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Network representations of data are designed to encode relationships between
concepts as sets of edges between nodes. Human biology is inherently complex
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available at the end of the article example is the relationship that exists within and between various -omics datasets,
including genomics, transcriptomics, and proteomics, among others. Encoding
such data in a network-based or graph-based representation allows the explicit
incorporation of such relationships into various biomedical big data tasks, including
(but not limited to) disease subtyping, interaction prediction, biomarker identification,
and patient classification. This review will present various existing approaches in
using network representations and analysis of data in multiomics in the framework
of deep learning and machine learning approaches, subdivided into supervised and
unsupervised approaches, to identify benefits and drawbacks of various approaches
as well as the possible next steps for the field.
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Background
Multiomics - also known as “multiple omics” - includes data types such as genomics,
transcriptomics, epigenomics, metabolomics, and proteomics, among many others [1, 2,
3]. The analysis and integration of multiomics data has become an increasingly relevant
topic in biomedicine as advances in methods for collecting omics data has led to such
data becoming increasingly accessible and has even allowed for the collection of mul-
tiple -omics data in the same experimental process from the same biological samples [4].
Such analyses have enabled interrogation of the underlying mechanisms behind the
pathogenesis of many diseases, most notably various types of cancers through data col-
lected by The Cancer Genome Atlas (TCGA) Research Network, used by many of the
papers discussed in this review in part due to the wide availability and coverage of many
-omics datasets within TCGA [5, 6]. Furthermore, many datasets with varying levels of
multiomics data types have become available in more recent years to study a number
of disease domains including frontotemporal dementia [7], Alzheimer’s disease [8, 9],
kidney disease [10, 11, 12], and liver disease [13, 14], to name a few, highlighting the
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need for additional multiomics integration methods. However, multiomics analyses
face many unique challenges; multiomics datasets are often very heterogeneous, sparse,
and extraordinarily high-dimensional. At the same time, sample sizes for many of these
datasets are still relatively small despite advancements in data collection, in part due to
technical limitations and complexities that still arise with these techniques in a wet lab
setting [15, 16, 17].

Network, or graph, representations of data provide a structured way to explicitly
model and represent these relationships by representing concepts as nodes and repre-
senting relationships between concepts as edges [18, 19]. In some methods, the concepts
are drawn directly from the features found in the dataset in question and relationships
obtained from pre-existing knowledge graphs [20, 21]. In others, the relationships are
inferred in an attempt to find or identify novel relationships [22, 23]. These networks
can then be used alongside graph machine learning and traditional network analyses to
explicitly incorporate known relationships into analyses [24, 25, 26]. In multiomics, net-
work approaches and analyses thereof are becoming increasingly common as a way to
try to address many of the issues inherent to multiomics analysis. The nodes often rep-
resent features of various omics datasets, such as variants found in genomics and genes
found in transcriptomics [22]. The edges are often constructed from underlying biologi-
cal knowledge stored in databases such as the Kyoto Encyclopedia of Genes of Genomes
(KEGQG) and others [27]. Alternatively, omics data can be embedded into the network as
features induced on nodes or edges [24]. Within the subset of network analyses of mul-
tiomics data, many papers have made use of traditional machine learning approaches.
However, there has been an emergence of methods that make use of deep learning on
graphs for analysis of the same data. In this topical review, we will discuss both tra-
ditional and deep learning methods on graphs as well as their respective benefits and
drawbacks as applied to multiomics data integration and analysis.

Furthermore, when considering methods to analyze multiomics data on a broad scale,
such tasks are usually divided into two types of common paradigms: supervised learning
and unsupervised learning. In the case of supervised learning, known labels are used as
a target; for example, a classification task that seeks to identify if a network indicates that
a patient has a disease or not based on biological data [28]. In unsupervised learning, the
goal is to identify patterns that exist within unlabeled data that best characterize the data
[28]. In this review, we will highlight a two-axis framework to discuss supervised and
unsupervised methods for multiomics data integration using networks via traditional
machine learning and deep learning (see Fig. 1).

While many prior reviews have explored either (1) network analyses in multiomics
data [29, 30], (2) deep learning and machine learning methods in multiomics analyses
[31], or (3) have compared supervised and unsupervised approaches broadly in mul-
tiomics [32, 33], none have explicitly discussed the benefits and drawbacks of deep
learning and machine learning methods on networks. Considering these methods in this
context of networks is particularly important because, as we discuss further below, using
network representations to incorporate prior knowledge into analyses can mitigate some
of the drawbacks of both deep learning and traditional machine learning.

Furthermore, no previous reviews have further subdivided these approaches into
supervised and unsupervised learning to create a two-axis categorization of super-
vised deep learning, unsupervised deep learning, supervised machine learning, and
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Fig. 1 A brief visualization showing some of the characteristics of different algorithms within the four quadrants
of the supervised-unsupervised and traditional ML-deep learning dual dichotomies. ML ="machine learning”. Each
bullet point of this visual are further discussed in the relevant sections of the paper

unsupervised machine learning. As network representations and analysis of multiomics
data alongside deep learning on graphs becomes increasingly popular and powerful, it is
important to elucidate important criteria that often play a role in the decision-making
process of data scientists and biomedical informaticians when deciding how to analyze
their data, including interpretability, resource requirements, and technical limitations.
It is also crucial to identify existing gaps in the field so that future methods can aim to
address these gaps.

This review thus presents a novel framework for considering and comparing these
methods as well as identifying possible next steps that will improve the landscape of
future multiomics analyses that make use of network representations, both from a prac-
tical perspective (of methods application) and from a theoretical perspective (of meth-
ods development).

Existing network analysis methods

In this topical review, we first subdivide network analysis methods into classes of super-
vised and unsupervised approaches, as this is often the first decision point in any anal-
ysis paradigm that is determined based on the definition of the problem [28, 34]. For
example, those trying to identify whether a patient has a disease or not by using data
from cases and controls will likely look primarily for supervised approaches, while those
trying to subtype a disease into different subclassifications without having access to
known labels for these subtypes will likely look for unsupervised approaches. In this sec-
ond example, the goal is to identify whether there are subtypes of a disease, and perhaps
how many subtypes exist; thus, there are no known labels to learn.

