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Abstract

Small nucleolar RNAs (snoRNAs), a class of non-coding RNAs broadly distributed in
eukaryotes, are emerging as pivotal regulators in the field of epigenomics. In addition
to guiding 2-O-methylation and pseudouridylation modifications at specific rRNA
sites to maintain ribosomal stability and support protein synthesis, snoRNAs have
been increasingly implicated in epigenetic regulation, influencing gene expression,
chromatin architecture, and RNA modification patterns. Accurate identification of
potential snoRNA-disease associations (SDAs) is therefore essential for understanding
epigenomic dysregulation in complex diseases and facilitating early intervention
and drug repurposing. Although artificial intelligence (Al) methods have advanced
SDA prediction, they are still hindered by issues such as sample imbalance and high
false-negative rates. To address these challenges, we propose ESAE-SDA, a novel
model integrating sparse autoencoders with an ensemble learning framework.
ESAE-SDA first constructs a comprehensive snoRNA-disease representation using
multi-source similarity metrics. It then applies k-means clustering to select high-
confidence negative samples and employs a deep sparse autoencoder with sparsity
constraints to learn compact, discriminative embeddings. Finally, multiple GNN-based
learners are independently trained on dynamically resampled data, and ensemble
inference is performed via weighted fusion, substantially enhancing robustness

and generalization. Experiments on a public SDA dataset demonstrate that ESAE-
SDA consistently outperforms state-of-the-art methods. Notably, a case study on
ophthalmic diseases highlights the model’s ability to uncover epigenetically relevant
snoRNAs with potential regulatory and therapeutic significance, underscoring its
value in epigenomics-driven disease research and target discovery.

Keywords Epigenomics, snoRNA-disease associations (SDAs), Ensemble learning
framework, Sparse autoencoder, Dynamically sampling, Artificial intelligence (Al)

Introduction

Small nucleolar RNAs (snoRNAs) are a class of non-coding RNAs approximately 60—400
nucleotides in length, predominantly localized in the nucleoli of eukaryotic cells, where
they form ribonucleoprotein (snoRNP) complexes with specific proteins to exert their
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functions [1]. Beyond their canonical roles in ribosomal RNA modification, snoRNAs
have also been implicated in epigenomic regulation, contributing to chromatin remod-
eling, transcriptional control, and RNA modification landscapes in a disease-specific
context. These RNAs are structurally stable and typically classified into two canoni-
cal families: C/D box snoRNAs, containing conserved RUGAUGA and CUGA motifs,
and H/ACA box snoRNAs, characterized by a double hairpin structure with a terminal
ACA motif [2]. While most snoRNAs originate from intronic regions of host genes, a
subset arises from long non-coding RNAs (IncRNAs) [2]. Based on sequence and func-
tion, snoRNAs are categorized into three types: C/D box snoRNAs guide 2’-O-meth-
ylation of rRNA (e.g.,, SNORD28), H/ACA box snoRNAs catalyse pseudouridylation
(e.g., SNORA73), and MRP RNAs mediate 5.85 rRNA cleavage and mitochondrial DNA
replication, the latter being unique among snoRNA types [3]. Beyond their classical
roles, snoRNAs contribute to a range of regulatory processes, including splicing (e.g.,
SNORD27 targeting E2F7), mRNA processing (e.g., SNORD50A on Fipl), and protein
translocation (e.g., SNORA73 linking mRNAs to 7SL RNA) [4]. They have also been
implicated in disease mechanisms. For instance, SNORD126 activates PI3K/AKT signal-
ling in hepatocellular carcinoma, and SNORD46 modulates IL-15 signalling, affecting
lipid metabolism and immune responses (3, 5].

snoRNAs exhibit aberrant expression across a wide range of pathological condi-
tions and are implicated in the development of cancer, metabolic, and neurodegenera-
tive diseases, highlighting their potential as diagnostic and prognostic biomarkers. For
example, SNORA21 promotes colorectal cancer metastasis, SNORD126 activates the
PI3K/AKT pathway to drive hepatocellular carcinoma progression, and knockdown of
SNHGI1 delays Alzheimer’s disease progression. Additionally, SNORA58/68 and exo-
somal snoRNAs have been explored for non-invasive detection of oesophageal and
lung cancers, respectively [3, 5, 6]. Recent technological advances, such as KARR-seq
and CRISPR-based screening, have enabled high-resolution characterisation of snoRNA
function, while the SNORic database has aggregated large-scale expression profiles to
support functional exploration [7]. Although snoRNAs were initially studied for their
role in guiding rRNA modifications (e.g., SNORD28 and SNORA73) [3], subsequent
findings have linked them to diverse regulatory processes, including post-transcriptional
control, RNA splicing, and epigenetic modulation through key pathways such as p53,
STAT3, and STING [4]. Notably, SNORD46 has been shown to regulate lipolysis and
immune function, underscoring its relevance beyond cancer. Despite improvements in
experimental tools, the systematic identification of SDAs remains constrained by high
cost and low throughput. Efficient computational approaches are therefore urgently
needed. However, existing SDA prediction methods remain scarce and typically depend
on extensive manual feature engineering, which hampers generalisation and scalability.
Recent advances in machine learning, particularly GNNs, autoencoders, and Trans-
former-based models, offer promising alternatives for modelling biological networks.

