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Small nucleolar RNAs (snoRNAs) play essential roles in various cellular processes, and their associations with
diseases are increasingly recognized. Identifying these snoRNA-disease relationships is critical for advancing
Keywords: our understanding of their functional roles and potential therapeutic implications. This work presents a novel
GNN approach, called GL4SDA, to predict snoRNA-disease associations using Graph Neural Networks (GNN) and Large
LLM Language Models. Our methodology leverages the unique strengths of heterogeneous graph structures to model

Prediction complex biological interactions. Differently from existing methods, we define a set of features able to capture
snoRNA deeper information content related to the inner attributes of both snoRNAs and diseases and design a GNN model
Disease based on highly performing layers, which can maximize results on this representation. We consider snoRNA
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secondary structures and disease embeddings derived from large language models to obtain snoRNAs and disease
node features, respectively. By combining structural features of snoRNAs with rich semantic embeddings of
diseases, we construct a feature-rich graph representation that improves the predictive performance of our model.
We evaluate our approach using different architectures that exploit the capabilities of many graph convolutional
layers and compare the results with three other state-of-the-art graph-based predictors. GL4SDA demonstrates
improved scores in link prediction tasks and demonstrates its potential implication as a tool for exploring
snoRNA-disease relationships. We also validate our findings through biological case studies about cancer diseases,
highlighting the practical application of our method in real-world scenarios and obtaining the most important
snoRNA features using explainable artificial intelligence methods.

1. Introduction

Small nuclear RNAs (snoRNAs) are a fascinating class of non-coding
RNAs (ncRNAs) with essential roles in the biogenesis and maturation
of ribosomal RNAs (rRNAs), small nuclear RNAs (snRNAs), and other
RNA species. Research communities are paying greater attention to
these RNA molecules, identifying them as biomarkers in advancing dis-
ease diagnosis and prognosis because of their crucial function in the
post-transcriptional modification of different RNAs. In many human dis-
orders, snoRNAs and their associated proteins play a critical role in
controlling the expression of a wide range of genes [1]. In cancer disease,
it is now widely recognized that many snoRNAs are dysregulated. More-
over, they exhibit differential expression across cancer types, stages,
and metastases and can alter the course of the disease actively. Since
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medicines may now target RNA molecules, snoRNA has great potential
as a target for drugs, either alone or in combination with immunother-
apies [2,3].

snoRNAs guide various RNA modifications by forming snoRNP com-
plexes with RNA-binding proteins (RBPs) and other associated proteins.
These modifications include methylation and pseudoridylation of rRNAs
and snRNAs, crucial for the proper function of the ribosome and the
splicing machinery [4]. There are three known classes of snoRNA based
on a different secondary structure: H/ACA box, C/D box, and nucleo-
plasmic Cajal bodies (small Cajal body-specific RNAs, scaRNAs), with
known different functions. The first class has a double hairpin (60-75
long each) connected by a hinge region. They guide pseudouridyla-
tion, an RNA modification, and the transformation of uridine to its
other isoform called pseudouridine (w) [5]. In mammals, alteration of
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rRNA pseudouridylation thus directly influences the interactions with
tRNAs and mRNAs, modifying translational efficiency, gene expression
patterns, and levels [6,7]. The 2’-O-methylation of the ribose sugar is an-
other post-transcriptional alteration that is regulated by snoRNAs. The
box C/D snoRNAs are responsible for this alteration. Eukaryotic box
C/D snoRNAs are distinguished by the presence of a consensus box C
(RUGAUGA) and box D (CUGA) close to the RNA’s 5’ and 3’ ends, re-
spectively. The last class of snoRNA, scaRNAs, has both the structural
features of the H/ACA box and C/D box, thus herediting both the pos-
sibility to modify RNAs through pseudouridylation or 2’-O-methylation
processes. Studying these small RNA molecules and their mechanism of
action is important because they help to stabilize the RNA molecule and
can also affect its function. This is particularly important in deregulated
diseases like cancer or other chronic human diseases. Many scientific pa-
pers show the involvement of different snoRNA classes in various solid
cancers. Notably, somatic deletions in the SNORD50A and SNORD50B
genes are seen in 10-40% of common tumor malignancies, suggesting
that these genes may play a role in cancer development [8]. Normally,
KRAS and other Ras oncoproteins are inhibited by SNORD50A and
SNORD50B. In CHL-1 parental melanoma cells, their absence leads to in-
creased active KRAS and Ras-ERK1/2 signaling, which promotes tumor
formation. Interestingly, eliminating these snoRNAs in cells with a KRAS
mutation, frequently present in cancer, further encourages carcinogen-
esis [8]. Furthermore, the expression of SNORASS5 is strongly associated
with prognosis and TNF-GHRH-dependent carcinogenic pathways, mak-
ing it essential for cell migration and proliferation in prostate cancer
[9]. Other snoRNAs, such as SNORA73A, SNORA73B, and SNORA74A,
attach to PARP-1 and activate RNA Helicase (DDX21) via ADP ribosy-
lation, which affects ribosome synthesis and breast cancer progression
[10].

In order to advance disease diagnosis and treatment, it is crucial to
identify the relationships between snoRNAs and diseases. Traditional
experimental methods for uncovering these associations are often time-
consuming and expensive, highlighting the need for cost-effective com-
putational approaches that improve both accuracy and efficiency. How-
ever, the complex and interconnected nature of biological networks
poses significant challenges for accurately predicting these associations,
necessitating innovative solutions. To address this, we leverage Graph
Neural Networks (GNNs), a powerful class of models designed to an-
alyze graph-structured data [11,12]. GNNs are particularly well-suited
for link prediction tasks, as they effectively capture both local and global
patterns by aggregating and transforming information from their neigh-
boring nodes and edges.

