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Abstract

Motivation: Heterogeneous, interconnected, systems-level, molecular (multi-omic) data have become increasingly available and key in precision medicine.
We need to utilize them to better stratify patients into risk groups, discover new biomarkers and targets, repurpose known and discover new drugs to per-
sonalize medical treatment. Existing methodologies are limited and a paradigm shift is needed to achieve quantitative and qualitative breakthroughs.

Natasa Przulj

Results: In this perspective paper, we survey the literature and argue for the development of a comprehensive, general framework for embedding of
multi-scale molecular network data that would enable their explainable exploitation in precision medicine in linear time. Network embedding methods
(also called graph representation learning) map nodes to points in low-dimensional space, so that proximity in the learned space reflects the network's to-
pology-function relationships. They have recently achieved unprecedented performance on hard problems of utilizing few omic data in various biomedi-
cal applications. However, research thus far has been limited to special variants of the problems and data, with the performance depending on the under-
lying topology—function network biology hypotheses, the biomedical applications, and evaluation metrics. The availability of multi-omic data, modern
graph embedding paradigms and compute power call for a creation and training of efficient, explainable and controllable models, having no potentially
dangerous, unexpected behaviour, that make a qualitative breakthrough. \We propose to develop a general, comprehensive embedding framework for
multi-omic network data, from models to efficient and scalable software implementation, and to apply it to biomedical informatics, focusing on precision
medicine and personalized drug discovery. It will lead to a paradigm shift in the computational and biomedical understanding of data and diseases that

will open up ways to solve some of the major bottlenecks in precision medicine and other domains.

1 Motivation

This century is the century of biology (Glover 2012, Venter and
Cohen 2014), characterized by biotechnological advances that
continue to amass various molecular and clinical data
[Lappalainen et al. 2013, Papatheodorou et al. 2020, Kearnes
et al. 2021, Oughtred et al. 2021, Uffelmann et al. 2021,
Moreno et al. 2022, Pugh et al. 2022, Aleksander et al. 2023,
Baron et al. 2024, Clough et al. 2024, The UK BIOBANK
(https://www.ukbiobank.ac.uk/), PISTACHIO Database (https:/
www.nextmovesoftware.com/pistachio.html), REAXIS Database
(https://www.elsevier.com/products/reaxys), The Cancer Genome
Atlas Program (TCGA) (https://www.cancer.gov/ccg/research/ge
nome-sequencing/tcga). Algorithmic and computational develop-
ments follow this data revolution striving to model and compute
the amassed data to uncover new biomedical knowledge (Przulj
2019). Versatile computational methods, also of ever-growing
complexity, are being proposed to capture these ever-growing
data and are incurring enormous computational and energy
costs. Despite these substantial scientific labour and energy costs,
the fundamental biomedical breakthroughs still elude us. Hence,
we question whether omics data science is currently lost in its
complexity and argue that it is the simplicity that is hidden within
the complexity of the data that we should endeavour to uncover.
Recall that it is simplicity (and not complexity) that has as an

epistemological value long been taken as self-evident in science, a
well-known philosophical principle illustrating it being Occam’s
razor (Chaitin 2004, Lichacz 2021).

However, the currently mainstream, black-box artificial
intelligence/machine learning (AI/ML) models are not only
excessively complex and incurring substantial energy costs
but also have unexpected behaviours, leading not only to
some significant dangers but also to surprising scientific dis-
coveries, which we cannot control or account for (Beerens
and Higham 20135, Bastounis et al. 2023). Hence, we should
not rely on such models to draw conclusions from human
health-related data, but seek to uncover simple and funda-
mental principles underlying the molecular organization of
life that determine the higher order behaviour (Dhar and
Giuliani 2010, Eftimie 2022, Glazier 2022) and that we can
easily and cheaply exploit. Currently, there are only hints of
such organizing principles and further developments are
needed towards pioneering paradigm shifts to improve our
understanding of the fundamental principles of biology, ulti-
mately leading to the theory of molecular organization of life.
We survey the state-of-the-art and propose modelling para-
digms to facilitate the understanding of the simple underlying
principles of multi-omics data organization leading to their
controlled and sustainable exploitation and much-needed sci-
entific breakthroughs.
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2 Current state-of-the-art
2.1 Multi-omics data