Deep learning has emerged as a transformative approach for large-scale biological
data analysis due to its capacity for automated feature learning and nonlinear model-
ling [8-10]. For example, the PIONEER framework integrates graph convolutional
networks (GCNs) and recurrent neural networks (RNNs) to improve the resolution
of protein complex interfaces and has successfully identified 586 disease-associated
mutations significantly linked to patient survival [11]. In the context of RNA-disease
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association, HORDA employs higher-order graph attention mechanisms to reduce reli-
ance on handcrafted features and uncovers a potential link between SNORD46 and the
IL-15 pathway in breast cancer [12]. BigRNA leverages a Transformer-based architec-
ture to predict tissue-specific RNA splicing variants with enhanced disease-resolution
capability [13]. In drug—target interaction (DTI) prediction, deep learning has shifted
from black-box models to interpretable frameworks. CoaDTI combines GraphSAGE
with a Transformer encoder and introduces a bidirectional co-attention mechanism to
accurately identify key residues and ligand-binding sites of the SARS-CoV-2 main pro-
tease [14]. MHTAN-DTI incorporates metapath semantic information in heterogeneous
graphs to improve the recognition of hard-to-predict targets such as GPCRs [15]. Drug-
SchizoNet constructs a deep learning framework for psychiatric disorders and achieves
98.7% accuracy in predicting novel dopamine receptor ligands, offering new opportuni-
ties for drug repositioning [16]. Furthermore, integrating deep learning with network-
based approaches has accelerated the understanding of complex disease mechanisms in
multi-omics data. For instance, combining WGCNA with machine learning has enabled
the identification of key biomarkers in type II diabetes (e.g., APOA4 and IGFBP6) with
an AUC of up to 0.963 [17]. The UNAGI model further applies a generative network to
reconstruct the dynamic evolution of insulin resistance at the single-cell level [11].

GNNs have emerged as a powerful tool in bioinformatics due to their capacity to effi-
ciently model graph-structured data [18-21]. They have been widely applied to tasks
such as molecular interaction prediction [22-26], disease mechanism elucidation [27],
and drug-target identification [28]. For instance, ZHMolGraph integrates GNNs with
large language models (LLMs) to alleviate annotation imbalance and improve prediction
of novel molecules [29]. GNN-ASAPool applies hierarchical clustering to extract plasma
protein communities, surpassing traditional markers in Alzheimer’s disease diagnosis
[29]. PIONEER combines GNNs with RNNs to accurately identify cancer-related pro-
tein interaction interfaces and 586 survival-associated mutations, outperforming Alpha-
Fold-Multimer [30]. MINDG introduces higher-order graph attention with multiview
enhancement, boosting AUC by over 8% across multiple DTT datasets [31]. MHTAN-
DTI enhances GPCR target recognition via heterogeneous graphs and a metapath-aware
Transformer module [32]. In dynamic transcriptomic analysis, UNAGI leverages GCNs
to reconstruct time-resolved single-cell trajectories and predict drug responses in pul-
monary fibrosis [30]. Additionally, GNNs integrated with WGCNA have identified key
metabolic hubs such as APOA4 and IGFBP6 in type II diabetes, improving co-diagno-
sis capabilities [33]. These studies collectively underscore the central role of GNNs in
advancing interpretable modelling of complex biological networks. Recent studies have
applied GNNs to snoRNA-disease prediction, such as the SAGESDA model based on
GraphSAGE, which achieved an AUC of ~0.92 on public datasets [34]. For other non-
coding RNAs, the K-MGCMLD framework integrating multi-graph contrastive learning
and GCNs attained high performance across multiple association types and was vali-
dated in lung cancer and Alzheimer’s disease [35].

While deep learning methods have achieved promising results in SDA prediction, sev-
eral limitations remain. Random sampling of negative instances during training often
introduces label noise and spurious associations, thereby reducing model performance.
Moreover, the common assumption that all unobserved pairs are negative can result in
elevated false-negative rates. To address these challenges, we propose a novel framework
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that integrates deep sparse autoencoders with ensemble GNNs for accurate SDA predic-
tion. Specifically, we first construct four complementary similarity measures based on
diverse biological features to generate comprehensive representations of snoRNA-dis-
ease pairs. Known associations are treated as positive samples, while unvalidated pairs
are initially labeled as negative. To minimize the impact of false negatives, a k-means
clustering strategy is employed to identify high-confidence negative samples with a dis-
tribution comparable to the positives. These filtered samples are then input into a deep
sparse autoencoder to learn low-dimensional, discriminative representations. In the pre-
diction stage, we adopt an ensemble learning strategy wherein multiple base GNN learn-
ers are trained using dynamically sampled negatives. Their outputs are integrated to
enhance robustness and reduce the false-negative rate. Systematic evaluations on bench-
mark datasets demonstrate the superior performance and robustness of our framework,
and case studies highlight its utility in disease diagnosis and target discovery, particu-
larly in ophthalmic disorders. Overall, our main contributions are as follows:

(1)A k-means-based strategy is introduced to select representative and low-noise
negative samples from unvalidated pairs, effectively mitigating sampling bias and label
imbalance.

(2)A deep sparse autoencoder is employed to compress and de-redundancy the fused
features, retaining discriminative signals while improving generalizability and
reducing overfitting risk in high-dimensional spaces.

(3) An ensemble learning strategy is designed by training multiple base GNN learners
with dynamically sampled negative sets and aggregating their predictions to improve
accuracy and reduce false-negative rates.

(4) Extensive experiments on public datasets confirm the effectiveness of our framework,
and case studies demonstrate its potential for application in disease diagnosis and
target discovery, particularly for ophthalmic conditions.