In this work, we present GL4SDA, which stands for GNN and LLM
for snoRNA-disease association (SDA), a novel tool for the prediction of
SDA based on GNN and Large Language Models (LLM) [13]. GL4ASDA
uses a GNN architecture to predict potential links between snoRNAs
and disease, modeling snoRNA-disease interactions as a heterogeneous
bipartite graph. In particular, we explore different architectures employ-
ing different GNN layers to find the most suited configuration. A key
strength of our approach lies in the way we construct node features
for the input graph. For snoRNAs, we use their secondary structures to
obtain snoRNAs’ node features because they provide structural infor-
mation that is not present in their primary sequence. For diseases, we
exploit the power of up-to-date LLMs [13] to extract features from a
textual description of the diseases. To the best of our knowledge, this
is the first time those features are used for ncRNA-disease association
prediction. This work is based on our preliminary study presented in
[14]. With respect to that work, we changed the model architecture, in-
troducing and validating two different GNN models. We compared our
tool against three other state-of-the-art graph-based snoRNA-disease as-
sociation predictors, and finally, we presented a case study dealing with
the discovery of novel snoRNA-disease associations in colorectal and
lung cancer.

In Section 2, we describe the state-of-the-art and the main tools for
predicting ncRNA-disease associations. In Section 3, we describe the ori-
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gins of the dataset, the methodologies for extracting nodes’ features, and
the details of the proposed architecture. In Section 4, we outline the ex-
perimental setup, present the results obtained for the link prediction
task, and compare our approach with other tools for the same task. In
Section 5, we present a case study that was implemented to further val-
idate our approach.

2. Related work

Understanding the complex relationship between non-coding RNAs
and various diseases has garnered significant attention in recent years.
Recent advancements in machine learning have opened up new pos-
sibilities for modeling biological data as graphs. GNNs are particularly
effective at capturing interactions between entities, making them highly
suitable for exploring how non-coding RNAs interact with disease phe-
notypes.

In the last years, various studies have applied GNNs to different bi-
ological networks, demonstrating their effectiveness in drug discovery,
protein-protein interaction prediction, RNA-target interaction, and dis-
ease gene identification [12,15], but also in predicting of non-coding
RNA-disease association. For instance, several papers published in the
past year have highlighted using innovative GNNs to predict associ-
ations between non-coding RNAs and diseases. An example is GCN-
FORMER, a prediction algorithm based on a graph convolutional net-
work that predicts long non-coding RNA and disease associations [16].
Also, CircDA is a web server built on a Tumarkov-based deep learning
framework that can identify missing associations between known circR-
NAs and diseases [17]. MMHGAN, on the other hand, is a deep learning
model based on hierarchical graphical attention networks to predict un-
known IncRNA-disease associations using multiple types of meta-paths
to extract features exploiting information also on miRNAs diseases as-
sociations [18].

Recent studies have indicated that snoRNAs are crucial in developing
various human diseases. As a result, snoRNAs have garnered signifi-
cant interest. Since 2022, several published papers have explored the
connections between snoRNAs and diseases. These studies utilize dif-
ferent algorithms to identify unknown associations involving snoRNAs:
For example, Psnod [19] is based on matrix completion techniques using
bounded nuclear norm regularization. iSnoDi-LSTGS [20] and iSnoDi-
MDRF [21] utilize topological and local similarity constraints and a
gradient-boosting decision tree model to identify potential snoRNA-
disease associations based on multiple biological data.

The last two years have also seen the wide use of GNN-based ap-
proaches for the snoRNA-disease association prediction task, which al-
lows the aforementioned algorithms to perform better.

In this context, IGCNSDA [22] presents an interpretable graph convo-
lutional network (GCN) designed to predict snoRNA-disease associations
efficiently. IGCNSDA uses a bipartite graph to extract feature represen-
tations, emphasizing that similar snoRNAs are likely associated with
similar diseases. Each snoRNA and disease ID is mapped from a one-hot
vector to a relatively dense embedding representation through embed-
ding lookup. However, by its definition, the bipartite graph places the
focus of information on the relationship between heterogeneous nodes,
not considering essential information such as that between nodes of the
same type. IGCNSDA does not consider any semantic feature for snoRNA
and disease nodes, but it creates an initial embedding of both entities
solely based on their ID. This approach ignores the inner characteristics
of snoRNAs and diseases that could improve embeddings with richer
information content, preventing the model’s explainability.

GCLSDA [23] is a novel framework that combines graph convolu-
tional networks and contrastive learning to predict these associations.
Using data from the MNDR v4.0 and ncRPheno databases, the re-
searchers constructed a comprehensive dataset and developed bipartite
graphs for analysis. They randomly initialize the embeddings of snoR-
NAs and diseases and then utilize LightGCN [24] to refine the uniformity
of feature representation. As in the previous work, it uses a bipartite
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Fig. 1. The proposed pipeline: from data representation to snoRNA-disease association prediction by means of two proposed GNN models.

graph. In the same way as IGCNSDA, GCLSDA computes initial em-
beddings of snoRNAs and disease nodes as one-hot vectors that do not
possess rich semantic attributes.

SAGESDA [25] introduces a new GNN model that uses the Graph-
SAGE architecture with attention mechanisms. It computes snoRNA
pairwise similarity using Tanimoto distance over the 4-mer representa-
tion of the snoRNA sequences to obtain snoRNA node features. As for the
disease node features, it adopts a semantic similarity approach based on
directed acyclic graphs (DAG). In this case, authors of SAGESDA consid-
ered dissimilarity features for both snoRNA and disease nodes. This way,
they are strongly correlated to the training dataset because the features
of each biological entity depend on the other elements of the dataset,
with the threat of possible biases. SnoRNA similarity scores are com-
puted based on their primary sequences, which provide poorer infor-
mation content than structural features extracted from their secondary
structure, as better explained in Section 3.2. Furthermore, as stated by
the authors, most of the similarity scores were in a very short range,
between 0 and 0.2. While reaching satisfying performances, SAGESDA
implements a less performing attention layer (i.e., GATConv) than the
more recent GATv2Conv, and the GraphSAGE layer does not support
edge weights, so if in the future they want to add edge information,
they should change their architecture.