Within each class of approach, we will further subdivide into traditional (non-deep-
learning) and deep learning approaches. As deep learning becomes increasingly popular,
many are faced with the question of whether to consider deep learning approaches in
their analyses and what the limitations and drawbacks thereof may be, especially as com-
pared to more traditional approaches. While deep learning approaches are sometimes
the more novel, innovative, and exciting approach, the research question and underlying
model may not warrant that level of sophistication. Sometimes, a deep learning model
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is overkill for the question at hand and a more traditional machine learning approach
is favorable. In this review, our goal is to aid a researcher in making that assessment for
their multiomics data/question for their study.

We note that we do not include semi-supervised learning or reinforcement learning
in this review. This is due to a relative lack of existing published literature in either net-
work-based semi-supervised learning in multiomics or network-based reinforcement
learning in multiomics at the time of writing this review.

Supervised approaches

Supervised learning generally refers to the class of approaches where a target or out-
come is known for a subset of the data used to optimize and evaluate the method in
question [28]. In multiomics, methods have been developed for a variety of supervised
tasks, including disease category classification and survival prediction, among many oth-
ers [35]. Some selected papers are discussed below.

In the context of traditional machine learning and deep learning, approaches to
supervised learning can be quite varied, especially when considering network-based
approaches. In many cases for supervised traditional approaches, they make use of prior
knowledge to create networks that allow for feature aggregation or selection (commonly
termed “feature extraction” or “feature engineering”) that they then use as inputs to stan-
dard machine learning algorithms, creating a sort of pipeline that allows for training on
a task in a data-driven way. However, the feature aggregation or selection is not always
dependent on the task at hand, and the “trainable” part of such approaches is often the
downstream classification or regression algorithm that learns from those features. Fur-
thermore, many of these learned relationships tend to be linear in nature or encode
very specific nonlinear relationships. In contrast, deep learning methods for supervised
learning on networks for multiomics data often act in an end-to-end manner where they
learn from the original input features a set of “engineered/extracted features” that are
optimized for the task at hand and simultaneously learn how to use those features for
the downstream task at hand, allowing them to essentially learn the optimal way to “use”
(through combining, selection, or aggregation) the input features for the specific task at
hand.

Supervised traditional machine learning approaches: a set of examples
iOmicsPASS [36]: Koh et al. use multiomics data to calculate scores for all interactions
found in a pathway database known as ConsensusPathDB through co-expression that
aggregates relationships from a variety of other biological knowledge sources. They then
use these scores from multiomics data (in their paper, genomics, transcriptomics, and
proteomics) as features for classifying tumor subtypes in TCGA and Clinical Proteomic
Tumor Analysis Consortium (CPTAC) data by using a modified nearest shrunken
centroid (NSC) classification algorithm that reweights centroids to account for class
imbalances. They then use feature weights from the NSC algorithm to identify specific
interactions that contributed to the classification algorithm.

Integrative Network Fusion [37]: Chierici et al. apply principles of similarity network
fusion (SNF) as well as variable juxtaposition (juXT) to find a set of optimal features
from multiomics data (gene expression, proteomics, copy number variation, and methy-

lomics in varying combinations) that they then use as inputs to an arbitrary classifier
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(that can be switched out) to predict a variety of metrics, including estrogen receptor
status and cancer subtyping in the TCGA Breast Invasive Carcinoma (BRCA) dataset
as well as overall survival on other TCGA datasets. They first filter features separately
using SNF on the multiomics data to find similar features as well as using juXT to rank
features that they then intersect to use as a set of features in downstream classifiers.

iDINGO [38]: Class et al. present an interactive tool that allows for integration of mul-
tiomics data using a chain graph model where individual omics datasets are assumed to
impact other omics data in a hierarchical, one-way manner. They can then make use of
these integrated omics networks to perform differential pathway enrichment analyses
across different groups (such as individuals with a disease versus those without a dis-
ease), showing their method in a breast cancer dataset.

NetMIM [39]: Zhu et al. propose a method that integrates multiomics data using a
network-based Bayesian model that seeks to better handle missingness where individu-
als may only have information from select omics types. They incorporate gene-pathway
mappings alongside feature dependencies using Markov random fields to perform ini-
tial feature selection; they then integrate features across biological mechanisms using a
Bayesian model before identifying subunits that are then used to aggregate features and
predict clinical outcomes. They handle missing data by imputing the data for each indi-
vidual from available omics data using a conditional distribution at each iteration of the

model parameter optimization.

Supervised deep learning approaches: a set of examples

GraphSurv [40]: Wang et al. implement a graph convolutional network (GraphSurv)
with the goal of predicting cancer prognosis survival on TCGA datasets. They devel-
oped a gene-gene network using data and knowledge from KEGG, using information
about which gene products interacted in which pathways as the information to build
their edges between genes. They then embed multiomics data from the modalities of
RNA-sequencing, copy number variation, and DNA methylation as node features on
each gene. They then take this network and apply a graph convolutional network with a
regression layer to predict patient survival from each network, achieving better perfor-
mance than non-graph-based methods.

LAGProg [41]: Zhang et al. implement a local augmented graph convolutional net-
work (LAGProg), also to predict cancer prognosis and survival from TCGA datasets.
Very much like in GraphSurv, they develop a gene-gene network with multiomics data
as node features. However, they then refine these features by using an autoencoder that
incorporates information from neighboring genes to compute a set of augmented fea-
tures for each gene. They then use a graph convolutional network with a regression layer
to process the gene-gene network and node features to predict patient survival from
each network, noting that their method is similar to GraphSurv but that their augmenta-
tion improves performance by allowing for more robust sets of multiomics features to be
considered from central genes.

MoGCN [42]: Li et al. use a graph convolutional network on a patient-patient similar-
ity network to classify cancer subtypes from BRCA samples in TCGA from theoretically
any combination of patient-level data, though they test on genomics, transcriptomics,
and proteomics data. They do this by first using the multiomics data individually along-
side similarity network fusion to create a patient-patient similarity network. They then
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pass the multiomics data through an autoencoder to generate a set of lower-dimensional
features for every patient that they then use as node features in their patient-patient sim-
ilarity network. They then apply a graph convolutional network on this patient-patient
similarity network to perform node classification - that is, they predict the cancer sub-
type for each patient (node) within their network.