Modern biotechnologies have uncovered a complex system of
heterogeneous interacting molecular entities, including genes,
proteins, and metabolites; they interact within the cells,
bodies, and with the external environment to maintain life
and function. For example, next-generation sequencing tech-
niques [Next-Generation Sequencing Articles from across
Nature Portfolio (https://www.nature.com/subjects/next-gen
eration-sequencing)| have unlocked genome sequencing at
mass scale and made it affordable. An integrated encyclopae-
dia of DNA elements in the human genome (ENCODE) (Hitz
et al. 2023, The ENCODE Project (https://www.encodepro
ject.org/), bioRxiv . ENCODE Channel (https://connect.bio
rxiv.org/relate/content/177) has systematically mapped DNA
regions of transcription, transcription-factor association,
chromatin structure, and histone modification, assigning bio-
chemical functions for 80% of the genome outside of the
well-studied protein-coding regions (genes) (Hitz et al. 2023).
High-throughput experimental methods, such as Yeast two-
hybrid assays (Young 1998, Ito et al. 2000, Uetz et al. 2000,
Veldsquez-Zapata et al. 2021) and affinity purification with
mass spectrometry (Gavin et al. 2006, Krogan et al. 2006,
Low et al. 2021), are widely used for identifying physical
interactions (bindings) between proteins, protein—protein
interactions (PPIs). Notably, these methods have been used to
create proteome-scale interaction maps for humans and other
species (Luck ez al. 2020, Skinnider et al. 2021, Michaelis
et al. 2023, Tang et al. 2023). Synthetic genetic array analysis
and CRISPR functional genomics tools (Adames et al. 2019,
Przybyla and Gilbert 2022) automate the combinatorial con-
struction of defined mutants and enable the quantitative
analysis of genetic interactions (GIs) that exist between pairs
of genes which when mutated together produce a phenotype
that is not expected from the phenotypes produced by muta-
tions of each of the two genes individually (Baryshnikova
et al. 2010, Costanzo et al. 2010, 2016, Zhao and Boeke
2020). Other experimental technologies, such as microarrays
(Quackenbush 2001, Dahlquist et al. 2002, Zlobec et al.
2014), RNA-sequencing technologies (Hirschhorn and Daly
2005, Duerr et al. 2006, Marioni et al. 2008, Mortazavi et al.
2008, Wang et al. 2009, Macosko et al. 2015, Li and Wang
2021), various single-cell omics (Klein et al. 2015, Macosko
et al. 2015, Stegle et al. 2015, Linnarsson and Teichmann
2016, Li and Wang 2021, Zhang and Qiao 2024), etc., have
enabled construction of other omics layers in a cell, e.g. the
genome, epigenome (Hammal et al. 2022, Hitz et al. 2023,
The ENCODE Project, bioRxiv ENCODE Channel), tran-
scriptome (Quackenbush 2001, Dahlquist et al. 2002,
Hirschhorn and Daly 2005, Duerr et al. 2006, Marioni ef al.
2008, Mortazavi et al. 2008, Wang et al. 2009, Macosko
et al. 2015), proteome (Ito ef al. 2000, Uetz et al. 2000, Giot
et al. 2003, Li et al. 2004, Stelzl et al. 2005, Gavin et al.
2006, Krogan et al. 2006, Simonis et al. 2009, Arabidopsis
Interactome Mapping Consortium 2011, Luck ef al. 2020,
Skinnider et al. 2021, Michaelis et al. 2023, Tang et al.
2023), metabolome (The Kyoto Encyclopedia of Genes and
Genomes (KEGG), exposome (data on nutrition, toxic mole-
cules, and radiation) (Kato et al. 2011, Kumar et al. 2012,
Lambin et al. 2012, Niedzwiecki et al. 2019), microbiome
[The National Institutes of Health (NIH) Microbiome Project
(https://www.hmpdacc.org/)], allergome [The ALLERGOME
Database  (https://www.allergome.org/)], foodome [The
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FOODOME Project (https://www.barabasilab.com/science/
project/foodome)], data on all drugs, their chemical similari-
ties and bindings to protein targets (drug—target interactions,
DTIs) [The DRUGBANK Database (https://go.drugbank.
com/), The CHEMBL Database (https://www.ebi.ac.uk/
chembl/), The PUBCHEM Database (https://pubchem.ncbi.
nlm.nih.gov/|, chemical reactions (Kearnes et al. 2021,
PISTACHIO Database (https://www.nextmovesoftware.com/
pistachio.html, REAXIS Database (https://www.elsevier.com/
products/reaxys), pesticides [The CHEMBL Database
(https://www.ebi.ac.uk/chembl/, National Pesticide
Information Center, Databases for Chemical Information
(http://mpic.orst.edu/ingred/cheminfo.html, Pesticide, Bio-
Pesticide and Veterinary Substances Properties Databases.
http://sitem.herts.ac.uk/aeru/ppdb/], herbicides [The
CHEMBL Database (https://www.ebi.ac.uk/chembl/], protein
sequence (Wang et al. 2018b, UniProt Consortium 2022),
structure (Burley er al. 2023) and engineering data (Wang
et al. 2018a), functional annotations of genes (Gene
Ontology, GO) (Aleksander et al. 2023) and diseases
(Disease Ontology) (Baron et al. 2024), genome-wide associ-
ation studies (Uffelmann et al. 2021), mutational data from
The Cancer Genome Atlas (TCGA) that also contains epige-
nomic, transcriptomic, proteomic, and clinical data for 32
cancers (a landmark dataset for multi-omics methods devel-
opment) [The Cancer Genome Atlas Program (TCGA)
(https://www.cancer.gov/ccg/research/genome-sequencing/tcgal,
Pan-Cancer Atlas and AACR Project GENIE (a largest public,
clinico-genomic cancer dataset) (Pugh et al. 2022), including ge-
nomic structural variation data (Lappalainen et al. 2013), versa-
tile phenomic data from electronic health records [The UK
BIOBANK (https://www.ukbiobank.ac.uk/), etc. These data are
multi-scale, multi-omics layers describing cells, and health status
(illustrated in Fig. 1), each of which is a result of a type of bio-
technological measurement that produced it, each with its tech-
nological limitations and biases, and therefore measuring
different aspects of the functioning of our cells, tissues, and bod-
ies (Przulj 2019). Substantial scientific efforts have been focus-
ing on how to analyse these data to learn more about biology
and curing diseases.

2.2 Biological network analytics

Networks (graphs) are universal descriptors of systems of
interacting elements in biomedicine. Networks contain nodes,
representing biological entities (e.g. genes, diseases, drugs),
and edges, representing pairwise relationships between the
entities (e.g. physical, functional, chemical) (Przulj 2019).
Widely used molecular networks include those capturing PPIs
(Oughtred et al. 2021), Gls (Oughtred et al. 2021), co-
expression of genes (COEX) in tissues (Papatheodorou et al.
2020, Moreno et al. 2022, Clough et al. 2024), or in single
cells (Papatheodorou et al. 2020, Moreno et al. 2022, Clough
et al. 2024), in health and disease. Analysing the wiring (also
called topology, or structure) of networks by graph theoretic
approaches to extract biological information contained in the
wiring, mostly from a single type of a molecular network
data, has been a topic of many studies (Przulj 2019). More re-
cently, significant efforts on developing data fusion algo-
rithms for collectively mining these interconnected multi-
omic data have been made (Gligorijevi¢ et al. 2016a, Malod-
Dognin et al. 2019, Przulj 2019, Zambrana et al. 2021,
Xenos et al. 2023). However, there is an increasing realiza-
tion that ever-growing multi-omic data, followed by models
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Figure 1. lllustration of the connectedness of biomedical network data.

and algorithms of ever-growing complexity are hitting the
limits due to computational intractability (e.g. NP-hardness)
and over-parametrization (e.g. see Section 2), having large
carbon footprints. This is calling for alternative conceptual,
modelling, and computational approaches, with those based
on embedding of the data points into lower-dimensional
spaces, that would allow for their easier computational anal-
yses, being expected to have ground-breaking impacts in
transforming the study of complex biomedical data (Nelson
etal. 2019, Li et al. 2022).