The authors of GCASDA [26] suggest a technique based on a multi-
view graph attention mechanism and a graph convolutional network
to find snoRNA-disease associations. They encode the node-embedded
representations using the GCN layer to extract node characteristics. The
GCN layer can capture the local topology information between nodes
and neighbors and retain the graph’s topological structure information
during learning. Similarly to SAGESDA, GCASDA also considers similar-
ities for representing snoRNA and disease node features, with snoRNA
similarity based on primary sequence alignment, and for this reason, it
shares the same criticalities. Then, as with other similar works based on
graphs, GCASDA suffers from high sparsity of the training dataset, and
the graph structure needs to be rebuilt and retrained each time a new

snoRNA or disease is added. Finally, the authors of GCASDA did not
share the source code or data, restricting reproducibility and compari-
son with other tools. Of note, none of the cited SDA predictors provide
an exhaustive biological description of the snoRNA-disease associations
predicted for the proposed case studies.

Our proposed approach overcomes some of the limitations of similar
studies. The following are the main advantages we introduced:

» We consider a set of features strictly correlated with both snoRNAs
and diseases’ inner attributes: the structural motifs from snoRNA
secondary structure and the LLM embedding from disease descrip-
tions. This way, it is possible to add new snoRNAs or diseases to the
model without changing the features of the existing nodes.

+ We implement an attention mechanism based on the more per-
forming GATv2Conv layer. Concerning other predictors, such as
SAGESDA, our architecture comprises only three GNN layers, re-
sulting in fewer learning hyper-parameters.

» We explained snoRNA-disease associations from the point of view
of both biological mechanisms concerning published literature on
in-vitro studies and computational techniques to obtain the most
important snoRNA node features that contributed to the predicted
association with a specific disease.

3. Materials and methods

In this Section, we describe the data sources used to train our model,
and then we present the main processing modules that compose the
proposed pipeline depicted in Fig. 1. In the upper part of that figure,
we show the preparatory processing steps that allow us to obtain the
node features of both snoRNAs and diseases, starting from the secondary
structures of the snoRNA and the textual description of the diseases.
Those features are then embedded into a graph structure assembled from
the known snoRNA-disease associations. In the lower part of Fig. 1, we
present the architectures of the two proposed GNN models that provide
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the final snoRNA and disease embeddings used by a dot-product predic-
tor to infer novel snoRNA-disease associations.

3.1. snoRNA-disease associations dataset

The benchmark dataset for our investigation was derived from
RNADisease v4.0, a comprehensive compilation of predicted and em-
pirically confirmed associations between non-coding RNAs (ncRNAs)
and diseases that were gathered from several trustworthy sources in
the literature. After eliminating redundant data, i.e. duplicate asso-
ciations related to snoRNA synonyms, 1072 experimentally validated
snoRNA-disease associations were extracted with 471 snoRNAs and
65 diseases. Each association reports a score calculated directly from
RNADisease. The confidence score is designed to assess the reliabil-
ity of snoRNA-disease associations by incorporating different types of
evidence. The scoring system uses a weighted approach, prioritizing
the most substantial and reliable evidence. The snoRNA sequences
were obtained from RNAcentral API (https://rnacentral.org/), Snodb
(https://bioinfo-scottgroup.med.usherbro-oke.ca/snoDB/), LNCIpedia
5.2 (https://Incipedia.org/) and with fRNAdb (https://structurome.
bb.iastate.edu/tools/frnadb-functional-rna-database). Secondary struc-
tures in the dot-bracket notation of snoRNAs were obtained from RNA-
central, which stores secondary RNA structures computed using the
R2DT algorithm [27]; unavailable secondary structures were predicted
using the IPknot tool [28]. From the initial set of snoRNA-disease associ-
ations, we filtered out the diseases not labeled with a DOID, whereas we
removed those snoRNAs without any associated sequence in the above-
mentioned RNA sequence repositories. As a result, our training dataset
is composed of 911 associations between 384 snoRNAs and 60 diseases.
Some characteristics of the bipartite graph representing the snoRNA-
disease association dataset are available as Supplementary materials.

3.2. SnoRNA representation

RNA molecules can be represented in various ways to extract mean-
ingful features for downstream analyses. One common approach is to
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use k-mer representations, which capture patterns in primary sequences
by counting fixed-length substrings. Although k-mers are computation-
ally simple and effective in many applications, they primarily focus on
sequence-level information and may overlook structural characteristics
crucial for the typification of ncRNAs. For snoRNAs, secondary struc-
ture plays a key role in determining their function, as it often contains
functional motifs that are not directly identifiable from their primary se-
quence [29]. Indeed, this evidence is not only true for snoRNAs [30,31]
but for all RNA classes. It is known that the functions of ribosomal RNAs
(rRNAs) [32,33], small nuclear RNAs (snRNAs) [34,35], and microR-
NAs (miRNAs) [36,371, are all known to depend on secondary structure.
Furthermore, current research is starting to show how crucial struc-
ture is for messenger RNAs (mRNAs) [38] and long noncoding RNAs
(IncRNAs) [39,40]. The snoRNA molecules were described following a
similar approach in [41] using a set of structural characteristics from
their secondary structure. Those structural features were computed us-
ing the Molecular Substructure Miner (MoSS) algorithm [42], which
can identify common sub-structures using a graph-wise description of a
molecule, like the secondary structure of an RNA molecule. Each input
snoRNA sequence is then represented as a Boolean feature vector follow-
ing the application of the MoSS algorithm, where 1 denotes the presence
of a specific sub-structure and 0 otherwise (Fig. 2). We produced three
sets of snoRNA representations by considering the sub-structures with
varying minimum and maximum fragment sizes.