MOGAT [43]: Tanvir et al. use a graph attention network on a patient-patient similar-
ity network to classify cancer subtypes from BRCA samples in TCGA, similarly to as in
MoGCN with the exception of using different multiomics data (copy-number variations,
co-expression data, RNA-seq data, methylation data, and single-nucleotide variations,
comprising genomics, transcriptomics, and epigenomics) along clinical data. They cre-
ate a patient-patient similarity network using their multiomics data and then embed a
set of pre-selected features from each sample’s multiomics data into the network as node
features on each patient. After this, they apply a graph attention network to this network
to create embeddings that they pass to a classification layer and predict cancer subtypes
for each patient within their network.

MOGONet [44]: Wang et al. use a graph convolutional network in tandem with a view-
correlation discovery network (VCDN) to perform a wide variety of biomedical clas-
sification tasks, including Alzheimer’s disease prediction and cancer subtyping with an
arbitrary number of omics datasets (in this paper, they use mRNA expression, meth-
ylation, and miRNA expression). They do so by constructing patient-patient similarity
networks on individual omics datasets, processing those networks using a graph con-
volutional network to produce initial predictions for the classification and calculating
correlations between each omics dataset, and then using the VCDN to integrate the cor-
relation of the predictions from each omics dataset together into one final prediction for
each sample.

MOGDx [45]: Ryan et al. propose a tool that makes use of a graph convolutional net-
work that they call Multi-Omic Graph Diagnosis (MOGDx) that operates on patient
similarity networks in order to perform subtype classification on multiple datasets. They
perform initial feature selection to compute similarity using multiple omics modalities
and then fuse across modalities using similarity network fusion, providing the network
structure for the graph neural network where nodes are individuals and edges con-
nect the 15 nearest neighbors based on similarity. As node features, they use the origi-
nal omics modalities without feature selection, processed through a fully-connected
encoder. By training in this way, they are able to classify individual patients after mul-
tiple graph convolutions, and they additionally show that this model provides interpret-
ability into which modalities contribute to a classification through omics ablations.

Unsupervised approaches

Unsupervised learning generally refers to the class of approaches where there is no spe-
cific target or label for the data used; instead, the aim is to create a representation of
the data by inferring patterns that incorporate a useful set of information or provide
insights about the data [28]. In multiomics data analysis, many of these methods focus
on single-cell analyses to disaggregate different cell types by using lower dimensional
embeddings, while others operate at the patient level to create embeddings that can be
used to compare patients [46]. Recently, network integration methods have been used
to pair unpaired data across omics datasets or to better model relationships between
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omics datasets when generating embeddings. In many cases, these embeddings are
tested by evaluating how well they can be used on downstream tasks such as classifica-
tion or regression, but the labels themselves are not necessary for the construction of
the embeddings themselves - an important distinction between supervised and unsu-
pervised learning.

In the context of traditional machine learning and deep learning approaches, these
methods often have similar underlying goals of producing an embedding of the origi-
nal data in a lower-dimensional space; however, the approaches that are taken to pro-
duce these embeddings can be very different. In traditional machine learning, methods
often rely on prior knowledge to group and categorize different sets of input features
together into what many methods call “modules’, using aggregation techniques that are
relatively standard to combine features assigned to a module (such as mean aggrega-
tion), which enables easier interpretation of the contribution of individual modules to
any downstream task or cluster. In contrast, deep learning approaches often learn lower
dimensional representations that are conditioned in a data-driven way using informa-
tion theory - for example, trying to reconstruct the original input data in the case of
autoencoders - which enforces a constraint that the representations contain some mean-
ingful information; however, it can be difficult to identify the meaning of any given axis
within the lower-dimensional embedding as it is not always tied to a specific feature (or
“module” as above). Many deep learning approaches that use networks in this fashion
also make use of prior knowledge as a way to provide a “seed” to constrain or provide
some prior structure to their model in terms of how the features may map to aspects of
the lower-dimensional space, which can improve interpretability slightly.

Unsupervised traditional machine learning approaches: a set of examples
netOmics [47]: Bodein et al. construct multiomics networks consisting of relationships
between concepts from gene expression, proteomics, and metabolomics to perform
analyses and generate network representations of data that can then be used for further
downstream analyses in a package they call netOmics. They construct their network by
moderately preprocessing their omics data independently and then draw on interaction
databases like BioGRID. They show that this network represents useful information by
performing enrichment analyses and topology analyses on the resulting network that
show relationships that are strongly associated with known relationships on three datas-
ets, including a HeLa cell dataset, a maize genetics dataset, and a diabetes dataset.

PARADIGM [48]: Vaske et al. use genome copy number variation, gene expression,
and DNA methylation in their method called PARADIGM where they attempt to infer
patient-specific pathway activity to understand personalized mechanisms of disease in
breast and brain cancer. They make use of known biological information to construct
subnetworks representing individual pathways and then perform knowledge-aware
aggregation of data into pathways and construct integrated pathway activity scores that
they then use as a lower-dimensional representation of a patient. They show that these
scores embed useful information by comparing their usefulness in downstream tasks
such as classification, though these embeddings can be generated independently of any
labels (as an unsupervised algorithm).

COSMOS [49]: Dugourd et al. make use of prior knowledge encoded in signaling, met-
abolic, and regulatory networks to integrate transcriptomics, phosphoproteomics, and
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metabolomics data in their Causal Oriented Search of Multi-Omics Space (COSMOS)
approach. They use these relationships alongside putative activity of various proteins to
infer and explore network-level dysregulation and attempt to identify causal mediators
of clear cell renal cell carcinoma as a case study. They make use of specific known rela-
tionships (such as activation and inhibition) to create knowledge-aware network scores
and perform enrichment analyses, finding that they are able to recapitulate many known
drug targets in renal cell carcinoma.

SUBATOMIC [50]: Loers and Vermeirssen write about their Subgraph Based Mul-
tiomics Clustering Framework (SUBATOMIC). They start by taking in a pre-created set
of networks of multiomics data with overlapping nodes. They then create subgraphs of
3 and 2 nodes with different properties based on the node relationships within those
subgraphs, taking into account the different node types and edge types corresponding
to different multiomics relationships (between and within omics sets). They then use
hypergraph processing to represent the subgraphs as new hyperedges within a hyper-
graph that they then use to represent different “modules” on which expression data is
incorporated to represent different conditions. They use the differences between these
modules in different disease states and patients to understand patient-specific differ-
ences and identify which modules (and groups of modules) are important in a given
disease.