In particular, graph theoretic methods applied to these
data have fuelled biomedical discoveries, from uncovering
biomarkers and relationships between diseases (Menche ez al.
20135, Le and Dang 2016, Guo et al. 2019, Sumathipala et al.
2019) to repurposing of drugs (Cheng et al. 2019a, 2019b,
Morselli Gysi et al. 2021), with algorithmic innovations in-
cluding graphlets (higher order graph substructures) (Przulj
et al. 2004, Przulj 2007, Milenkovi¢ and Przulj 2008,
Windels ef al. 2019, 2022), applications of random walks
(Yang et al. 2019, Chen et al. 2020, Wong et al. 2020), ker-
nels (Geng et al. 2020), and network propagation (Veselkov
et al. 2019), having been used for capturing structural infor-
mation from networks. Extracting these predetermined fea-
tures from a network and feeding the feature vectors into Al/
ML models is a common approach, despite handcrafting op-
timally predictive features across diverse types of omics net-
works and biomedical applications being challenging (Zhang
et al. 2022). Hence, network embeddings (Nelson et al.
2019), also called graph representation learning (Li et al.
2022), have emerged as leading, cornerstone approaches,
viewed as a bridge between network topology and classical
ML, since ML is mostly able to process items in vector space.

Drug
Synthesis

Disease
Ontology

Electronic
Health
Record

Gene
Co-expressions

Genetic
Interactions

However, their development is challenging, because biomedi-
cal networks are very heterogeneous (Fig. 1), noisy, incom-
plete, and complex, have no node ordering or reference
points, and usually contain biomedical text and other domain
knowledge, which makes embedding tasks more complicated
than in other application domains. For example, classic deep-
learning (DL) neural network (NN) methods cannot handle
such diverse structural properties and complex interactions,
because they are designed for fixed-size grids (such as matri-
ces of pixels in images and tabular datasets), or optimized for
text and sequences. Hence, there is an increasing need for a
deeper combination of network topology and ML (Su et al.
2020) into new modelling paradigms for biomedical systems
that would parallel the successes of DL, which when applied
to images and sequences have revolutionized image analysis
and natural language processing (NLP).

2.3 Network embedding in computational biology

Network embedding methods represent the network nodes
(or larger graph substructures) as points in low-dimensional
space, leveraging the topology of the network, so that the
points representing nearby or similarly wired nodes are put
close in the space. Then, the vector representations of these
points in space (corresponding to network nodes), a.k.a.
embeddings, or embedding vectors, are used as input in tradi-
tional ML methods for downstream analyses, to link the net-
work structure to molecular phenotypes, biological
functions, or disease states. There is a wide range of network
embedding methods in computational biomedicine, too many
to describe here, that could roughly be classified by:
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2.3.1 The type of algorithms for generating

network embeddings

This is a large research field, which, despite significant efforts, is
still lacking due to the computational intractability (e.g. NP-
hardness) of the underlying problems on graphs. There are
many diverse algorithms that can be summarized into seven ma-
jor categories: (i) graph theoretic based (Przulj 2019) (e.g. node
degree, betweenness, graphlet counts, clustering); (ii) random
walks, or network diffusion based (Yang et al. 2019, Chen et al.
2020, Wong et al. 2020) [e.g. Diffusion State Distance (Cao
et al. 2013), GraphWave (Donnat ez al. 2018)]; (iii) topological
data analysis (TDA) based [e.g. persistent homology
(Edelsbrunner and Harer 2008, 2022, Bubenik 2015, Hofer
et al. 2017, 2019, 2020, Carriere et al. 2020) and Mapper
(Singh et al. 2007, Nicolau et al. 2011, De Cecco et al. 2015,
Madhobi et al. 2019, Wang et al. 2019b, Bodnar ez al. 2021)];
(iv) manifold learning, or nonlinear dimensionality reduction
[e.g. Isomap (Tenenbaum ez al. 2000), Laplacian eigenmap
(Belkin and Niyogi 2001) and t-SNE (Van der Maaten and
Hinton 2008)]; (v) shallow NN embeddings [e.g. unsupervised
Skip-gram (Mikolov et al. 2013b), semisupervised node2vec
(Grover and Leskovec 2016)]; (vi) supervised graph neural net-
works (GNNs) (e.g. see Gilmer et al. 2017, Han et al. 2019,
Ingraham et al. 2019, Xie et al. 2019); and (vii) generative NN
models (e.g. variational graph autoencoder; Kipf and Welling
2016). Another rough categorization, often used in ML and
Knowledge Discovery & Data Mining (KDD) communities
(Goyal and Ferrara 2018, Cui et al. 2019, Su et al. 2020) with-
out an emphasis on a particular application domain (which can
be a drawback, as all these methods are heuristic due to compu-
tational intractability of the underlying problems that they ap-
proximately optimize, so their performance is strongly
dependent on particular data), is based on commonly used
models into: (i) factorization based; (ii) random walk based,
and (iii) DL based.

2.3.2 The applications of embedding algorithms

There are many diverse applications, including predicting:
protein structures, chemical compounds, PPIs, drug-drug
interactions (synergistic or antagonistic), DTIs, new disease-
related genes (e.g. new biomarkers, drug targets), drugs to re-
purpose for different diseases, disease co-morbidities, etc. (Su
et al. 2020, Li et al. 2022). Hence, biomedical applications
are more diverse and complex than those usually considered
by application-agnostic ML&KDD communities, that mostly
focus on node classification, link prediction, and community
detection in general (Goyal and Ferrara 2018, Cui et al.
2019). Even when an application of a mainstream ML
method in biology seems simple, the complexity of the result-
ing model is more than mind-boggling: e.g. transformers (a
DL model designed to process sequential input data, primar-
ily used in NLP and computer vision) were recently used to
predict atomic-level protein structure from protein sequence
by training a family of large language models (LLM) that uti-
lize DL, with 15 billion parameters, on 138 million known
protein sequences (Lin ez al. 2023). In the same vein, LLMs
have been used to embed genes and cells (Yang et al. 2022a,
Cui et al. 2024, Chen and Zou 2024). For instance, genePT
(Chen and Zou 2024) embeds genes based on their text sum-
maries from NCBI’s Gene database and embeds single cells
from single-cell RNA-seq expression data by using Open Al’s
GPT 3.5, an LLM model having 175B parameters. Also,
DeID-GPT (Liu et al. 2023b) de-identifies medical text
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(electronic health records) by using OpenAl’'s GPT4, a LLM
model having 1.5 T parameters.