3.3. Disease representation

Traditional approaches for representing diseases in computational
models, such as one-hot encoding derived from disease ID, are effective
for categorical differentiation but fail to capture the nuanced relation-
ships and contextual information embedded in disease textual descrip-
tions. To address this limitation, we explored using LLMs for generating
disease representations (Fig. 3). Unlike conventional approaches, LLMs
[13] can create numerical embeddings that encapsulate the semantic
and contextual meaning of disease descriptions. This novel application
of LLMs in the biomedical domain offers a more comprehensive and
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absolute representation of diseases, which has not been previously at-
tempted. We used LLMs, which enable the creation of a single numerical
embedding of given textual descriptions to acquire disease features. In
this instance, we considered the disease descriptions gathered from the
user-friendly database Malacards.org [43], which offers comprehensive
information on human disorders. In order to select a high performing
LLM model, we referred to the massive text embedding (MTEB) bench-
mark provided by the Huggingface web portal [44,45], which collects,
ranks, and compares hundreds of LLMs for the English language. We
then chose the Beijing Academy of Artificial Intelligence (BAAI) bge-icl-
en model [46] that was the open top ranked model, according to the
MTEB benchmark at the date of October 2024 (i.e. the time when we
selected the model). The authors built this model to manage a range
of textual data, including writings related to biomedicine. They used
7.111 billion parameters to train this model, which produces an embed-
ding size of 4096.

This advanced language model is similar to BERT, and GPT is specif-
ically designed for natural language processing tasks. By using BAAI/be-
il-en model for feature extraction, we transformed the textual data into
meaningful embeddings that effectively capture important information
about diseases. Disease embedding were obtained using the FlagEmbed-
ding Python library (https://github.com/FlagOpen/FlagEmbedding).

3.4. GNN layers used for link prediction

GNN s have emerged as powerful tools for analyzing graph-structured
data, with applications ranging from node classification to link predic-
tion. In the context of link prediction, GNNs leverage the rich relational
information embedded in graph structures to predict the existence of
connections between two nodes. A critical aspect of designing GNN-
based models for link prediction lies in the choice and configuration
of the network layers. Each layer plays a distinct role, such as aggre-
gating neighborhood information, transforming features, or capturing
dependencies. The architecture and type of layers directly influence the
model’s ability to capture and generalize patterns. In the following, we
describe the layers considered in our approach, detailing their function-
ality.

The GraphConv layer [47] points to improving the performance of
the message-passing architectures implemented within a standard graph
convolutional network (GCN) approach that represents the foundational
GNN layer based on the concept of applying the convolutional operation
to graph-structured data. The GCNs message-passing algorithm has the
trend to over-smooth the input features as the depth of the network in-
creases; that implies the performance of the prediction algorithm will
decrease when neighboring nodes in the input graphs are dissimilar
[48]. For this reason, GraphConv combines the GCN approach with the
Weisfeiler-Leman graph isomorphism heuristic to iteratively update the
nodes in a graph and overcome the performance limits of the standard
message-passing [49]. The GCN operator used in GraphConv is defined
as follows:

X =Wix + Wy Y e )
JjEN (@)

where i is the current node, N (i) is the set of neighbors’ nodes of i, W,

and W, are the weight matrices, and e, ; denotes the edge weight from

source node j to target node i. If the edge weight is not specified, it can

be considered equal to 1.

The SAGEConv layer is a graph neural network layer designed to
generate node embeddings by aggregating information from the node’s
neighbors and itself. Each node collects feature information from its
neighbors and combines them using a specified function (i.e., mean,
pool, or LSTM-based function). It also uses two distinct weight matrices,
one for transforming the features of the target node itself and the other
for transforming the aggregated neighbor features. This separation al-
lows the layer to treat the node’s and neighbors’ features differently. Its
design allows the model to generalize to unseen nodes during the train
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[50]. This layer was a part of the SAGESDA architecture. The SAGEConv
operator is defined as follows:

(2)

The GATv2Conv layer [51] is an advanced layer used in graph neu-
ral networks to process graph-structured data. Building upon the origi-
nal Graph Attention Network convolutional layer (GATConv) proposed
by [52], GATv2Conv incorporates improvements for better learning
of graph representations, particularly in heterogeneous graphs or sit-
uations where attention mechanisms can provide significant benefits.
Compared with the GATConv layer, GATv2Conv introduces a simple
but impactful correction to its attention function by altering the order
of internal operations. This adjustment results in GATv2Conv, a variant
of graph attention with an approximate universal attention function.
It enables it to model a broader range of relationships and makes it
more expressive than GAT. Additionally, the dynamic attention mecha-
nism of GATv2Conv has been shown to enhance robustness against edge
noise.

The GATv2Conv operator is defined as follows:

S
‘- 3

JEN (huli}

’
X, =W;x; +W, - mean;c n)X;

Wx ¢

3)

Ly
where W is the weight matrix and «; ; is the attention coefficient as
described in [51].