Results

To evaluate the effectiveness of ESAE-SDA, we conducted comprehensive experiments
on the RNADisease dataset, including baseline comparisons, ablation studies, and case
analyses. The parametric and ablation experiments were designed to assess the model's
robustness and to quantify the contribution of individual components. Additionally, two
case studies were performed to validate the practical utility of ESAE-SDA in real-world
disease scenarios. To ensure a balance between evaluation reliability and computational
efficiency, we adopted a tenfold cross-validation strategy. This approach enables effec-
tive utilization of limited samples, stabilizes training variance, and controls computa-
tional cost. To comprehensively assess model performance on the SDA prediction task,
we employed six evaluation metrics: area under the ROC curve (AUC), area under the
precision-recall curve (AUPR), recall, precision, accuracy, and F1-score. These indica-
tors collectively provide a multi-dimensional evaluation of the model's ability to distin-
guish between positive and negative associations.

Performance comparison

To comprehensively evaluate the effectiveness of the proposed ESAE-SDA model, we
conducted comparative experiments against six state-of-the-art GNN-based methods on
two benchmark datasets: RNADisease [36] and ncRPheno [37]. The selected baselines
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include NIMCGCN [12], AMHMDA [38], NSAMDA [39], iPiDA-GCN [40], vGAME
[41], and IGCNSDA [42]. NIMCGCN, originally developed for miRNA-disease associa-
tion (MDA) prediction, utilizes a dual-channel GCN to extract topological features from
miRNA and disease similarity networks and performs inference via matrix completion.
AMHMDA incorporates dual GCNSs, a hypergraph structure, and a hierarchical atten-
tion mechanism to capture higher-order semantic relations and improve node represen-
tation learning. NSAMDA integrates a nearest-neighbor strategy with a graph attention
network (GAT) to learn representations over heterogeneous networks and predicts
associations through inner product decoding. vVGAMEF adopts a variational graph auto-
encoder (VGAE) to extract latent features and applies matrix factorization for final pre-
diction. iPiDA-GCN, initially proposed for piRNA-disease association (PDA) prediction,
leverages GCNis to capture sequence-level and structural relationships within the inter-
action network. IGCNSDA is a recent SDA-specific method that applies graph collab-
orative filtering to infer associations, and currently represents one of the most targeted
baselines in this domain. It is noteworthy that although some models (e.g., NIMCGCN,
iPiDA-GCN) were originally designed for MDA or PDA prediction, they were adapted
in this study to suit the SDA prediction setting by modifying their input features accord-
ingly. For fair and consistent evaluation, all models were trained and tested under the
same data split strategy, with identical training, validation, and test sets. This ensures a
reliable and comparable assessment of model performance across datasets and evalua-
tion metrics.

The comparative results on the RNADisease dataset demonstrate a clear trend: SDA
prediction performance improves progressively with enhancements in model archi-
tecture. Early models such as AMHMDA and NIMCGCN performed suboptimally,
achieving AUCs of only 65.72% and 72.44% (see Fig. 1(A)), and AUPRs of 68.03% and
66.55% (see Fig. 1(B)), respectively. These outcomes reflect the limitations of conven-
tional GNNs in capturing the sparse and heterogeneous association patterns between
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snoRNAs and diseases. Subsequent models, NSAMDA and vGAME, introduced atten-
tion mechanisms and variational encoders, which led to modest gains, AUCs improved
to 70.23% and 73.04%, respectively—but their accuracy remained around 68%, indicat-
ing insufficient robustness in distinguishing positive from negative samples. With the
integration of heterogeneous graph structures and enhanced high-order representa-
tion learning, iPiDA-GCN and IGCNSDA achieved more substantial improvements. In
particular, IGCNSDA reached an AUC of 84.38% (see Fig. 1(A)), AUPR of 87.44% (see
Fig. 1(B)), and ACC of 78.31% (see Fig. 1(C)), marking it as the strongest baseline in
SDA-specific modeling. In contrast, the proposed ESAE-SDA model delivers a marked
performance breakthrough, achieving an AUC of 95.47% and accuracy of 92.13%, sub-
stantially outperforming all compared methods. This superior performance is attributed
to the deep sparse autoencoder’s ability to effectively compress and de-redundancy high-
dimensional, multi-source biological features, as well as the optimized high-confidence
negative sampling strategy and ensemble learning framework that jointly mitigate the
false-negative rate. The results validate the model’s generalizability, resistance to overfit-
ting, and its effectiveness in handling label imbalance.

Independent test

Furthermore, to rigorously evaluate the model’s generalization, we introduced an inde-
pendent test set. Specifically, we extracted novel SDAs from the ncRPheno database,
removed overlaps with the RNADisease database, and constructed an independent
dataset comprising 13 snoRNAs, 82 diseases, and 439 unique SDAs. In our experimen-
tal design, the ESAE-SDA model was trained on the complete RNADisease dataset and
tested on the ncRPheno dataset as a fully independent test set. This strategy effectively
prevents potential information leakage between training and test data, thereby ensuring
a fair and rigorous evaluation of the model’s generalization.

Results reveal that traditional models such as AMHMDA and NSAMDA suffered
severe performance degradation, with AUCs dropping to 50.10% and 50.72% (see
Fig. 1(D)), approaching the level of random guessing and highlighting clear overfitting
issues. Although vGAMF and iPiDA-GCN showed some improvement, reaching AUCs
of 70.69% and 61.82%, their predictive accuracy declined sharply compared to the train-
ing phase, suggesting poor adaptability to distributional shifts. IGCNSDA displayed rel-
atively stable performance, with an AUPR of 87.46% (see Fig. 1(E)) and ACC of 72.90%
(see Fig. 1(F)), indicating better balance handling between positive and negative sam-
ples. However, the proposed ESAE-SDA model continued to outperform all competi-
tors, achieving AUC: 87.23%, AUPR: 83.41%, and Accuracy: 83.56%, with performance
highly consistent with training-phase metrics and minimal fluctuation across trials.
These results highlight the robustness and transferability of ESAE-SDA in real-world
SDA prediction scenarios, including unknown snoRNA-disease pairs and cross-dataset
validation, and underscore its potential in disease mechanism analysis and biomarker
discovery.