NetICS [51]: Dimitrakopoulos et al. present Network-based Integration of Multi-omics
Data (NetICS), a method that makes use of multiomics data represented in a functional
interaction network to generate priority lists of genes based on lower-dimensional
embeddings and relationships representing the gene as it exists within the network.
They construct a functional interaction network based on known relationships and use it
to represent directed edges between transcriptome and proteome data. They then make
use of network diffusion methods to create representations at the gene level that then
function as sample-specific gene embeddings. They take the sample-specific embed-
dings for each gene (for a given subpopulation) and aggregate them to construct a set of
scores for all of the genes in their dataset, then order them by their respective weights to
prioritize which genes are important within a subpopulation.

Lemon-Tree [52]: Bonnet et al. make use of module network inference in their method
called Lemon-Tree to construct sets of co-expression modules that incorporate informa-
tion from various omics datasets (in this paper, copy number variation and gene expres-
sion). They then construct relationships between modules and regulatory programs by
building an ensemble of the results from many runs of module network inference as
well as annotating the modules using known biological knowledge from Gene Ontology
[53], giving them a set of features on each module and on each regulatory program that
they can use alongside patient-specific values for each omics dataset as a representa-
tion for each patient as well as for enrichment analyses across patients within different
subgroups.

Unsupervised deep learning approaches: a set of examples

GCN-SC [54]: Gao et al. integrate single-cell multiomics data (gene expression, chroma-
tin accessibility, and protein expression) by finding pairs of related cells within individ-
ual omics layers and between omics layers using mutual nearest neighbors to construct
a network that represented nodes as cells and edges between identified pairs across
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multiomics datasets. They then use a graph convolutional network and non-negative
matrix factorization to create a set of lower-dimensional embeddings of the data that
they could then use for cell type clustering.

GLUE [55]: Cao and Gao develop a framework that makes use of a graph convolu-
tional network in the form of graph variational autoencoders in a framework called
graph-linked unified embedding (GLUE) to pair and integrate multiomics data (specifi-
cally gene expression, chromatin accessibility, and methylation) for the purposes of cre-
ating single-cell embeddings. They first use the features from their multiomics data and
pull relationships from knowledge graphs, then use a graph variational autoencoder to
reduce the graph to a set of latent feature variables. They then apply this reduction to
their cell-specific multiomics features to create a lower-dimensional set of latent vari-
ables for each patient that they then use to characterize and distinguish cells in a more
comprehensive way, showing consistent clustering across omics types and even better
discrimination of certain cell types.

MAE [56]: Ma and Zhang use autoencoders across multiomics types with network
constraints in a framework that they call Multi-view Factorization Autoencoder (MAE)
to integrate multiple multiomics datasets together. They make use of multiple autoen-
coders, one for each omics data type, to generate embeddings (“views”) for each data
type and then have a module that combines multiple views together. They impose net-
work constraints using existing biological interaction networks by using such knowledge
to determine the similarity of features through shared pathways and interactions, then
they use those similarities as inductive biases through incorporated regularization terms
to ensure that related features are represented similarly in their embedding as in the
original network.

SpatialGlue [57]: Long et al. use methods similar to a graph autoencoder to integrate
spatial multiomics data with the goal of identifying spatial domains in a method that
they call SpatialGlue. They make use of graph convolutional layers as an encoder, then
aggregate data spatially across modalities as well as within modalities, then use fur-
ther graph convolutional layers as a decoder. The method relies on spatial resolution of
multiomics data to construct a graph of nearby points; however, they also enrich this
graph with edges corresponding to points that are close to each other based on a prin-
cipal components analysis (PCA) embedding space. They train this model on its ability
to reconstruct the original data as well as its ability to project different omics types into
similar representation spaces, showing that this model performs well on various down-
stream tasks and generalizes across multiple datasets, including a human lymph node
dataset and a mouse brain dataset, among others.

SSGATE [58]: Lv et al. propose a model that they call SSGATE, a “multi-omics inte-
gration method based on dual-path graph attention autoencoder” SSGATE makes use
of either single-cell or spatial multiomics data by constructing nearest-neighbor graphs
based on single-cell expression profiles or geometric distance, respectively. It then learns
a lower-dimensional embedding of each individual using graph attention mechanisms
using standard autoencoder loss functions, allowing the embeddings to be used for
downstream tasks. They use this model for cell clustering and developmental trajectory
analysis on human bone marrow, mouse spleen, and mouse thymus datasets, integrating
transcriptomics and proteomics data.
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Comparisons along axes of interest

Supervised versus unsupervised approaches

In terms of considering supervised versus unsupervised approaches, this is usually
a domain- and paradigm-specific problem relating to whether one has labels for their
data that they would like to predict, succinctly shown in Figs. 1 and 2. It is important
to consider and discuss these methods as this is a critical inflection point for most
projects making use of multiomics data; however, comparing supervised to unsuper-
vised approaches directly can be difficult due to the inherent different goals of these
two approaches. That being said, many commonalities can be observed between these
methods: in many cases, both classes of approaches have several examples that make
heavy use of prior knowledge from existing knowledge graphs or annotations, which
may sometimes be flawed or incomplete; however, they are generally designed to be
robust to changing knowledge (either by being able to operate on different versions of
the knowledge graph or by being able to reconstruct the relationships from an external
data source).

Additionally, more supervised approaches operate at the patient or individual level
while more unsupervised approaches operate on the single-cell level. Both of these
are viable paradigms for multiomics integration but represent vastly different levels
of biological organization; however, at a fundamental level, many of the approaches in
supervised learning can be used on a single-cell level and vice-versa, and this may rep-
resent an interesting area of future research and development. For example, the frame-
works used in MOGAT, MOGONet, or MOGDx could all theoretically be used at the
single-cell level as opposed to the patient level. However, there are some distinctions
between patient-level and single-cell-level data relating to differences in how data may
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Fig. 2 A visual of several network representations of multiomics data that have been used in multiomics integra-
tion. We classify the ways networks have been represented broadly into three categories: (A) Molecular-omics
networks, where nodes represent individual omics types and edges usually represent prior knowledge or com-
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patients or cells) and edges generally represent some metric of similarity or distance between samples, such as
feature similarity or spatial distance
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be distributed or collected (such as increased sparsity in single-cell data) that may make
direct translation between these settings more difficult.