3.5. GNN model architecture

The set of available snoRNAs and diseases defines a bipartite het-
erogeneous graph where snoRNAs and diseases represent the nodes. An
edge links them if a known association exists between a snoRNA-disease
pair. SnoRNAs and disease node features are computed as explained
in Sections 3.2 and 3.3, respectively. In order to find the most suited
GNN architecture for our GL4SDA predictor, we built two independent
GNN models, each one composed of different GNN operators (see Sec-
tion 3.4) because we wanted to find the best configuration of GNN layers
for the link prediction task. Therefore, for that purpose, we defined
two three-layer architectures: a SAGEConv-based model, composed of
SAGEConv, GATv2Conv, and SAGEConv layers; and a GraphConv-based
model, composed of GraphConv, GATv2Conv and GraphConv layers. A
ReLU activation function and a dropout follow the first two layers of
both models. According to the sparsity of this kind of data, we used
dropout layers to prevent overfitting and improve model performance
overall. The final link prediction is obtained using the dot product of the
final embeddings of the snoRNA and disease node vectors of each candi-
date snoRNA-disease association (lower part of Fig. 1). SAGEConv and
GATConv were considered because they were used in the SAGESDA tool,
even if in this work we replaced GATConv with the more performing
GATv2Conv; GraphConv was adopted because it improves the standard
message-passing mechanism, as explained in Section 3.4. Moreover,
the GraphConv operator also takes into account the edge weights (see
Eq. (1)): for that reason, the GraphConv-based model has been validated
both considering or not the score of the snoRNA-disease association as
an edge weight. The main idea at the basis of both architectures is the
following: the first layer is used to compute an initial embedding of the
nodes; the second layer, implementing an attention mechanism, can as-
sign a different coefficient to each neighbor, showing the importance
of that neighbor’s features for the embedding update of every node;
the third layer provides the final embeddings of each node. In this con-
text, we tested which GNN operator between SAGEConv and GraphConv
leveraged the best results and, as a consequence, which is the GNN ar-
chitecture that GL4SDA implements.
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Best hyper-parameters found during grid search for each proposed GNN architecture. GraphConv-based/w is the
model that uses the GraphConv operators with the edge weights.

Min-Max size of size of size of learning  batch
GNN Model fragment size n. epochs GNN layer 1 GNN layer 2  GNN layer 3  rate size
SAGEConv-based 2-4 1000 128 128 128 0.0001 128
GraphConv-based 2-4 500 128 128 64 0.0001 128
GraphConv-based/w  2-4 1000 128 128 128 0.0001 128

Table 2
Mean validation scores for the best GNN models according to the tuned hyper-
parameters.

GNN Model AUC Accuracy Precision Recall MCC  F1 score
SAGEConv-based 0.795 0.728 0.823 0.585 0.478 0.682
GraphConv-based 0.870  0.795 0.868 0.7 0.605 0.772
GraphConv-based/w  0.856  0.765 0.845 0.650  0.546  0.732

4. Experimental results
4.1. Experimental setup

The dataset of 911 known snoRNA-disease associations was ran-
domly split into training/test sets with a split ratio 90/10. Negative
associations were randomly added to the test set with a negative sam-
pling ratio of 1.0; negative links were added at the same amount as
positive links. With the resulting training set, we performed a 10-fold
cross-validation to find the best hyper-parameters and the best snoRNA
input features regarding the sub-structures minimum and maximum
sizes: 2-4, 3-5, 4-5. Hyper-parameters have been tuned by a grid search
procedure, primarily considering the output sizes of the GNN layers, the
number of epochs, the learning rate, and the batch size. Random nega-
tive links were added to the training set during the training phase with a
negative sampling ratio of 2.0. The set of associations of the training set
was further split into 20% of supervision and 80% of message passing
edges to prevent data leakage. We considered binary cross entropy with
logits as a loss function and the Adam algorithm as an optimizer. Table 1
summarizes the best hyper-parameters for each model. The models were
evaluated in terms of the following prediction scores:

TP+TN
Accuracy = ()]
TP+TN+FP+FN
Precision = _Ir 5)
TP+ FP
Recall = — 12 6)
TP+ FN
Fl=>2. prect:szion X recall 7
precision + recall
MCC = TNXTP—-FNXFP @)

TP+ FP)TP+FN)TN + FP)TN + FN)

where TP, FP, TN and FN stands for true positive, false positive, true
negative and false negative, respectively. In particular, the Matthew cor-
relation coefficient (MCC) is a very reliable statistical score because it
reaches high values when a predictor obtains good results in all the
previous metrics and, for that reason, it is considered the most impor-
tant score in binary classification [53,54]. Finally, we also computed the
ROC-AUC score.

All the models were implemented in Python, using the PyTorch
framework and the PyTorch Geometric (PyG) [55] library for the GNN
learning. Experiments were conducted on a Linux workstation with an
NVIDIA A100 cuda processor.

4.2. Prediction results and comparison with other tools

In this section, we present the results obtained during the 10-fold
cross-validation. In Table 2, we show the mean scores for each pro-
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posed model considering the best parameters summarized in Table 1.
We considered the best model the one that reached the highest MCC
score because MCC can be considered as the standard metric for assess-
ing binary classification [54]. Moreover, we looked at how the choice of
min and max size of the snoRNA fragments affected the models’ perfor-
mances. Fig. 4 shows the MCC scores for each model according to three
min/max sizes: 2-4, 3-5, 4-5. The chart clearly shows that the 2-4 con-
figuration provided the best prediction results for each model. Looking
at Table 2, we can state that the GraphConv-based model, which imple-
ments the GraphConv operators without considering the edge weights,
reaches the best results for all the scores. That means the GraphConv
operator can better capture the hidden patterns of snoRNA and disease
features and their associations. On the other hand, using the associa-
tion scores as weights of the snoRNA-disease links has not improved
the predictions. As explained in Section 3.1, the association score is a
confidence score that depends on the type and number of experimental
evidence, so low scores do not necessarily imply the actual existence,
or less, of a specific association. Given those validation results, the
definitive GNN architecture of GL4SDA is the one implementing the
GraphConv-based model.