Not only these billion/trillion parameter models are com-
putationally costly to train and use, incurring substantial car-
bon footprint (Faiz et al. 2024) but also several concerns
arose about their usage for real-world and biomedical appli-
cations. First, recent studies showed that the performances of
these complex methods are often on par with those of sim-
pler, dedicated approaches (Abdelhamid et al. 2023,
Boiarsky et al. 2023, Kedzierska et al. 2023, Liu et al. 2023a,
Muscoloni and Cannistraci 2023). For instance, Boiarsky
et al. (2023) showed that for annotating single cells from
single-cell RNA-seq data, a simple L1 logistic regression can
perform favourably against LLM-based approaches, such as
scBERT(Yang et al. 2022b) and scGPT (Cui ef al. 2024). In
the same vein, Cannistraci-Hebb network automata, using
only local network information and without training, can
outperform AlphaFold2 intelligence in protein interaction
prediction, while also having a substantial advantage in com-
putational time (Abdelhamid et al. 2023). Another ongoing
controversy of LLM-based approaches is their tendency to
produce ‘hallucinations’, outputs that look coherent, but are
factually incorrect, or nonsensical (Huang et al. 2023). These
hallucinations raise concerns over the reliability of LLMs in
real-world scenarios, and thus, limit their practical deploy-
ment (Huang et al. 2023).

In addition to the above-mentioned limitations, LLMs also
exhibit unexpected and surprising behaviour. For instance,
Meta’s 15-billion-parameter model (Lin ez al. 2023) [a competi-
tor to RoseTTAFold (Baek et al. 2021) and Google’s AlphaFold
(Jumper et al. 2021)] is trained to predict the next amino acid in
sequence, but surprisingly it can also predict the corresponding
3D protein structure. Similar unexpected behaviours leading to
surprising discoveries happened in the field of NLP with utiliza-
tion of NN-based embedding methods. For instance, recent suc-
cesses in that field (document classification, named entity
recognition, information retrieval) are attributed to the novel
way of embedding words of text in a low-dimensional space, so
that semantically similar words (e.g. synonyms, capital cities)
are encoded by vector representations with low cosine similar-
ity, e.g. by using Word2vec (Mikolov et al. 2013a) with the
well-known Skip-Gram architecture, a 1-layer NN with a soft-
max function, seeking to maximize the dot product, - ¢, of
vectors w and ¢, corresponding to word pairs, (w, ¢), in low
d-dimensional embedding space that co-occur in the lexical cor-
pus. As this architecture is computationally intractable for a
large lexical corpus (e.g. the size of the widely used Google
News corpus is billions of words), it has been replaced by the
Skip-Gram with negative sampling (SGNS) (Mikolov et al.
2013b). Word vectors learned by the Skip-Gram model can
meaningfully be combined by using just simple vector addition
(Mikolov et al. 2013b), enabling defining the vector representa-
tion of a phrase (sentence) as the average of the vector represen-
tations of its constituent words; this carries to paragraphs and
entire texts (Le and Mikolov 2014b). Surprisingly, the embed-
ding space of words exhibits a linear algebraic structure: words
represented as vectors in a low-dimensional space (word embed-
dings) can be used to extract new knowledge (analogies) directly
by linear operations on the word vectors (7) in the space, the
famous example being that the vector calculation of
king — man +woman is closer to queen than any other word
vector (Fig. 2). However, since the first observations of such lin-
ear analogy properties of word embeddings (Mikolov ef al.
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Simplicity within biological complexity

2013c), there have been controversies about the applicability of
linear operations to solve real questions beyond simple exam-
ples (Rogers et al. 2017). A key highlighted issue in these earlier
approaches is the so-called ‘offset problem’: for instance, solving
the above analogy by using the linear operation queen ~
king — man + womern supposes that the embedding vectors of
these four words form a parallelogram (Fig. 2) and that any
four words that are in the same relationship should also form a
parallelogram, ignoring the fact that more important words
(that appear more frequently in the text) tend to have longer
embedding vectors than infrequent words. To overcome this
limitation, ML was applied to uncover a suitable linear opera-
tion solving a particular analogy question beyond the simple
parallelogram (Lim ef al. 2021).

2.4 Towards explainable, predictable, and
controllable Al models

Other Al technologies also often have unexpected behaviours
learned from the vast amounts of data that they analyse, so
the Al community has begun to call for steps back from po-
tentially dangerous, ever-larger, unpredictable, black-box
models with emergent capabilities [Association for the
Advancement of Artificial Intelligence. Working together on
our future with Al https://aaai.org/working-together-on-our-
future-with-ai/, Future of Life Institute. Pause giant Al experi-
ments: an open letter. https:/futureoflife.org/open-letter/
pause-giant-ai-experiments/]. Clearly, new paradigms are
needed to overcome these obstacles, to go beyond the contro-
versies, and unexpected behaviours leading to surprising dis-
coveries and to provide an understanding of the principles/
laws underlying the organization of the data, which will
make all observations and models explainable, predictable,
and controllable, hence enabling answering of all questions
commonly asked from the data as simple applications of
these laws. Elucidating the underlying laws and constructing
explainable, controllable and environmentally sustainable
models is the ambition to strive for.

Currently, there exist biological applications for which the
best-performing embedding approaches yield nonlinear em-
bedding spaces (e.g. Alanis-Lobato et al. 2015, Duran et al.
2021, Zhao et al. 2023). However, inspired by the successes

A
y
S
W4
/((\ 4
47/
N\ /
/
’ -
’ queen =
/ -
/ ( king —man )
/ 4 oy
N + women
/ /‘\90)
R
’
!y
!y
Iy n
1/ m
>

Figure 2. lllustration of the linear analogy ‘queen is to women what king
is to man’.

of word embedding methods in NLP, which revolutionized
the field by embedding words into a low-dimensional space
that exhibits linear algebraic structure (also having been ap-
plied to protein sequences, outlined in Section 2) and enables
solving word similarities and analogies, efficient document
classification, retrieval, etc., we hypothesize that it is also
possible to embed all multi-omic data into a system of line-
arly connected, low-dimensional subspaces, each exhibiting
linear algebraic structure. This could be viewed as taking pro-
jections of the entire high-dimensional space in which the bio-
medical entities reside, currently of unknown geometry and
properties, into well-controlled and well-defined linear sub-
spaces, which are linearly linked and traversed. Such a system
will enable computationally efficient answering of all com-
monly asked biomedical and precision medicine questions by
applying linear operations on the embedding vectors of the
biomedical entities from this system.