Furthermore, lower-dimensional embeddings generated by unsupervised learning
approaches are inherently generalizable, which can allow them to be translated to a vari-
ety of downstream tasks. This enables one to train the process of generating enriched
embeddings on much larger datasets that may not be task-specific or labeled and then
“transfer” that knowledge, in a sense, to specific, supervised tasks such as patient or
cell classification. This means that supervised and unsupervised tasks do not necessar-
ily need to be inherently exclusive, and in fact, some of the methods discussed such as
MoGCN make use of unsupervised embedding generation prior to making a prediction.

Deep learning versus traditional machine learning

When considering whether to use deep learning or traditional machine learning, there
are many critical considerations to make, as described in Fig. 1; Table 1. Among the
methods discussed (particularly for the supervised approaches), deep learning tends
to outperform traditional machine learning; however, this comes at the expense of
interpretability. Within both supervised and unsupervised approaches, the traditional
machine learning methods tend to be more interpretable with an easier path to under-
standing the underlying contribution of individual omics features and even entire omics
layers to ensure that their relation to the outputs are intuitive and potentially clinically
actionable [59, 60, 61]. Furthermore, the relative simplicity of these approaches mean
that overfitting (while still possible) is far less likely due to the reduced parameter space
and complexity [62, 63, 64]. However, it is important to note that if the relationship(s)
between inputs and outputs is known, then the standard considerations are less reliable
and one should instead determine the simplest model that models those relationships
effectively rather than looking to the dichotomy of deep learning or traditional learning.

In contrast, the deep learning methods tend to rely on the training process and defined
objective functions to ensure reliable relationships between omics features and the out-
puts (whether supervised or unsupervised). By their nature, they attempt to incorporate
and model potential nonlinear relationships between their feature set at each step, which
makes understanding the exact relationship of a feature to the output or to intermediate
learned features difficult [59, 60, 61]. Furthermore, they tend to be much more highly
parameterized, leading to the potential for overfitting with small sample sizes or for the
methods to be poorly generalizable to external datasets [62, 63, 64].

It is important to note that recent developments in the field of deep learning can help
to mitigate many of the canonical drawbacks of using deep learning over machine learn-
ing, especially in the context of network analyses. For example, the field of explainability
and interpretability of graph convolutional networks and other graph neural networks
has been making steady progress, with many methods being developed to highlight
important regions of a graph or even specific edges within a graph that contribute to
a prediction [65, 66, 67]. This has been underutilized in multiomics integration (in the
methods discussed in this review) and represents a potential area of tackling both of the
issues related to deep learning in this space: (1) being able to identify specific contri-
butions; and (2) being able to determine whether overfitting is occurring by comparing
important components across individual samples or patients.
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Table 1 A discussion of the primary decision point for deciding between supervised and
unsupervised learning (top subtable) and the various considerations that a researcher might make
when deciding between deep learning approaches and traditional machine learning (ML) methods
(bottom subtable). Note that this is merely a sampling of possible considerations and that not every
consideration is listed here; for example, having access to limited computational resources May
require a researcher to more heavily consider traditional ML techniques

Consideration

Answer for
Supervised
Learning

Answer for
Unsupervised
Learning

Comments/Caveats

Do you have
meaningful
labels for your
data that you
seek to predict?

Yes, you do have
labels that you
seek to predict

No, you do not
have labels or
you can only
create inductive
labels such as
reconstruction

Note that this consideration is not as binary as it may
seem. It is possible that unsupervised learning can still
play a role even if you do have labels for your data; for
example, if you have a large quantity of data but only a
subset is labeled, you can use unsupervised learning to
generate embeddings using the much larger dataset
(which may be richer due to the larger quantity of
data) and then train a prediction head on top of the
unsupervised embeddings for the labeling.

Consideration

Answer for
Traditional Ma-
chine Learning

Answer for
Deep Learning

Comments/Caveats

How impor-
tantis it that
your model is
interpretable or
explainable?

Do you have a
good number of
samples relative
to features?

How important
is it that your
model can cap-
ture nonlinear
complexities?

How much
domain ex-
pertise do you
have? (Can you
perform feature
engineering?)

Very important

No

Can compromise

Substantial
expertise (yes)

Not as important

Yes

Critical

Limited exper-
tise (no)

Many deep learning approaches, particularly those that
use graph neural networks or attention-based meth-
ods, are often able to layer in interpretability through
either architectural design or post-hoc model explain-
ability. Depending on which deep learning approach
you are considering, you may be able to maintain this
consideration even when using deep learning.

Deep learning methods tend to be more prone to
overfitting with small sample sizes due to their general
capacity to model nonlinear relationships.

Deep learning models are more effective at captur-
ing such nonlinear complexities without a priori
knowledge of what nonlinear relationships may be
important, which may allow them to achieve better
performance in the presence of good enough sample
sizes.

Deep learning models are constructed in an end-
to-end manner, often learning representations of

the input data optimized for the training paradigm

in question. This means that it can perform its own
feature engineering (and extraction) that can help miti-
gate a lack of domain knowledge in constructing valid
features from more complex or high-dimensional data.

Network representations of multiomics data: observations

Table 2 provides a brief overview of all of the methods discussed in this paper, categoriz-

ing them by supervised and unsupervised learning as well as deep learning versus tradi-

tional machine learning, and Table 3 provides additional information about the nodes

and edges in each paper discussed which gives an insight into how the networks that

represent multiomics data are defined and constructed.