Ablation experiments

To evaluate the contribution of different similarity types in the multi-source similar-
ity fusion module, we conducted a series of ablation experiments. The similarity fea-
tures were grouped into four categories: functional similarity, Gaussian interaction
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Table 1 Ablation study evaluating the impact of similarity feature combinations on SDA prediction
Functional  Gaussian  Cosine  Sigmoid  AUC AUPR Recall  Pre ACC F1

93.14 85.35 8843 88.21 89.33 82.54
95.06 87.99 83.80 88.85 91.07 85.96
94.91 88.08 85.06 89.28 91.77 85.89
94.17 87.02 80.53 91.00 90.93 8544
94.84 87.71 84.53 89.19 94.84 85.56
95.47 88.17 83.34 89.36 9213 85.12

X 22l =l <
<2l x <l <2
<22l x <
<222l x

Table 2 Ten-fold cross-validation performance of the model under different k values

k AUC AUPR Recall Pre Acc F1-Score

10 90.74+0.95 86.76+1.29 80.66+2.21 83.36+1.68 85.82+0.204 80.11+£1.63
15 93.70£1.13 87.05+2.54 8246+245 87.37+£1.83 90.63+1.45 8469+2.13
23 95.47+0.66 88.17+£1.55 83.34+1.31 89.36+1.52 92.13+0.72 86.12+1.29
30 94.52+0.55 87.82+1.96 83.06+1.69 89.14+2.03 91.72+£1.29 8584+1.78

profile similarity, cosine similarity, and Sigmoid kernel similarity, each computed for
both snoRNA and disease nodes to maintain feature consistency across modalities. All
ablation settings followed the same training configuration as the full model to ensure fair
comparison, and the results are summarized in Table 1.

Among all individual feature types, functional similarity exhibited the strongest dis-
criminative capacity, achieving AUC of 93.14%, AUPR of 85.35%, and Fl-score of
82.54%. However, its relatively lower recall and F1-score indicate limitations in recog-
nizing complex or borderline cases. When Gaussian and cosine similarities were added
(Functional + Gaussian + Cosine), the AUC increased to 95.06% and F1-score improved
to 85.96%, highlighting that incorporating structural and distributional cues can enhance
model robustness. In contrast, excluding functional features (Gaussian + Cosine + Sig-
moid) led to a noticeable drop in F1-score (85.56%) despite relatively high AUC (94.84%)
and AUPR (87.71%), underscoring the irreplaceable role of functional information in
identifying critical associations. The full feature combination (All Features) achieved the
best overall performance (AUC: 95.47%, AUPR: 88.17%, F1: 85.12%), validating the effec-
tiveness of heterogeneous similarity integration and the synergistic gains from multi-
modal feature fusion. Interestingly, the combination Functional + Gaussian + Sigmoid
yielded a high AUPR (88.08%) but slightly lower accuracy and F1-score, suggesting that
different similarity feature subsets contribute variably across performance dimensions.
These results indicate that feature design has non-uniform effects on discriminability,
sensitivity, and robustness, and that a carefully engineered fusion strategy is essential for
optimal SDA prediction.

In summary, the ablation results demonstrate that multi-source similarity fusion sig-
nificantly improves the model’s ability to capture complex snoRNA-disease relation-
ships, enhances stability under heterogeneous data distributions, and provides empirical
support for feature engineering in graph-based biomedical prediction tasks.

Parameter experiments

We conducted a sensitivity analysis on the number of k-means clusters to assess the
robustness of the model under varying cluster sizes. Experiments were performed on
the RNADisease dataset with k=10, 15, 23, and 30, and the results are summarized in
Table 2. Overall, the model demonstrated stable performance across different k values,
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indicating insensitivity to cluster number and strong robustness. Specifically, the model
achieved AUCs of 90.74% and 93.70% for k=10 and k=15, respectively, which were
notably lower than those obtained with larger k values. This is because fewer clusters
lead to coarser partitioning of unverified pairs, increasing intra-cluster heterogene-
ity and causing potential positives to be mixed with negatives, thereby introducing
noise and reducing recall. At k=23, the model achieved optimal performance across
all metrics (AUC=95.47%, AUPR=88.17%, F1-score=86.12%). This setting balanced
granularity and sample size: intra-cluster samples were more homogeneous, and inter-
cluster differences more distinct. This improved the reliability of negative samples and
enhanced separability between positives and negatives, leading to optimal performance
across accuracy, precision, and recall. With k=30, model performance remained high
(AUC=94.52%, AUPR =87.82%) but was slightly lower than at k=23, as small cluster
sizes increased sampling uncertainty. In summary, the sensitivity analysis showed that
the method maintained stable performance across different clustering settings, with
k=23 providing the optimal balance between granularity and sample size, and thus
selected as the default setting in this study.