Such a system could be constructed by generalizing the ob-
served linear algebraic structure of the embedding space of
words in a lexical corpus from the field of NLP to biomedical
multi-omics network embedding research, applied to address
real problems in precision medicine. As a proof of concept,
we began with finding low-dimensional embeddings of vari-
ous individual omics network layers into linear subspaces
(Xenos et al. 2021, Doria-Belenguer er al. 2023, 2024).
Interestingly, we demonstrated that embedding the proteins
of a PPI network by decomposing matrix representations of
the network with Non-negative Matrix Tri-Factorization
(NMTF, detailed below) results in embedding spaces that are
functionally organized. In particular, first, we demonstrated
that in the resulting embedding spaces, proteins with similar
biological annotations (functions) are embedded close in the
embedding space (Xenos et al. 2021, Doria-Belenguer et al.
2023, 2024). Second, we demonstrated that the embedding
space itself is functionally organized, with axes of the space
capturing new, data-driven, higher-order biological func-
tions, which we uncovered by joint embedding of genes and
annotations into the same space (Doria-Belenguer et al.
2024). Importantly, we initiated the exploitation of the linear
organization of these embedding spaces to answer biological
questions. For instance, we showed that by applying simple
vector operations on the embedding vectors of proteins we
can uncover new members of protein complexes and predict
new cancer-related genes (Xenos et al. 2021). As protein
complexes in PPI networks are homophilic, meaning that ad-
jacent proteins tend to perform the same biological function,
direct application of NMTF to factorize the Positive
Pointwise Mutual Information (PPMI, defined below) matrix
of the PPI network based on random walks yielded this line-
arly exploitable subspace (Xenos et al. 2021). However, for
heterophilic data, such as cancer driver genes (and equiva-
lently proteins, as gene products), which have been known to
exhibit similarity in the wiring patterns in the PPI network
even when being nonadjacent in the network (i.e. they are
heterophilic), we had to introduce a new version of the PPMI
matrix based on randomly walking between nodes with simi-
lar graphlet-based wiring patterns to obtain the linear behav-
iour exploitable for predicting new cancer-related genes: we
successfully predicted new cancer-related genes by perform-
ing linear operations on the embedding vectors of cancer
driver genes in this new, graphlet-enabled embedding space
(Xenos et al. 2021).

Gz0z e\ 6z uo 1senb Aq £962008/179 L 9BAA/ L /G/a]01HB/SBOUBAPESDIBWIOLUIOIG/WO9 dNo ojwapeoe//:sdny wol) papeojumoq


https://aaai.org/working-together-on-our-future-with-ai/
https://aaai.org/working-together-on-our-future-with-ai/
https://futureoflife.org/open-letter/pause-giant-ai-experiments/
https://futureoflife.org/open-letter/pause-giant-ai-experiments/

In addition to embedding one or few omic network types,
e.g. PPI networks described above, we should also be embed-
ding integrated/fused multi-omics network layers, also into
linear subspaces, and we should find linear transformations
that link these linear subspaces, enabling answering of all
commonly asked biomedical questions by linear operations
on the low-dimensional embedding vectors of biomedical en-
tities. That is, we should untangle, ‘linearize’ and organize all
multi-omics data into a low-dimensional, linear subspace sys-
tem, enabling controllable and explainable answering of all
common biomedical questions by simple linear operations on
low-dimensional embedding vectors (hence, compute-space
saving) of biomedical entities in linear time (hence, compute-
time saving), enabling not only revolutionizing of biomedical
data science but also saving computational space and power,
i.e. reducing the carbon footprint. Encouraged by our recent
preliminary feasibility studies that proposed a new, topology-
constrained, matrix factorization (MF)-based embedding of
the human PPI network into the low-dimensional embedding
space exhibiting linear algebraic structure, which yielded new
biomedical knowledge and identified new cancer-related
genes and functions only by applying linear operations on the
protein embedding vectors (Xenos et al. 2021, Doria-
Belenguer et al. 2023, 2024), we expect that furthering such
approaches will achieve quantitative and qualitative leaps
both in modelling and algorithmic development and in preci-
sion medicine and other applications. We expect them to elu-
cidate simple, linear organization of multi-omics data
systems and enable effective utilization and exploitation of
the multi-omic data in precision medicine.

To achieve that, we need new methodological advances to-
wards a new representation and mining of the rich, multi-
scale structure of multi-omic molecular organization within
an integrated system, which will uncover a new, emergent na-
ture of biological organization where linear organization
holds. Importantly, the advances should be applied to explore
some of the most challenging problems in different realms (e.
g. in precision medicine) where the proposed methods can
utilize the wealth of available multi-omic data to help address
one of the greatest problems in all areas of science, the nature
of complex organization. To realize the ambition, the new
methodologies should be based on the four scientific pillars
described below.

2.5 Pillar I. Characterizing biological
network structure

Many computational problems on large networks are compu-
tationally intractable (e.g. subgraph isomorphism problem
(Cook 1971), which underlies large network comparisons
and makes them compute intensive). Also, because nature is
variable and the biological data are noisy, traditional graph
theoretic algorithms are of little use for network biology, and
more flexible, intentionally —approximate (heuristic)
approaches are necessary. The area of developing such meth-
ods in biological and other domains is vast, too big to com-
prehensively survey here, some recent reviews including
(Koutrouli et al. 2020, Liu et al. 2020, Guo et al. 2022).
Hence, we summarize it and argue for extending only the
state-of-the-art approaches relevant to demonstrating that
the hypothesis of this manuscript holds.

