausibility [38-
40]. Lightweight architectural variations for edge computing
on research vessels would be advantageous for model
deployment in field situations.

Conclusion

Because of the significant class imbalance in regional
datasets and hierarchical classification structures, automated
taxonomic identification of marine Demospongiae poses
particular difficulties. To overcome these difficulties, this
work presents a unique framework that combines imbalanced
multi-class deep learning with bioengineered feature
engineering. We gain considerable improvements in
classification accuracy, especially for underrepresented
Atlantic taxa, by directly integrating biological knowledge
such as morphological restrictions, biogeographic context,
and evolutionary relationships into the machine learning
pipeline. While reducing majority-class bias, this research's
hierarchical graph convolutional design with adaptive focus
loss preserves taxonomic coherence. With macro-F1 scores of
0.76 at the species level and 0.89 at the order level, validation
on the UCI Demospongiae dataset shows state-of-the-art
performance across all taxonomic ranks. In addition to its
methodological contributions, this work provides scalable
methods for monitoring biodiversity in a time of rapidly
changing marine ecosystems by establishing a replicable
paradigm for incorporating domain expertise into deep
learning systems. Such computationally enhanced methods
are crucial tools for conserving and comprehending marine

biological
globally.

diversity as taxonomic competence declines
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