The prediction results of GLASDA over the test set have been com-
pared to those obtained from three other state-of-the-art graph-based
tools, namely IGCNSDA, GCLSDA, and SAGESDA. We did not consider
GCASDA because the source code is not available. We briefly describe
each tool in Section 2. All methods were trained on the same training set
and evaluated on the same test set used to train and test our predictor
to ensure a fair comparison focused solely on algorithmic performance.
The parameter settings for the competitive methods were chosen based
on the results of a grid search for hyper-parameter optimizations. The
results of each method are presented in Table 3 using the selected eval-
uation metrics. Our approach clearly outperformed the other tools in
all metrics except the recall score (75.8% vs 86.8%). In turn, GL4ASDA
provided the highest precision score (92%), meaning there were very
few false positives, so the predicted positive associations are very re-
liable. Notably, the MCC of our method was significantly higher than
that of the other methods, indicating that it is the most stable and bal-
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Table 3
The comparison of the performance between our approach and the other three
methods.

SDA predictor ~ AUC Accuracy Precision Recall MCC F1 score
IGCNSDA 0.737 0.599 0.575 0.758 0.209 0.654
GCLSDA* 0.814  0.658 0.594 0.868 0.366  0.706
SAGESDA 0.745  0.668 0.638 0.777 0.345  0.701
GL4SDA 0.908 0.846 0.92 0.758 0.703 0.831

*For this tool, the test set is smaller than the original because the algorithm
automatically removes nodes not in the training set.

ROC curves for predictors
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Fig. 5. Comparison of the ROC Curves between different methods.

anced among the compared approaches. Finally, the receiver operating
characteristic (ROC) curves are shown in Fig. 5 for all predictors. Once
again, GL4SDA provided the best curve and the highest AUC score. In
order to statistically confirm that our predictor performed better than
the others, we adopted the McNemar statistical test [56]. It is used to
compare the performances of two supervised classifiers over matched
pairs that, in our case, correspond to the test set. We then computed the
McNemar test between GL4SDA and each other classifier, and we ob-
tained the corresponding p-values, with 10e — 07 < p < 10e — 05, thus
confirming the better performances of GL4SDA.

4.3. Ablation study

In order to evaluate the impact of node features over model perfor-
mances, we carried out an ablation study considering baseline represen-
tations for both snoRNA and disease nodes. In particular, we adopted
a kmer representation, with k=4, for encoding snoRNA primary se-
quences, whereas disease features were computed using a generic em-
bedding implemented by Pytorch (torch.nn.Embedding), as done for

Table 4
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example in [22,23]. We then performed three different tenfold cross
validation experiments, using the GraphConv-based model and the fol-
lowing sets of node features:

. 4-mer for snoRNAs and generic embedding for diseases;

. structural fragments for snoRNAs and generic embedding for dis-
eases;

. 4-mer for snoRNAs and LLM embeddings for diseases.

The mean results are summarized in Table 4, where the last row
shows the configuration of features of the current GL4SDA model. From
Table 4, we can assume that both snorna structural features and disease
LLM embeddings provided a meaningful improvement to the classifica-
tion scores.

5. Case study

Precision medicine, which relies on individual differences in genet-
ics, environments, and lifestyle, classifies patients into precise groups
that will benefit from specific disease prevention and treatment proto-
cols, especially in oncology. Nowadays, endogenous molecules, such as
ncRNAs, play a critical role in different utility areas in precision oncol-
ogy, such as cancer risk, detection, prognosis, and targeted therapy. In
this context, GL4SDA, a snoRNA-disease association predictor, can evi-
dence potential snoRNAs associated with a specific disease. For cancer
pathology, this signifies the identification of specific snoRNA-disease as-
sociations for different tumor types, as shown in the case studies. As the
literature explains, snoRNAs belong to snRNAs, which are new thera-
peutic molecules used as biomarkers or potential new drugs for target
therapies. Using an in-silico tool to identify specific associations in this
particular disease could help clinicians easily identify potential endoge-
nous molecules to use in precision medicine.

snoRNAs may have tumor-suppressive or carcinogenic roles in vari-
ous cancer types; for example, the p53 gene is an important regulator of
many biological processes. It is defined as a cell guardian because it con-
trols different cellular mechanisms, such as cell cycle arrest, apoptosis,
and DNA repair, in response to various cellular stresses. It is also known
as a tumor suppressor gene, as its downregulation leads to cell hyper-
proliferation and the blockage of the apoptotic process. There is growing
evidence that the p53 regulation mechanism is closely related to snoR-
NAs. In particular, a recent study found that human breast and prostate
malignancies typically overexpress snoRNAs and fibrillarin (FBL), an
enzymatic small nucleolar ribonucleoprotein, snoRNP, which both in-
crease tumorigenicity both in vitro and in vivo [57]. An alteration of
the expression levels of FBL led to elevated snoRNA biogenesis, induc-
ing p53 suppression, as showed by Su et al. [57]. The phosphoinositide
3-kinase (PI3K)-AKT and the Wnt/f-catenin pathways are also biolog-
ical pathways strongly affected by snoRNA regulation. The former has
a pleiotropic role in different cell processes such as stemness, cell pro-
liferation, differentiation, and cell death [58]. The latter is one of the
more significant pathways regulating the development and progression
of Hepatocellular Carcinoma (HCC). Scientific papers show the involve-
ment of different snoRNAs, such as ACA11 and SNORD76, in promoting
cancer cells’ cell growth and metastasis, leading to a dysregulation of
both PI3K-AKT and Wnt pathways, respectively, in hepatocellular car-

Mean validation scores related to different sets of node features. The last row refers to current

GL4SDA configuration.