From the papers that we have presented in this review alone, it is clear that there exists

a huge amount of diversity in the types of network structures and representations that

have been developed for analyzing multiomics data. We approach our observations from

two directions: one that focuses on how nodes are defined in these networks and one

that focuses on how edges are defined in these networks.
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Table 2 Methods and their categorizations

Method Supervised / Unsupervised Deep Learning / Traditional Learning Reference
iOmicsPASS Supervised Traditional Learning [36]
Integrative Network Fusion  Supervised Traditional Learning [37]
iDINGO Supervised Traditional Learning [38]
NetMIM Supervised Traditional Learning [39]
GraphSurv Supervised Deep Learning [40]
LAGProg Supervised Deep Learning [41]
MoGCN Supervised Deep Learning [42]
MOGAT Supervised Deep Learning [43]
MOGONet Supervised Deep Learning [44]
MOGDx Supervised Deep Learning [45]
netOmics Unsupervised Traditional Learning [47]
PARADIGM Unsupervised Traditional Learning [48]
COSMOS Unsupervised Traditional Learning [49]
SUBATOMIC Unsupervised Traditional Learning [50]
NetICS Unsupervised Traditional Learning [51]
Lemon-Tree Unsupervised Traditional Learning [52]
GCN-SC Unsupervised Deep Learning [54]
GLUE Unsupervised Deep Learning [55]
MAE Unsupervised Deep Learning [56]
SpatialGlue Unsupervised Deep Learning [57]
SSGATE Unsupervised Deep Learning [58]

When it comes to nodes, many methods define nodes as molecular entities. For exam-
ple, some methods create what we call “molecular-omics networks” where each node is a
single entity from each multiomics dataset, such as an mRNA, protein, methylation site,
or miRNA, among many others. Other methods create “aggregator-omics networks’,
where each entity represents a harmonized mapping of multiple multiomics types, such
as a gene aggregating information from mRNA, miRNA, or methylation probes into a
single entity rather than as distinct entities. Many methods also define nodes as indi-
vidual samples in “sample-based networks’”, where a sample can depend on the dataset.
These include graphs where each node is an individual patient or graphs where each
node is an individual cell.

In the context of edges, some methods define their edges based on prior knowledge
such as information from KEGG about what genes are in the same pathways or how
different multiomics data types interact with each other. Other methods define their
edges in an entirely data-driven way by computing correlations or relationships between
multiomics features, such as calculating the coexpression of gene expression, calculating
correlations between features, using Euclidean distances for spatial data, or calculating
metrics based on similarities such as how similar two cells or patients are to each other.
Notably, this is often intertwined with the definition of the nodes in the graph for which
edges are being defined, with graphs that have individual sample nodes often using simi-
larity-based metrics to define edges.

The diversity of network definitions described here are prevalent across all pos-
sible categorizations of models, from traditional machine learning to deep learning
approaches as well as supervised to unsupervised approaches. We also attempt to pro-
vide a visual overview of everything described in this section in Fig. 2.
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Table 3 Methods and their network representations

Method Algorithm / Analysis Nodes Edges Omics
Approach

iOmicsPASS  Modified nearest shrunk-  Molecules or Defined based mMRNA, proteomics from
en centroid classification  features within on correlation of TCGA breast cancer
that favors subnetworks  each individual abundance between

omics set molecules

Integrative  Similarity network fu- Individual Similarity between Arbitrary, tested gene

Network sion+variable juxtaposi-  samples/patients patients, computed  expression, protein

Fusion tion followed by random using individual expression and copy
forest or linear SYM omics features number variants from

TCGA breast cancer
(multiple combinations
tested)

iDINGO Differential network analy- Molecules such  Defined based on Arbitrary, tested miRNA,
sis across patient groups  as miRNA, mRNA,  partial correlations mMRNA, proteins from

proteins between molecules ~ TCGA breast cancer

NetMIM Bayesian network model ~ Genes or meth-  Methylation effects Gene expression,
incorporating Dirac spike-  ylation probes on gene expression  methylation from TCGA
and-slab feature selection  (+other factors (or other factors on kidney renal clear cell

such as clinical gene expression) carcinoma
covariates)

GraphSurv  Graph convolutional Genes (omicsin-  Interactions between mRNA, copy number
network with Cox propor- tegrated as node  genes based on KEGG  variation, and meth-
tional hazards prediction  features) pathways ylation from TCGA (33
output cancer types)

LAGProg Conditional variational Genes (omicsin-  Interactions between  mRNA, CNV, and DNA
autoencoder for aug- tegrated as node  genes based on KEGG methylation data from
menting features+graph  features through  pathways TCGA (15 cancer types)
convolutional network augmentation
with Cox proportional and original
hazards prediction output values)

MoGCN Autoencoder to generate  Patients (node Patient similarity Copy number variation,
patient-level expression  features are auto- edges (fused similar-  RNA sequencing, and
features and then graph  encoder gener- ity based on original  proteomics data from
convolutional network on  ated features) omics similarities) TCGA breast cancer
a similarity network fusion
generated graph

MOGAT Graph attention network  Patients (node Patient similarity (8 Copy-number variation,
applied to eight different  features from different sets based coexpression, gene ex-
patient similarity networks each data type) on different omics pression, INCRNA, meth-
to generate embeddings types) ylation, miRNA, single
for each network, concat- nucleotide variants (and
enate, and predict clinical data) from TCGA

breast cancer+META-
BRIC (some subsets also
tested)

MOGONet Graph convolutional Patients (node Patient similarity (for ~ mRNA, methylation,
network on each omics features from each omics type) miRNA from ROSMAP
network + view correla- each data type) (Alzheimer’s) + TCGA
tion discovery network low-grade glioma,

breast cancer, and
kidney cancer

MOGDx Two-layer encoder for Patients (node Patient similarity TCGA low-grade glioma,

dimensionality reduc-
tion+graph convolutional
network on patient simi-
larity network generated
with similarity network
fusion

features gener-
ated by encoder)

(generated by similar-
ity network fusion)

breast cancer, and
kidney cancer

Page 14 of 22
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Table 3 (continued)