Statistical significance analysis

To rigorously assess the performance advantages of the proposed model in SDA predic-
tion, we constructed an AUC-based evaluation dataset comprising seven representative
models: AMHMDA, NIMCGCN, NSAMDA, vGAME, iPiDA-GCN, IGCNSDA, and the
proposed method. All models were evaluated under consistent tenfold cross-validation
settings, and AUC was used as the primary performance metric. To evaluate the overall
performance variance across models, we conducted a one-way analysis of variance (one-
way ANOVA) [43], which revealed statistically significant differences between models
(p<0.05). To further explore pairwise model differences, we applied Tukey’s Honest Sig-
nificant Difference (HSD) test. The results in Fig. 2 indicated that the proposed method
significantly outperformed all baseline models, with adjusted p-values<1le-7 across all
pairwise comparisons. In addition, we visualized the pairwise adjusted p-values using a

0.100
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<1.0e-07
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<1.0e-07  <1.0e-07 —
3
<1.0e-07  <1.0e-07  <1.0e-07 0000
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Fig. 2 Statistical significance analysis of multiple methods based on AUC
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heatmap, which clearly illustrates the significance distribution across model compari-
sons. This visualization intuitively supports the conclusion that the proposed method
consistently delivers statistically superior performance. Together, these statistical analy-
ses confirm that the improvements achieved by the proposed model in terms of pre-
diction accuracy are not only empirically effective but also statistically significant. The
results underscore the model’s robustness in feature extraction, representation learn-
ing, and classification strategy design, highlighting its competitive advantage in complex
SDA modeling tasks.

Case analysis

To further assess the real-world applicability of the proposed ESAE-SDA model, we con-
ducted two case studies focused on Retinoblastoma and SNORA3B, evaluating its ability
to predict novel SDAs.

Retinoblastoma is the most common primary intraocular malignancy in children
under five years of age, accounting for ~3% of all childhood tumors. It originates from
immature neuroectodermal retinal cells and is primarily driven by mutations in the RB1
oncogene located on chromosome 13. Approximately 40% of cases are hereditary, typi-
cally bilateral or multifocal, while the remaining 60% are non-hereditary, usually uni-
lateral and sporadic. A rare subset (<2%) is associated with MYCN gene amplification,
leading to more aggressive disease even in the absence of RB1 mutations [44]. Treatment
strategies are guided by IIRC staging (grades A-E). While eye-preserving therapies (e.g.,
topical chemotherapy, intravenous agents, or intra-arterial chemotherapy) are preferred
in most bilateral or intermediate-stage cases, enucleation remains necessary in advanced
or treatment-resistant tumors. For high-risk metastatic patients, high-dose chemother-
apy, radiotherapy, and stem cell transplantation are commonly employed.

SNORA3B is a member of the H/ACA box class of small nucleolar RNAs, function-
ing primarily to guide site-specific pseudouridylation of rRNAs and snRNAs through
snoRNP complexes [45]. These modifications are critical for rRNA structural integrity,
ribosome biogenesis, and spliceosome assembly. Although no direct evidence linking
SNORA3B to diffuse large B-cell lymphoma (DLBCL) currently exists in public data-
bases (e.g., PubMed, NCBI Gene, snoDB), our model identified a high-confidence pre-
dictive association between the two. This suggests a potential role for SNORA3B in
B-cell malignancy, possibly through regulation of ribosome production, protein synthe-
sis load, apoptosis evasion, or immune escape.

Previous studies have reported aberrant expression of SNORA3B in solid tumors such
as pancreatic and hepatocellular carcinoma, implicating its involvement in tumor pro-
liferation, metastasis, and clinical prognosis. These findings further support the hypoth-
esis that SNORA3B may participate in malignant transformation pathways relevant to
DLBCL. To validate the model’s predictive ability, we performed association inference
for IncRNAs related to Retinoblastoma and diseases potentially linked to SNORA3B,
using the LncRNADisease v3.0, RNADisease, and ncRPheno databases. To simulate
novel discovery scenarios, known associations involving Retinoblastoma or SNORA3B
were intentionally excluded from the training phase. During inference, the model com-
puted similarity-based association scores and ranked potential IncRNA-disease and
snoRNA-disease pairs.
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Table 3 Predicted IncRNAs associated Retinoblastoma and their validation in LncRNADisease v3.0

ID Symbol Category Species Causality
LDA0006254 XIST LncRNA Homo sapiens Yes
LDAO007164 NEAT1 LncRNA Homo sapiens Yes
LDA0005484 hsa_circ_0000527 CircRNA Homo sapiens Yes
LDA0001478 MALAT1 LncRNA Homo sapiens Yes
LDA0006227 ZFPM2-AST LncRNA Homo sapiens Yes
LDAO000809 FEZF1-AS1 LncRNA Homo sapiens Yes
LDA0007919 MEG3 LncRNA Homo sapiens Yes
LDA0005886 UCA1 LncRNA Homo sapiens Yes
LDA0005471 hsa_circ_0075804 CircRNA Homo sapiens Yes
LDA0007400 NKILA LncRNA Homo sapiens Yes
LDA0000826 FAM238C LncRNA Homo sapiens Yes
LDA0000514 KCNQ1OT1 LncRNA Homo sapiens Yes
LDA0001349 LINC-PINT LncRNA Homo sapiens Yes
LDA0022781 CASC8 LncRNA Homo sapiens Unknown

Table 4 Predicted diseases associated SNORA3B and validation in RNADisease and ncRPheno

Disease Causality
Pancreatic ductal adenocarcinoma Yes
Multiple sclerosis Yes
Cancer Yes
Hepatocellular carcinoma Yes
Diffuse large B-cell lymphoma Yes

As shown in Table 3, the model retrieved 15 top-ranked IncRNAs potentially associ-
ated with Retinoblastoma, among which 14 pairs were confirmed in the LncRNADisease
v3.0 database and one remained unreported, demonstrating strong predictive accuracy.
For SNORA3B, the model predicted the top 5 disease associations, and all 5 were vali-
dated in the RNADisease or ncRPheno databases (see Table 4), indicating the model’s
ability to generalize to unseen data. These results demonstrate that the proposed ESAE-
SDA model not only accurately recovers known associations but also effectively predicts
previously unreported snoRNA-disease links, providing valuable clues for future experi-
mental studies. The identified associations may serve as candidate biomarkers or thera-
peutic targets, especially for early diagnosis and precision treatment in diseases such as
Retinoblastoma and DLBCL.