Easily computable macroscopic statistical global properties
of large networks have extensively been examined. The most
widely used global network properties are the degree
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distribution, clustering coefficient, clustering spectra, net-
work diameter, and various forms of network centralities
(Newman 2003). The degree of a node is the number of edges
touching the node and the degree distribution is the distribu-
tion of degrees of all nodes in the network. Many large real-
world networks have non-Poisson degree distributions with a
power-law tail, termed scale-free (Barabdsi and Albert 1999).
However, networks with exactly the same degree distribu-
tions can have vastly different structures affecting their func-
tion (Przulj et al. 2004, Li et al. 2005). The same holds for
other global network properties (Przulj et al. 2004).
Furthermore, global network properties of largely incomplete
molecular networks do not tell us much about the true struc-
ture of these networks; instead, they describe the network
structure produced by the sampling biotechnologies used to
obtain these networks (Han et al. 2005, Stumpf et al. 2005).
Thus, global statistics on such incomplete data may be sub-
stantially biased, or even misleading with respect to the (cur-
rently unknown) full network. Conversely, certain
neighbourhoods of these networks are well-studied (usually
the regions of a network relevant to human disease). Since we
have detailed knowledge of certain local areas of biological
networks, but data outside these well-studied areas is cur-
rently incomplete, local statistics are likely to be more valid
and meaningful. Furthermore, biological experiments for
detecting molecular and other biochemical networks are of
local nature. Thus, many have focused on developing tools
based on local network structure. The state-of-the-art meth-
ods are based on graphlets, introduced in 2004 (Przulj et al.
2004) and defined as small, connected, nonisomorphic, in-
duced subgraphs of large networks (Przulj et al. 2004).
Graphlets and the symmetry groups in them, called automor-
phism orbits (introduced in 2007; Przulj 2007), have exten-
sively been used to develop many new tools for analysing
structural properties of networks, some based on graphlet
and orbit frequency distributions in a network (Przulj 2007,
Milenkovi¢ and Przulj 2008), others including graphlet
Laplacians, eigencentralities, spectral clustering (Windels
etal. 2019, 2022), etc. Graphlet statistics have also been used
as kernels and feature vectors in various ML methods
(Shervashidze et al. 2009, Vacic et al. 2010), and in the
message-passing framework of GNNG, yielding better results
in downstream analysis tasks (Bouritsas et al. 2023). They
have been utilized and cited in around 21 000 research papers
in various domains and in around 300 patents according to
Google Scholar. Also, they were generalized to mine the
multi-scale network organization: to hypergraphlets
(Gaudelet et al. 2018, Lugo-Martinez et al. 2021) in hyper-
graphs, and simplets (Malod-Dognin and Przulj 2019) in ab-
stract simplicial complexes. Due to their large applicability
and the above-mentioned increasing need for a deeper combi-
nation of network topology and ML (Su et al. 2020) for
modelling biomedical systems, we propose that extending
and utilizing graphlet-based methodologies would achieve
breakthroughs.

2.6 Pillar Il. Omic network data fusion

Omics network data fusion is another vast research area, too
large to comprehensively survey here, recent surveys includ-
ing (Gligorijevi¢ and Przulj 2015, Ritchie et al. 2015,
Gligorijevi¢ et al. 2016b, Picard et al. 2021, Reel et al. 2021,
Agamah et al. 2022, Lee and Kim 2022, Vahabi and
Michailidis 2022, Flores et al. 2023). Hence, after a brief
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general overview, we focus only on the subarea relevant to
the future research perspectives presented in this manuscript.

A wide variety of techniques that leverage the information
contained in the relationships between omics data types have
been driven by different biomedical applications (e.g. patient
subtyping, biomarker discovery, de novo drug discovery,
drug repurposing, and personalizing of treatment) and vari-
ous challenges specific to multi-omics data analyses (e.g.
omic data heterogeneity and high-dimensionality). The multi-
tude of approaches motivates several rough categorizations
into broader methodological groups, e.g. into early, middle,
and late integrative methods, alternatively called
concatenation-based, transformation-based, or model-based
integration, respectively (Gligorijevi¢c and Przulj 2015,
Ritchie et al. 2015, Gligorijevi¢ et al. 2016b, Picard et al.
2021), because: early integration usually involves an initial
concatenation of the features across the measured omics, fol-
lowed by application of methods for analysing the resulting
high-dimensional dataset; middle integration applies a trans-
formation to represent a complex combination of the datasets
before applying downstream analyses; a late integration
method analyses each dataset separately and introduces a
model or algorithm that combines the outputs of each indi-
vidual analysis. Another characterization focuses on specific
techniques, e.g. kernel learning, MF, graph/network represen-
tations, and deep learning. The categorizations are not mutu-
ally exclusive and a given method may be difficult to classify.
Furthermore, the use of ML to analyse multi-omic data face
key, unique, data-driven challenges, roughly summarized as:
(i) data heterogeneity, sparsity, and outliers; (ii) class imbal-
ance and over-fitting; (iii) much more features than the data
(curse of dimensionality); (iv) computational and storage
cost; (v) choosing an algorithm that works best for a given
biomedical problem is hard, since ML methods are approxi-
mate (heuristic) due to computational intractability (e.g. NP-
hardness) of the underlying problems (e.g. nonlinear optimi-
zation), so from the theory of computation we know that
each method is guaranteed to fail on some particular exam-
ples, «calling for a design of robust, application-
specific methods.

MFs have largely demonstrated their usefulness in improv-
ing understanding of biological mechanisms from omic data,
e.g.: Singular Value Decomposition (SVD) (Alter et al. 2000),
Principal Component Analysis (PCA) (Wall et al. 2003) with
the sparse and probabilistic variants (Meng et al. 2016),
Independent Component Analysis (ICA) (Sompairac et al.
2019) and Nonnegative Matrix Factorizations (NMF) (Yang
and Michailidis 2016, Boccarelli et al. 2018, Rappoport and
Shamir 2018, Stein-O’Brien et al. 2018, Esposito et al. 2019,
2021). Each of these techniques is based on different con-
straints that characterize the final properties of the matrix
factors, leading to different optimization problems and nu-
merical algorithms being used. NMF has become a standard
tool in the analysis of high-dimensional data, a comprehen-
sive and up-to-date detail of the most important theoretical
aspects, including geometric interpretation, nonnegative
rank, complexity, and uniqueness, having been provided
(Gillis 2020). Importantly, a very broad array of models
belongs to the ‘factorized model’ family (Haeffele and
Vidal 2015).

A particular variant for omics network fusion, Non-negative
Matrix Tri-Factorization (NMTF) (Devarajan 2008), has been
gaining in popularity. It was originally proposed for

dimensionality reduction and co-clustering due to its connection
with k-means clustering (Fei et al. 2008). It decomposes an
n X m data matrix, A (e.g. the adjacency matrix of a biological
network), representing the relations between # and m
elements, into a product of three nonnegative, low-dimensional
matrices, G, x k> Skxk, and P,,xr,» as A = GSPT, by solving the
optimization problem: min(||A - GSPTH% :G,S,P>0). The
low-dimensional matrix factors G and P are used to assign »
data points into k < # clusters and 2 data points into ky < m
clusters, respectively (the clustering property of NMTF) (Ding
et al. 2006), and S is a k X k; compressed representation of A
linking clusters of G and P, and also allowing for different num-
bers of clusters in G and in P (k and ky, respectively). G and P
imply co-clustering. The reconstructed matrix GSPT is more
complete then the initial data matrix A, featuring new entries,
unobserved in the data, which emerge from the latent structure
captured by the low-dimensional matrix factors, hence inferring
new predictions (the matrix completion property of NMTF;
Gligorijevié et al. 2016a).