Feature type

AUC Accuracy  Precision  Recall MCC F1 score
snoRNA Disease emb.
4-mer PyTorch embedding  0.836 0.727 0.898 0.513 0.503 0.651
structural ~ PyTorch embedding  0.848 0.751 0.914 0.557 0.547 0.688
4-mer LLM 0.854 0.753 0.855 0.607 0.523 0.708
structural LLM 0.870 0.795 0.868 0.700 0.605 0.772
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Table 5
Top 15 predicted snoRNAs linked to lung cancer.

snoRNA ID GL4SDA score validation by in-vitro studies
SNORD48 0.9859 [61]

SNORD44 0.9449 [62]

SNORD87 0.8751 NC in-vitro studies
SNORA71 0.8563 [63]
mgU12-22/U4-8 0.8548 NC in-vitro studies
SNORD43 0.8034 [64]

SNORD3A 0.7963 [64]

SNORD64 0.7951 [65]

SNORD65 0.7940 NC in-vitro studies
SNORDA45C 0.7931 [66]

SNORDS8 0.7870 [67]

SNORD56 0.7833 [66]

SNORD92 0.7616 NC in-vitro studies
SNORDA45 0.7536 [66]

SNORD114-5 0.7513 NC in-vitro studies

cinoma and glioblastoma [59,60]. Summarizing, the study of snoRNAs
and their linkage with different diseases, like cancer or other chronic hu-
man disorders, is of particular importance as they can regulate cellular
mechanisms involved in the onset or development of several patholo-
gies. To this aim, we report a case study on snoRNA-disease link predic-
tion of two different cancers: colorectal cancer (DOID:9256) and lung
cancer (DOID:1324).

5.1. Case study results

The test sets for the case study were created as follows. For each
considered disease, we assembled a test set composed of all the pos-
sible associations among that disease and all the available snoRNAs,
except those snoRNA-disease pairs already present both in the train-
ing set and the original test set. This way, we obtained a set of 363
novel putative associations for colorectal cancer and 328 novel puta-
tive associations for lung cancer. We considered the top 15 predicted
snoRNA-disease associations for both diseases according to their pre-
diction scores and searched the literature for experimental validation.
More in detail, for each top predicted snoRNA-disease interaction, the
search criteria was the selection of scientific papers and clinical trials
retrieved from the PubMed database, which reported the two follow-
ing conditions: 1) the data were produced by microarray or NGS by
cancer tissues or cell lines extraction, 2) a deregulated expression of
the particular snoRNA in the specific cancer tissue, compared with the
healthy control, or a differential methylation status (DMS), thus evi-
dencing a snoRNA-disease association. That means that snoNA-disease
associations were not merely based on the co-occurrence of the two en-
tities but were associated with literature studies of in-vitro experiments,
where, for example, snoRNAs were deregulated in tumor types. A similar
strategy is also used in other predictors, as shown in IGCNSDA [22] and
SAGESDA [25] works. If no result of in-vitro study was obtained from
literature research, we reported “not confirmed” (NC), which represent
predictions requiring further validation. Novel snoRNA-disease associ-
ations predicted in the two case studies could provide some biological
insights, as they provide novel snoRNA-disease associations potentially
relevant, which could be further investigated for specific cancer tissue.
All sets of novel predicted associations are available as supplementary
material for colorectal and lung cancer. Moreover, a detailed list and a
graphical visualization of the top 15 snoRNA-disease associations, en-
riched with snoRNA features such as snoRNA class, deregulation type
(up- or down-deregulation), and, where possible, snoRNA mechanism
of action for lung and colon cancer is available as Supplementary Mate-
rial.

5.1.1. Lung cancer validation analysis

Genes that encode certain snoRNAs have been discovered inside loci
frequently amplified in non-small cell lung cancer, and the tumors ex-
hibit higher expression of the snoRNAs that are encoded [62]. Table 5
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Table 6
Top 15 predicted snoRNAs linked to colorectal cancer.

snoRNA ID GL4SDA score  validation by in-vitro studies
SNORA22 0.9947 [69]

SNORAG61 0.9921 [70]

SNORA74A  0.9842 [71]

SNORA71A  0.9836 [72]

SNORA70B 0.9828 [73]

SNORA70F 0.9816 NC in-vitro studies
SNORA23 0.9815 [71]

SNORA15 0.9792 [74]

SNORASA 0.9785 NC in-vitro studies
SNORAS55 0.9751 NC in-vitro studies
SNORA41 0.9696 [75]

SNORA27 0.9667 [76]

SNORA40 0.9610 NC in-vitro studies
SNORA57 0.9552 [76]

SNORA62 0.9517 [76]

shows the top 15 ranked predicted snoRNAs. We tried to validate those
novel predictions by searching the literature. A hierarchical cluster-
ing evidenced SNORD48 and SNORD44 as differentially expressed in
stage I non-small-cell lung cancer (NSCLC) tissue [61]. Literature papers
[63] showed that overexpression of SNORA71A stimulates epithelial-
mesenchymal transition (EMT) by regulating the MAPK/ERK pathway
in lung cancer. Moreover, SNORD3A, SNORD43, and SNORD64 have
been characterized as biomarkers in lung cancer [68,64]. In particular,
SNORD43 was defined as a negative prognostic marker for lung cancer,
as the Overall Survival (OR) rate decreases when SNORD43 is highly ex-
pressed [64], SNORD45C had a > 2.0 — fold expression level change in
Stage I NSCLC tissues versus normal tissues in 91 NSCLC patient samples
[66]. Also, SNORDS is upregulated of gene expression in cantharidin-
treated NCI-H460 cells [67]. Copy Number Variation (CNV) is important
in gene expression regulation evaluation. Gong et al. [66] evaluated the
effects of CNV on snoRNA expression, showing that the expression lev-
els of SNORD56 showed a significantly positive correlation with their
CNVs in 19 and 17 cancer types, including lung cancer. Indeed, the un-
supervised clustering revealed that the snoRNAs expression subtype is
highly concordant with other molecular/clinical subtypes, demonstrat-
ing the important functions that snoRNAs play in the development of
biomarkers or therapeutic targets in cancer research.