DLBCL is the most common aggressive non-Hodgkin’s lymphoma in adults and exhib-
its marked biological heterogeneity [46]. Traditional diagnosis relies on pathology and
immunohistochemistry combined with COO classification (GCB and ABC subtypes)
and molecular features (e.g., LME classification, double/triple-hit lymphoma, double-
expression lymphoma) to assess prognosis. However, 30-40% of patients relapse or
develop refractory disease after first-line R-CHOP treatment, highlighting the limita-
tions of current classification systems and therapeutic strategies [47]. In recent years,
small nucleolar RNAs (snoRNAs) have attracted increasing attention for their roles in
gene regulation, epigenetic modification, and tumor progression. Dysregulated snoRNA
expression is closely associated with DLBCL development, molecular subtypes, and
treatment response, suggesting their potential as prognostic biomarkers and therapeutic
targets with important implications for precise classification and personalized therapy.
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This study investigated snoRNAs associated with DLBCL using the LncRNADisease
v3.0, RNADisease, and ncRPheo databases. To evaluate the model’s ability to predict
novel associations, DLBCL-related samples were intentionally excluded from the train-
ing phase. During inference, the model scored and ranked potential snoRNA-DLBCL
associations based on snoRNA and disease features, and identified the top 10 candidates
with the highest scores. As shown in Table 5, all snoRNA-disease associations from
LncRNADisease v3.0 have been reported in the literature, demonstrating the model’s
strong capability to identify potential snoRNA-disease relationships. In summary, the
proposed model successfully predicted key potential associations related to DLBCL,
offering new insights into disease mechanisms and identifying candidate targets for tar-
geted intervention strategies. Future work will experimentally validate these predictions
and explore their potential for early diagnosis and treatment.

Conclusion

In this study, we propose a deep learning framework, ESAE-SDA, that integrates multi-
source information to accurately predict potential associations between snoRNAs and
human diseases. The model is systematically optimized across multiple stages—from fea-
ture construction to discriminative learning—to address key challenges in SDA predic-
tion, including sample imbalance, high-order node dominance, feature redundancy, and
a high false-negative rate. Specifically, ESAE-SDA constructs a multi-source snoRNA—
disease representation by integrating four types of similarity metrics: Gaussian kernel
similarity, cosine similarity, Sigmoid kernel similarity, and functional semantic similarity,
thereby overcoming the limitations of relying on a single feature source. To reduce label
noise, high-confidence negative samples are selected via k-means clustering, avoiding
the common pitfall of treating all unknown associations as negatives. To enhance feature
representation, a deep sparse autoencoder is employed to learn compact and discrimina-
tive embeddings, improving the model's ability to capture complex biological relation-
ships. At the prediction stage, ESAE-SDA incorporates a dynamic ensemble learning
module. This strategy assigns distinct negative subsets to each base learner to introduce
sampling diversity, and aggregates predictions through weighted fusion to improve over-
all accuracy and sensitivity to rare interactions. In tenfold cross-validation on the RNA-
Disease dataset, ESAE-SDA significantly outperformed state-of-the-art baselines (e.g.,
IGCNSDA with AUC of 84.38%), achieving AUC: 95.47%, AUPR: 88.17%, and Accuracy:
92.13%. On the external ncRPheno dataset, the model maintained strong generalizability
(AUC: 87.23%, AUPR: 83.4%), demonstrating robustness across datasets. Furthermore,
case studies confirmed the biological relevance of the predictions: after excluding known
associations from training, the model successfully identified high-confidence snoRNA—-
disease associations such as the link between SNORA3B and Retinoblastoma, highlight-
ing its explanatory power and application value.

Table 5 Predicted snoRNAs associated DLBCL and validation in LncRNADisease v3.0

snoRNA Causality snoRNA Causality
SNORA37 Yes SNORAG4 Yes
SNORA13 Yes SNORA70C Yes
SNORA67 Yes SNORA27 Yes
SNORA41 Yes SNORA71A Yes

SNORASA Yes SNORA60O Yes
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In summary, the proposed ESAE-SDA framework achieves efficient and robust SDA
prediction through synergistic mechanisms of multi-source feature fusion, negative
sample optimization, sparse representation learning, and ensemble inference. It offers
a generalizable paradigm for modeling complex biological networks and holds great
promise for extension to other non-coding RNA classes such as IncRNAs and miR-
NAs. Future work will focus on experimental validation, cross-species prediction, and
the clinical translation of model outputs for biomarker discovery and therapeutic target
identification.

Materials and methods

Data preparation

This study employed RNADisease v4.0 and ncRPheno databases to evaluate the perfor-
mance and generalizability of the proposed model. The RNADisease v4.0 database [36]
was used as the primary dataset. It contains both experimentally validated and computa-
tionally predicted SDAs. After removing duplicate entries and samples with missing val-
ues, the final dataset included 471 snoRNAs, 84 diseases, and 1,095 SDAs. This dataset
was randomly split into a training set and test set in a 4:1 ratio for cross-validation. The
second dataset was obtained from the ncRPheno database [37], which was used as an
external test set to assess the model’s performance under distribution shift and isolation
settings. After data cleaning, the ncRPheno dataset comprised 13 snoRNAs, 82 diseases,
and 439 SDA pairs.