Importantly, NMTF allows for fusion of heterogeneous
network data, by sharing matrix factors during decomposi-
tions. For instance, as illustrated in Fig. 3, to re-purpose
known drugs for Covid-19, we recently factorized viral-host
PPIs (VHI) simultaneously with DTIs as VHI ~ G1H12G2T
and DTI ~ G,H,3GJ, where G matrix clusters 7 viral pro-
teins into kq clusters, G, clusters m human proteins into k;
clusters, G3 clusters g drugs into k3 clusters, G, matrix is
shared across the decomposition to ensure data fusion, and
the reconstructed entities of the G,Hj3 G;r matrix resulting
from data fusion identify new DTIs used to re-purpose
drugs (Zambrana et al. 2021). The only hyperparameters to
tune were low-dimensional ki, k» and k3, with a total
of about 2.6M parameters (the number of entries in the
low-dimensional matrix factors G, G,, G3, Hy; and H»3).
As another example, we recently integrated single-cell gene
expression data from patient-derived induced pluripotent
stem cells together with four molecular interaction networks
by using the NMTF model presented in Fig. 4 to uncover
novel Parkinson’s disease-related genes and pathways
(Mihajlovi¢ et al. 2024). Again, and unlike the LLMs that re-
quire billions/trillions of parameters to tune (e.g. Cui et al.
2024, Lin et al. 2023, Liu et al. 2023b), our proposed NMTF
model only requires two hyperparameters to tune, the low di-
mensionality parameters k1 and k;, and about 1.17M param-
eters (the number of entries in the low-dimensional matrix
factors Gy, Gy, S1, S2, S3, S4 and Ss). These two examples il-
lustrate that by careful modelling of the relationships be-
tween the data points, requiring deep understanding of the
biomedical domain, with very few hyperparameters to tune,
NMTF can achieve results superior to those of highly param-
etrized ML methods (Malod-Dognin et al. 2019, Isokdanta
et al. 2020, Xenos et al. 2021, Zambrana et al. 2021, Doria-
Belenguer et al. 2023, Mihajlovi¢ et al. 2024, Xenos
etal.2023).

There are several other reasons for which NMTF has in-
creasingly become a methodology of choice for multi-omics
data fusion. First, nonnegativity that applies to both bases
and weights allows for meaningful interpretations. Second,
modularity in the sense of the methodology easily enabling
adding or removing omics data layers (illustrated by A; to
A4 and E in Fig. 4) is consistent with the natural human
part-based learning processes (Esposito 2021). Third,
NMTEF-based methods overcome the shortcomings of the
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Figure 3. lllustration of the NMTF model from Zambrana et al. (2021).
The viral host interactions, VHIs (represented by matrix Ry2), are
simultaneously decomposed with the DTls, DTls (represented by matrix
R»3). The matrix factor G, is shared across decompositions to allow
learning from all input matrices. The first graph regularization penalty
(illustrated by the green arrow) is added so that the human genes that
interact in the molecular interaction network, MIN (represented by its
Laplacian matrix, Ly), are assigned similar low-dimensional embedding
vectors in Gy. Similarly, the second graph regularization penalty
(illustrated by the red arrow) is added so that the drugs that have similar
chemical structures in the drug chemical similarity network, DCS
(represented by its Laplacian matrix, L3), are assigned similar low-
dimensional embedding vectors in Gz. The hyperparameters k, k, and k3
indicate the reduced dimensions of the embedding spaces of the viral
proteins, human proteins, and drugs, respectively. The lower dimensional
matrix factors, Gy, Gy, Gs, Hi2 and H,3 are obtained by solving the
corresponding minimization problem, J;.
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Figure 4. lllustration of the NMTF model from Mihajlovi¢ et al. (2024).
The single-cell gene expression matrix, £(which can be thought of as
capturing the phenotype), is simultaneously decomposed with four
molecular interaction networks, PPI, GI, COEX, and M, represented by
their adjacency matrices, Aq, Az, Az, and Ay, respectively (which can be
thought of as capturing the genotype, as they describe all possible
interactions). The matrix factor G; is shared across decompositions to
allow learning from all input matrices. The hyperparameters k; and k;
indicate the reduced dimensions of the embedding spaces of human
genes and single cells, respectively. The lower dimensional matrix
factors, Gy, Gy, S1, S2, S3, 'S4 and Ss are obtained by solving the
corresponding minimization problem, Js.
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competing ML data fusion methods (Bayesian network-based
and Kernel-based integration; Gligorijevi¢ and Przulj 2004):
they model inter-type data relations (e.g. patients-to-drugs)
and intra-type data relations (e.g. PPIs) simultaneously, re-
quire no data transformation (hence, incur no information
loss), and incorporate both intra- and inter-type networks at
their full systems-level size, into a single integrative model
from which new medical knowledge is inferred (Gligorijevi¢
and Przulj 2015, Gligorijevi¢ et al. 2016b). Importantly,
NMTF results in an integrated network in which: (i) some
‘less important’ (or topologically inconsistent) links across
the networks do not appear (e.g. links appearing only in one
network); (ii) links with structural support in most of the net-
works appear in the integrated network with enhanced asso-
ciation scores; (iii) new links emerge as a consequence of the
matrix completion property as predictions that need to be
further examined. That is, these methods give the highest
weight to the information supported by evidence from multi-
ple data, hence diminishing the effects of sparsity and noise in
the data (Malod-Dognin et al. 2023). Although NMTF is
equivalent to the 2-factor, NMF problem (Ding et al. 2006),
min(||D - GFT||%: G,F>0), which is NP-hard (Vavasis
2010), so we cannot expect to solve NMTF to optimality,
availability of fast optimization methods (Copar et al. 2019)
coupled with exploitation of sparsity of the omic data and
utilization of parallel matrix manipulations on high-
performance computing (HPC) facilities make these methods
not only applicable but also feasible for omics data fusion.