Method Algorithm / Analysis Nodes Edges Omics
Approach
netOmics Random-walk propaga- Various (genes, Calculated in- MRNA, translation
tion analysis of multiple molecules, teractions (gene produces, and proteins
sub-omics networks con-  proteins) interactions), prior from Hela cell cycling
nected together knowledge interac-  dataset+genes, TF-
tions (protein interac-  encoding genes, and
tions), or relationships metabolites from maize
between layers aphid dataset
(genes and proteins)
based on KEGG
PARADIGM Parameter estimation Genes (within Pathway annotations  Copy number variation,
using EM algorithm on subnetworks of how gene omics gene expression, and
probabilistic graph model  representing affect other omics DNA methylation from
constructed through pathways) with (copy variation -> TCGA glioblastoma
gene networks (internal  entities foreach ~ MRNA, for example)
and between genes) of the omics as well as how active
types for each products affect other
gene pathways
COSMOS Network optimizationto  Individual omics  Prior knowledge Self-generated tran-
minimize mismatches data entities based on protein- scriptomics, proteomics,
between nodes for causal  (proteins, tran- protein interactions  and metabolomics from
networks and the size of ~ scription factors, and metabolite-pro-  kidney cancer
the selected subgraph metabolites) tein interactions
SUBATOMIC  Hypergraph clustering of ~ Molecules or Relationships Genes and miRNA from
submodules determined  features within between omics hypoxia dataset (with
by subgraph clustering each individual molecules based on  arbitrary extensibility)
omics set regulatory modules
and submodules
NetICS Network propagation Genes, miRNA, Interactions repre- Somatic mutations with
through hierarchical diffu-  with different senting different copy number variations,
sion based on aberrations  types based on biological operations  mRNA differential
and differential expression categorization (phosphorylation, expression, MiRNA
expression, etc.) differential expression
from TCGA uterine, liver,
bladder, breast, and
lung cancers
Lemon-Tree  Model-based clustering Genes (from Coexpression Gene expression and
and development of gene expression data)  predictions based on  copy number variation
modules using gene expression data from TCGA glioblastoma
regulatory networks
GCN-SC Spectral graph con- Individual single  Cell pairs matrixde-  scRNA-seq, CITE-seq,
volutional network on cells termined by mutual  and scATAC-seq (dif-
non-negative matrix nearest neighbors ferent combinations
factorization reduced across omics data thereof) from six datas-
features types ets in humans and mice
GLUE Graph variational Molecules or Prior knowledge SNARE-seq, SHARE-seq
autoencoder paired features within about regulatory and 10X Multiome
with standard variational  each individual interactions between  (paired), and Nephron
autoencoder omics set omics features, and MOp (unpaired)
encoded in a signed
and weighted
manner
MAE Multiple autoencoders Molecules or Within each omics, Gene expression,

with graph-imposed
constraints on feature
interactions

features within
each individual
omics set

the interactions be-
tween omics features
(prior knowledge)

miRNA, proteomics, and
methylation from TCGA
bladder cancer and
brain cancer

Page 15 of 22
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Table 3 (continued)

Method Algorithm / Analysis Nodes Edges Omics
Approach

SpatialGlue  Graph convolutional “Spots”from spa-  Nearest neighbors Spatial transcriptome,
network with aggrega- tial data (based between spots in epigenome, and pro-
tion within and between  on Euclidean Euclidean spaceand  teome from in-house
modalities information) nearest neighbors lymph node data (and

between spots based simulated data)
on feature similarities

SSGATE Graph attention auto- Individual single  Either based on CITE-seq from GEO:
encoder for individual cells feature similarity (for ~ BMNC or GEO: SLN111_
modalities with alignment non-spatial data) D1 or Stereo-CITE-seq

or based on spatial from GEO: SCS_MT
distance (for spatial
data)

Usage of algorithms and analysis approaches: observations

Table 2 provides a brief overview of all of the methods discussed in this paper, cat-
egorizing them by supervised and unsupervised learning as well as deep learning ver-
sus traditional machine learning, and Table 3 provides additional information about
the algorithms that are used in each of the methods discussed. While this review is
not meant to be a comprehensive overview of every one of the four subcategories
assessed, we do note some interesting patterns and trends in what algorithms or analysis
approaches are taken within each of the subcategories.

Broadly, traditional machine learning approaches appear to have a more diverse array
of approaches that operate on multiomics data as structured as a graph either for pre-
processing or for the actual analysis of the graphs. Across the ten papers discussed here
that are described as such (across both supervised and unsupervised methods), there
are at least six meaningfully distinct approaches that operate on the networks, including
but not limited to: a modified nearest shrunken centroid algorithm, differential network
analysis, Bayesian probabilistic networks, random-walk network propagation, hyper-
graph clustering, and parameter estimation, and many of the other methods present
their own modifications to multiomics data processing or graph construction that allow
for reasonable arguments that they are equally distinct.

In contrast, deep learning approaches appear to have broadly converged onto the usage
of graph convolutional networks for supervised approaches and graph-based autoencod-
ers for unsupervised approaches. Five of the six supervised deep learning approaches
make use of graph convolutional networks in some capacity (GraphSurv, LAGProg,
MoGCN, MOGONet, and MOGDx); the remaining one uses graph attention networks
(MOGAT). Three of the five unsupervised deep learning approaches explicitly make use
of autoencoders with some imposition of graph structure (GLUE, MAE, SSGATE); the
remaining two (GCN-SE and SpatialGlue) do not explicitly describe their methods as
autoencoders, but they both make use of reconstruction losses and architecture struc-
tures that make such a label reasonable.

There also exist several similarities from a high-level perspective, particularly in how
the data is preprocessed for analysis. Many methods within the traditional and deep
learning buckets make use of feature selection or dimensionality reduction approaches.
For example, some deep learning approaches make use of autoencoders — distinct from
the autoencoders that operate on the graph-structured data, these typically operate on
individual omics data with no graph structure — to perform learnable dimensionality
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reduction in an unsupervised manner; these reduced features are then sometimes used
as node features for the graph-based approach. For traditional approaches, dimensional-
ity reduction is done in a variety of ways, including at the graph level, such as selecting
subnetworks or submodules for downstream analysis, using feature selection, or using
differential expression to select features that are distinct across groups of patients. How-
ever, these approaches are not universal, and many methods make use of as many fea-
tures or nodes (as they are defined) as they can with some degree of interpretability built
in.

The centralization of deep learning methods for multiomics integration around graph
convolutional networks, especially in the context of the relative wealth of diversity in
their traditional machine learning counterparts, highlights a possible area for improve-
ment when it comes to cutting-edge methods for multiomics integration. For example,
graph attention networks which have been used by some papers (MOGAT and to some
extent SSGATE) can allow for improved parameterization of how the network struc-
ture is incorporated by adding learnable parameters to the aggregation of neighbor

information.