Model architecture

The overall framework of the proposed ESAE-SDA model is illustrated in Fig. 3. To con-
struct the input feature space, two curated datasets—RNADisease v4.0 and ncRPheno—
were integrated to generate a bimodal similarity matrix between snoRNAs and diseases
(see Fig. 3A). For each disease, four types of similarity metrics were calculated: functional
semantic similarity (F_DS), Gaussian interaction profile kernel similarity (GIP_DS),
cosine similarity (COS_DS), and Sigmoid kernel similarity (SIG_DS). Similarly, snoRNA
similarities were defined by functional similarity (F_SS), GIP similarity (GIP_SS), cosine
similarity (COS_SS), and Sigmoid similarity (SIG_SS). These heterogeneous similarity
matrices were fused into a unified multi-source representation, which served as the ini-
tial feature vector for each snoRNA-disease pair. To capture compact and informative
representations, a deep sparse autoencoder was employed (see Fig. 3B). It consists of an
input layer that receives the fused similarity vector, a hidden layer for nonlinear transfor-
mation and compression, and an output layer for reconstruction. The encoder’s output is
used as the low-dimensional embedding of each association. The training set comprises
verified SDAs as positive samples and high-confidence negative samples screened from
unverified pairs via k-means clustering, aiming to avoid the bias of treating all unknown
associations as negatives and to maintain class balance. To further enhance the model’s
sensitivity to rare associations, a dynamic ensemble learning strategy was introduced
(see Fig. 3C). Multiple base learners were trained in parallel using different subsets of
resampled negative samples to encourage diversity. The optimal positive-to-negative
sample ratio (1:1.4) was determined via grid search, and final predictions were obtained
by weighted fusion of the base learners’ outputs. This end-to-end framework integrates
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Fig. 3 The ESAE-SDA framework for snoRNA-disease association (SDA) prediction comprises three main compo-
nents: A construction of snoRNA-disease pair representations, B representation learning using a sparse autoen-
coder to encode both verified SDAs and sampled negative pairs, and C a dynamic ensemble learning strategy for
robust model training and prediction

multi-source similarity fusion, sparse representation learning, and dynamic ensemble

inference, enabling robust and generalizable SDA prediction.

Multi-source similarity feature fusion
To improve the predictive accuracy of potential SDAs, this study comprehensively inte-
grates four similarity modeling strategies to characterize the complex relationships
between snoRNAs and diseases. First, a disease similarity matrix is constructed based
on semantic ontology information, capturing associations from a biological knowl-
edge perspective. Second, functional annotation data are used to compute snoRNA
functional similarity, reflecting shared biological roles and potential mechanistic over-
laps. In addition to semantic and functional similarities, three interaction profile-based
similarity measures are introduced: cosine similarity, Gaussian interaction profile (GIP)
kernel similarity, and Sigmoid kernel similarity. These metrics are derived from known
snoRNA-disease interaction profiles and provide complementary insights into latent
structural patterns. By fusing these heterogeneous sources, a comprehensive high-
dimensional representation of snoRNA-disease relationships is constructed, enabling
the model to leverage both structural and functional semantics. This multi-source inte-
gration is crucial for deep learning-based SDA prediction, as it facilitates the learning of
more biologically meaningful and discriminative features.

Specifically, for snoRNA similarity modeling, four metrics—functional similarity (F_
SS), Gaussian interaction profile similarity (GIP_SS), cosine similarity (COS_SS), and



Jiang et al. BMC Bioinformatics (2025) 26:270 Page 14 of 18

Sigmoid kernel similarity (SIG_SS)—are combined to form the integrated similarity
matrix SS. The similarity between any two snoRNAs, s; and s, is computed as follows:

Sim (si,sj) =w;-F_SS (Si,sj) + wy - GIP_SS (S;ssj) + ws - COS_SS (s;,sj) + wy - SIG_SS (s;,sj) , (1)

where w1, we, w3, w4 denote the respective fusion weights (uniform or learned). A sim-
ilar fusion scheme is applied for disease similarity. This integration strategy ensures a
more robust and generalizable similarity representation, thereby enhancing the down-
stream performance of the predictive model.

Similarly, the integrated similarity between two diseases, d; and dj, denoted as
Sim (dj,d;), is computed by fusing four types of similarity measures:

Sim (di,d;) = wy -F_DS (di,d;) + wo - GIP_DS (dj,d;)

+ Wy COS_DS (did;) + wy - SIG_DS (di.d;) @

Negative sampling

To improve the model’s ability to distinguish true SDAs from non-associations, we intro-
duce a k-means-based negative sampling strategy, inspired by the work [48, 49]. Specifi-
cally, all unvalidated snoRNA-disease pairs are partitioned into k sub-clusters using the
k-means algorithm. From each cluster, a subset of representative samples is randomly
selected to serve as negative training instances. This strategy enhances both the repre-
sentativeness and distributional balance of negative samples in the feature space, thereby
reducing the risk of biased learning. To preserve all known positive associations, the
positive sample set remains unchanged throughout training. To address class imbalance,
the number of negative samples is controlled to approximately match that of positive
samples, ensuring balanced supervision and stable gradient updates during model opti-
mization. Based on empirical studies and prior work, the number of clusters & is set to
23, which yields better performance in similar biological association tasks. Overall, this
negative sampling strategy significantly improves the quality of the training dataset and

provides more informative and discriminative signals for subsequent model learning.

Sparse autoencoder

The sparse autoencoder is an unsupervised neural network architecture that introduces
sparsity constraints—typically via Kullback-Leibler (KL) divergence in the loss func-
tion—to efficiently learn latent representations. In this study, inspired by previous work
[50], we employ a sparse autoencoder to extract informative features for snoRNA—dis-
ease pairs. For each snoRNA-disease pair, a high-dimensional joint feature vector is
constructed by concatenating the row vector of the corresponding disease from the dis-
ease similarity matrix (DD) with that of the snoRNA from the snoRNA similarity matrix
(S'S). Given the high dimensionality and potential redundancy of this concatenation, we
further adopt a deep sparse self-coding network to compress these joint features into
compact and discriminative low-dimensional embeddings, facilitating efficient and
robust downstream prediction.