5.1.2. Colon cancer validation analysis

Different snoRNAs have a role in tumor progression and metastasis
of colorectal cancer. For instance, Xu et al. [77] analyzed the expression
of different snoRNAs, correlating them to a potential contribution with
the aggressive biological behavior of advanced-stage colorectal cancers
and cancers with known metastasis, as compared to lower-grade tumors
and healthy tissues. Table 6 shows the top 15 ranked predicted snoR-
NAs linked to colon cancer disease. SNORA61 was related to digestive
cancers. In particular, it was linked to the Nuclear factor KB (NF-KB)
signaling pathway, and it was also linked to different relevant biologi-
cal functions such as Proliferation, cell cycle, and apoptosis [70]. NF-KB
is a pluripotent transcription factor (TF) that is involved in cellular pro-
cesses linked to cell proliferation, inflammation, and cancer initiation
and progression [78], and recent studies have shown a positive cor-
relation between its activation and ncRNAs overexpression, thorough
the intermediate Inhibitory kappa B kinase (IKB) [78]. Other snoRNAs
were differentially expressed in CRC such as SNORA74A, SNORA71A,
SNORA70B, SNORA23, SNORA15 and SNORA22 [71,74,69,73]. Among
the snoRNAs, SNORA71A seems particularly relevant in CRC because
of its regulatory roles in the NF-KB signaling pathway [79]. Through
LBP, a sense-strand encoded, SNORA71A-targeted binding protein to
lipopolysaccharide (LPS), it also contributed to the LPS-induced version
of the NF-KB signaling pathway, which promoted cell proliferation, mi-
gration, and invasion. That is relevant as LPS, which is a major compo-
nent of the bacteria’s outer membrane, plays a crucial role in this path-
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Fig. 6. Top 10 most important features (snoRNA fragments) contributing to the prediction of the snoRNA association with lung disease.

way, which comes to an end when the transcription factor NF-KB moves
to the nucleus and joins the TNFa promoter to start gene transcrip-
tion [80]. That points to a potential mechanism by which SNORA71A
might affect cancer development [72]. SNORA41 is a H/ACA box in-
volved in EEF1B2 target gene interaction, and it was up-regulated [75].
Finally, transcriptome and long noncoding RNA sequencing of extra-
cellular vesicles released from the human colon cancer LIM1863 cell
line evidenced the presence of different snoRNAs, such as SNORA27,
SNORA57, and SNORA62, underlying a possible role of these snoRNAs
as diagnostic/prognostic biomarker candidates for the disease [76].

5.2. Explainability study

In order to provide deeper insights into the model’s predictions, we
tried to carry out an explainability procedure for the lung cancer case
study. We applied explainable artificial intelligence (XAI) technique to
obtain the most important snoRNA node features that contributed to the
predicted association with lung disease. We used the python Captum li-
brary (captum.ai) implementing the Integrated Gradients algorithms,
that is the only XAI algorithm supported by PyG library for explain-
ing GNN models with heterogenous graphs. Fig. 6 shows the top 10
snoRNA node features that contribute most to the predicted association
of a snoRNA to lung disease. Each snoRNA feature represents a snoRNA
structural fragment, and the list of the top 10 fragments, including their
structural sequences, is provided as Supplementary material. Those frag-
ments could be used, for example, as structural context for molecular
design by means of generative Al methods [81,82]. Indeed, the design
of RNA molecules needs to be guided by significant features, such as
sequence motifs inside these molecules. Together with other structural
and energy features, it could be used to design efficient drug molecules
to be validated with laboratory experiments.

6. Conclusion and discussion

This study introduced GL4SDA, a novel computational approach that
enables GNNs and LLMs to predict snoRNA-disease associations. By in-
tegrating snoRNA structural features and disease embedding derived
from LLMs, we developed a feature-rich representation to model the
complex relationships in heterogeneous biological graphs effectively.
Our experiments demonstrated that the proposed methods, using GNN
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architectures with GATv2 and GraphConv layers, outperformed state-
of-the-art graph-based approaches regarding the most used prediction
scores. Including snoRNA secondary structure information allowed us to
capture important structural aspects while using LLM to generate disease
embeddings provided a robust representation of disease characteristics.
These contributions highlight the strength of combining domain-specific
biological data with advanced processing techniques like LLMs. Further-
more, we validated the practical applicability of our approach through
a case study about two cancer diseases, reinforcing its potential to un-
cover novel snoRNA-disease relationships.

Even though test results show that the proposed model outperforms
other snoRNA-disease association tools, we also discuss the study’s limi-
tations here, which can be divided into outer and inner limitations. The
first ones refer to the dataset used in this study. Unfortunately, as ex-
plained in Section 3.1, only a few publicly available validated snoRNA-
disease associations exist, and we used most of them. For this reason,
we cannot perform any test using an external independent test, which
could give further robustness to the model’s performance. In addition,
the dataset used in this study is very sparse, with a few diseases that are
hubs for many snoRNAs. These characteristics, reported in Supplemen-
tary materials, take this dataset far from standard balanced datasets.
Using another balanced dataset could give us a better idea of how the
model works. Regarding inner limitations, although the LLM can pro-
vide a more informative data embedding concerning one-hot coding,
and we selected one of the best open-source LLM models, its general-
purpose training set does not guarantee to capture rare disease nuances
as a specific disease-oriented model could. Also, we can not establish if
a future release of the LLM model we used in this work could improve or
get worse current performances. We are confident that GL4SDA predic-
tions could guide experimental research, avoiding time-consuming and
reducing researcher efforts, as evidenced by case study results. Indeed,
the model evidences known snoRNA-disease associations validated by
in-vitro studies but also identifies novel snoRNA-disease associations,
avoiding laborious experimental attempts. In the future, extending the
proposed model by considering the sign of the snoRNA-disease associa-
tion could be interesting, i.e., positive or negative. This information can
help scientists by suggesting which kind of biological effect the associa-
tion can create. Moreover, this study lays the groundwork for analyzing
other kinds of ncRNA-disease interactions in which relationships can be
modeled as bipartite graphs.
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