Observations on the landscape of the broader field

Table 2 provides a brief overview of all of the methods discussed in this paper, categoriz-
ing them by supervised and unsupervised learning as well as deep learning versus tra-
ditional machine learning. These methods demonstrate the variety of machine learning
network approaches that can be applied to problems in multiomics association analysis.
Generally, the methods discussed face the same issues that all multiomics analysis meth-
ods must address. The most prominent in this review were the curse of dimensionality
(having far more features than samples in many cases) [68, 69] and the issue of address-
ing noise and sparsity in some datasets [15, 70]. Network-based approaches in both the
traditional machine learning and deep learning regimes provide rigorous solutions to
this problem, as discussed above by the myriad number of methods that inherently per-
form dimensionality reduction or naturally relate concepts to each other.

For example, in methods that deal with patient or individual-level data, issues relat-
ing to high dimensionality and noise due to loss of information can be quite important
due to the inherent aggregation of omics data in such datasets (for example, bulk RNA
sequencing often leads to a transcriptomic profile that is, in essence, a weighted sum of
the transcriptomic profiles of the cells that are in the bulk data that is sequenced). Using
networks can address this concern by allowing one to integrate the data in a constrained
way in a variety of ways, such as through the integration of prior knowledge such as
knowledge about what pathways or gene modules are impacted by specific genes to cre-
ate an integrated pathway/gene module representation that helps mitigate some of the
loss of information and dimensionality through informed aggregation or selection in an
informed way.

In the case of methods that operate on single-cell-level data, high dimensionality
remains an issue, but high amounts of sparsity due to the data being collected at cellular-
level resolution can provide an additional challenge in generating useful representations
or learning information about individual features in a meaningful way. Network-based
approaches can resolve this issue in a similar way - by providing an informed way to
relate sparse elements to one another, they can provide a way to induce information or
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a useful informed/constrained representation based on only a subset of features due to
sparsity.

Furthermore, it is important to recognize that there exist issues of reproducibility and
data leakage that must be considered in all machine learning analyses. While this is not
unique to multiomics analysis or network analyses, it is important to avoid such pitfalls
when designing one’s own analysis; we direct readers to the relevant paper by Kapoor
and Narayanan to learn more [71].

It is also worth repeating that we did not include semi-supervised learning or rein-
forcement learning in this review, despite their relative prominence in machine learning
as a whole, as these are fields that have not seen much use in the context of network
analyses for multiomics data. However, we do want to point the reader to work by Wang
et al. in MOSEGCN, which is a graph convolutional network-based approach that uses
semi-supervised learning, if they are interested in reading more about how such an
approach can be developed [72]. Semi-supervised learning offers a promising opportu-
nity for combining labeled and unlabeled data in the multiomics paradigm where labeled
data may be sparse but unlabeled data may be abundant; as such, the lack of usage of
semi-supervised learning approaches represents a gap that can be further explored in
network-based multiomics data analysis.

Discussion and future directions for the field

Based on our perusal of the field, we observed many limitations and gaps in existing
methods that could serve as future directions or areas of possible improvement in the
future.

One major gap is in the apparent, emerging consolidation of methods around par-
ticular algorithms or approaches, especially in the domain of deep learning approaches
for multiomics integration, where graph convolutional networks and layers appear to
dominate. While many methods appear able to improve on performance with graph
convolutional networks alone, there are many advances in the field of graph deep learn-
ing that could lead to even more improvement. For example, graph transformers and
graph attention networks are alternative architectures to graph convolutional networks
that have shown their own benefits with novel ways of aggregating information that may
improve performance [73, 74]. Additionally, heterogeneous graph neural networks or
more elaborate methods for multi-view networks that operate on heterogeneous graphs
where there are more than one type of node or edge (much like the molecular-omics
networks or networks where edges can carry one of multiple definitions) have also been
seeing significant improvements, but despite those improvements, such methods appear
to be underutilized in the field of multiomics integration [75, 76, 77, 78, 79].

Another key gap is in interpretability and in reliance on prior knowledge as a ground
truth. These often lead to algorithms having limited clinical relevance due to the
increased rigor and expectations that exist for clinically-adjacent methods that may
impact patient care, and they can also limit the research applications by limiting the
capacity for hypothesis generation and testing through limited understanding or rap-
idly becoming outdated as biological knowledge progresses. Future considerations for
network representation and analyses of multiomics data may include incorporating
advances in graph deep learning interpretability and consciously designing methods to
be robust to changing knowledge to mitigate many of these issues. This will allow future
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methods to push the boundaries of accuracy and value without having to compromise
on important components of any machine learning model or data representation, espe-
cially those that have the potential to be clinically relevant.

Furthermore, there exists a possibility for integrating both deep learning and tradi-
tional machine learning methods, particularly for applications where end-to-end deep
learning training may be overkill or prone to overfitting. For example, one could train
unsupervised graph autoencoders with much larger, unlabeled datasets to generate
lower-dimensional representations of data, and then use those unsupervised represen-
tations with traditional network-based algorithms such as diffusion or random-walk
propagation for classification or other downstream tasks. This would allow one to take
advantage of the generally higher representative power of graph neural networks while
mitigating the downside of their lower effectiveness for small-sample-size applications.

Conclusion

Network analysis in multiomics is an established, but rapidly growing field that has
many benefits over non-network analyses in the realms of interpretability, sparsity, and
dimensionality. Recent advances in deep learning, particularly the development of graph
neural networks, as well as in traditional machine learning methods that operate on
networks has led to an increased number of papers making use of these approaches in
their analyses. A recent coalescence can be seen between supervised and unsupervised
approaches, with many papers making use of similar underlying approaches to integrate
network information, representing an exciting opportunity for improvements within
both domains by incorporating advances in the other.

We provide in this review an overview of many of these recent approaches while mak-
ing focused observations about the tradeoffs between traditional machine learning and
deep learning approaches as well as the distinction between supervised and unsuper-
vised approaches to help researchers in the decision-making process when it comes to
their decisions about how to analyze their own data. We use this framework and these
observations to propose a variety of possible changes that may lead to improvements in
the field of multiomics integration as a whole, particularly for network-based multiomics
integration.
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VCDN View-correlation discovery network
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SUBATOMIC  Subgraph Based Multiomics Clustering Framework
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