The sparse autoencoder design follows the bottleneck principle, using a low-dimen-
sional embedding layer to enforce compact and discriminative feature representations.
Unlike variational autoencoders (VAEs), which model latent distributions at the bottle-
neck for generative learning, our approach applies a sparsity constraint (KL divergence,
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target p=0.05) at the bottleneck to regulate activation patterns and enhance feature dis-
criminability. Furthermore, the model adopts a symmetric, fully connected architecture
with four encoder and four decoder layers. This design makes the model more suitable
for snoRNA-disease association prediction than for generative applications. During the
encoding phase, the model uses a series of fully connected layers with gradually decreas-
ing neuron counts and Sigmoid activation functions to capture non-linear dependencies
and extract intrinsic structures. To enforce sparsity, only a subset of neurons is activated
in each layer, promoting feature selectivity and eliminating noise.

The decoder mirrors the encoder in reverse, reconstructing the original input from
the compressed representations. Training is guided by reconstruction error minimiza-
tion, ensuring the preservation of meaningful semantic information. Overall, the sparse
autoencoder effectively transforms high-dimensional, heterogeneous snoRNA-disease
features into low-dimensional, information-dense representations. This not only reduces
computational complexity but also improves feature expressiveness and robustness,
thereby enhancing the predictive performance in SDA tasks.

Ensemble learning

Traditional association prediction models often regard all unverified snoRNA-disease
pairs as negative samples, which can result in a high false-negative rate and degrade
model performance. Although ensemble learning has been applied to alleviate this issue,
most existing frameworks suffer from significant overlap in training data across base
learners, leading to limited model diversity and restricted performance gains. To address
these challenges, we propose a novel ensemble learning framework that incorporates
dynamic negative sampling to enhance both robustness and generalizability. By dynami-
cally generating diverse and high-confidence negative samples, this strategy reduces
false-negative interference and constructs a differentiated negative sample space, thereby
increasing the complementarity among base learners.

The ensemble framework comprises five GNN models—GraphNetl, GraphNet2,
GraphNet3, GraphNet4, and GraphNet5—designed to comprehensively capture
snoRNA-disease associations. GraphNet1 is a graph transformer network that employs
self-attention to overcome the local limitations of traditional GNNSs, enabling the cap-
ture of long-range dependencies and superior performance on complex graph tasks [51].
GraphNet2 and GraphNet3 are VGNAE models that use L2 normalization to address
the limited ability of GAE/VGAE to model isolated nodes [52], thereby improving SDA
prediction performance; they share the same architecture but differ in model weights.
GraphNet4 and GraphNet5 extend the VGNAE architecture with a global attention
mechanism, allowing nodes to dynamically attend to information from all other nodes,
thereby enhancing long-range dependency modeling and feature representation. Each
base learner was first trained on the complete training set, after which the others were
optimized sequentially using four base learners. During inference, a weighted strategy
was applied to fuse predictions. Grid search within the range 1:1 to 1:3.5 was used to
determine the optimal weight, with 1:1.4 set as the default. This configuration effectively
balances sensitivity and specificity, improving the recognition of rare yet meaningful

associations.
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Overall, this ensemble framework significantly reduces overfitting risk, improves pre-
diction accuracy, and enhances model sensitivity in detecting rare interactions—key
requirements for reliable SDA prediction.

AUC optimization strategy
Due to the scarcity of experimentally validated snoRNA-disease pairs, SDA prediction
models are highly susceptible to topological noise and cross-context regulatory inter-
ference. Although dynamic negative sampling in heterogeneous graphs can effectively
expand the training space [53], it tends to aggravate the issue of class imbalance, particu-
larly given the significantly larger number of snoRNAs compared to diseases. AUC quan-
tifies the probability that a randomly selected positive interaction is ranked higher than
a negative one, making it well-suited for imbalanced data scenarios. Building on recent
advances in imbalanced learning [54], we design an AUC-oriented loss function to miti-
gate data skewness and improve ranking performance under long-tailed distributions.
Let the heterogeneous graph node space be X = V4,0, U V455, and the label space
be Y = {0, 1}. The model learns an embedding function fy : X — R, which assigns an
association score to each snoRNA-disease pair. The AUC can be defined as:

AUC(fo) = P (fo (xT) > fo (x7)) , (3)

where xT P(y=1) and x~ P(y=0) are positive and negative samples, respectively.
To optimize AUC, we employ a stochastic saddle-point optimization framework [30],
which introduces average score statistics for positive and negative samples:

ﬂ+ = Ex+ [f€ (X+)] ;BT =Ex- [f@ (X_ )] : (4)

Along with a trade-off hyperparameter A. Let p = P(y = 1) be the prior probability of a
positive sample. We define the saddle-point objective F'(m,d, e, T, z), where m € R¢
and d, e, T, z are hyperparameters for balancing the equilibrium loss, to optimize rank-
ing under imbalanced distributions.

To further enhance robustness and generalizability, we formulate a hybrid loss func-
tion by combining the AUC loss with binary cross-entropy (BCE) classification loss:

L =7- Lavc + (1-7)- Lpce , (5)

where 7 € [0, 1] controls the balance between global ranking and local discriminative
structure.

This hybrid strategy effectively improves the model’s ability to recognize infrequent
but strong associations—such as those between snoRNAs and rare or orphan diseases—
under long-tailed data distributions, thereby enhancing both precision and robustness
in real-world SDA prediction tasks.
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