2.7 Pillar Ill. Omics network embedding methods
(NLP-inspired)
The area of network embedding methods is also too large to
comprehensively survey here, with recent reviews including
(Goyal and Ferrara 2018, Cui et al. 2019, Su et al. 2020, Xu
2021, Li et al. 2022). They can roughly be divided into those
based on traditional MFs, NNs, and random walks. The tra-
ditional MF-based methods come in many variants, e.g.: SVD
(Alter et al. 2000), Isomap (Tenenbaum et al. 2000), Locally
Linear Embedding (Roweis and Saul 2000). Those based on
NNs include: multilayer perceptrons (Tang et al. 2015a),
autoencoders (Kipf and Welling 2016), generative adversarial
networks (Wang et al. 2019a), GNNs (Zhou et al. 2020) in-
cluding graph convolutional networks (Kipf and Welling
2017), and geometric deep learning (Atz et al. 2021). A limi-
tation of these methods is that they mainly focus on factoriz-
ing the first-order data matrix (adjacency matrix), despite
limitations of representing networks with adjacency matrices
and using as input into NNs, e.g. that many different adja-
cency matrices can represent the same graph connectivity, but
do not produce the same result when input into a NN, i.e.
they are not permutation invariant (Ying et al. 2018) (some
works recently attempting to address it; Meltzer et al. 2019,
Balan ef al. 2022, Huang et al. 2022). Other limitations in-
clude: lack of robustness to noise and overfitting due to scar-
city of labelled data, interpretability, and real networks
usually being ‘multiplex’ (Yang et al. 2022), i.e. having in-
complete multi-view representations from different relations
(some works recently attempting to address it; Reel et al.
2021, Lee and Kim 2022, Wang et al. 2022, Flores
et al. 2023).

Random-walk-based network embedding methods are in-
spired by the field of NLP, where words are represented as
vectors in a low, d-dimensional space (word embeddings)
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(Mikolov et al. 2013a) and new knowledge is extracted di-
rectly by linear operations on the vectors in the space. It has
long been known that two words in a similar context have
similar meanings (distributional hypothesis) (Harris 1954).
Following this observation, Word2vec model was introduced
(Mikolov et al. 2013a), which generates continuous represen-
tations of words as vectors in d-dimensional space, so that
words that appear frequently in the same context are placed
close in the space (detailed above). However, this architecture
is computationally intractable for a large lexical corpus (e.g.
the size of the widely used Google News corpus is billions of
words) and therefore has been replaced by the SGNS
(Mikolov et al. 2013b) and more robust versions of it were
proposed (Armandpour et al. 2019). Importantly, this model
enables semantic, context-based, word comparisons (similar-
ity task) in the embedding space solely by computing the co-
sine similarity of their vector representations (Mikolov et al.
2013a). For example, Paris and Berlin, being capital cities,
have similar vector representations and consequently, high
cosine similarity. As noted above, word representations
learned by the Skip-Gram model can also meaningfully be
combined using vector addition (Mikolov et al. 2013b), en-
abling the defining of the vector representation of a phrase
(sentence) as the average of the vector representations of its
constituent words (Le and Mikolov 2014a); more recent
works (e.g. Lin et al. 2017) train DL models to learn phrase
representations that respect the word order in the sentence.
These allow for analysing texts beyond the level of words, re-
vealing semantic similarities between sentences, paragraphs,
or entire documents. However, serious limitations exist about
the applicability of linear operations to solve real questions
beyond simple examples (Rogers et al. 2017), a key issue be-
ing the above-mentioned ‘offset problem’, among others.
Analogously in networks, hub-nodes (of very high degree) oc-
cur on more random walks and hence, have longer embed-
ding vectors than peripheral nodes. These limitations need to
be addressed.

Following the success of the Skip-Gram model, various
attempts have been made to generalize it and apply it to net-
works, e.g. DeepWalk (Perozzi et al. 2014), LINE (Tang et al.
2015¢), PTE (Tang et al. 2015b), and Node2vec (Grover and
Leskovec 2016). These methods rely on random walks to
generate sequences of nodes, the equivalent of the lexical cor-
pus, on which the Skip-Gram architecture can be applied.
Interestingly, it was shown that the SGNS is implicitly facto-
rizing a word-context matrix (Levy and Goldberg 2014),
called PPMI matrix, defined as follows: for two words, w and

¢, PPMI(w,c) = max (07 log “’“”C‘), where |C| is the size of

[w]le]
the corpus, (w,¢) is the number of times the two words co-
occur in the corpus, and |w| and |c| are the numbers of times
the words w and ¢ occur in the corpus. The cells of this ma-
trix quantify how frequently two words of the lexical corpus
co-occur in a sliding window compared with what would be
expected if the occurrences of the words were independent.
Subsequently, it was shown that the Skip-Gram-based net-
work embeddings (in DeepWalk, LINE, PTE, and Node2vec)
can be unified into the MF framework with closed forms
(Qiu et al. 2018): they are implicitly factorizing a random-
walk-based mutual information matrix, M (a diffusion on the
original network), which is equivalent to the above described
PPMI matrix, as its cells quantify how frequently two nodes
of the network co-occur in a random walk compared with
what would be expected if the occurrences of the nodes were

independent. Formally, each entry of M, Mj;, is the logarithm
of the average probability that node i randomly walks to
node j in a fixed number of steps. A closed formula to ap-
proximate M was presented and used to generate the embed-
ding space by applying SVD on matrix M (NetMF method
and its approximation algorithm for computing network
embedding) (Qiu et al. 2018). This provided the theoretical
connections between Skip-gram-based network embedding
algorithms and the theory of graph Laplacian (Qiu
etal. 2018).

These methods embed network nodes in a low-dimensional
space, so that nodes that are ‘similar’ are close in space,
where ‘similarity” means either belonging to the same net-
work neighbourhood or ‘community’, or having similar net-
work topology, e.g. being hub, or bridge nodes (structural/
topological similarity). Then vector representations of nodes
are used as input into ML models to predict protein func-
tions, drug-disease associations, drug—drug interactions, and
PPIs (see Su et al. 2020 for details). Hence, in both cases of
words and networks, the Skip-Gram-based embeddings are
approximating the exact factorization of the mutual informa-
tion matrix. In NLP they use the NN-based embeddings
rather than explicitly factorizing the PPMI matrix due to the
size (factorizing a matrix of 1B x 1B words being computa-
tional intractable, as the time complexity of embedding data
in k dimensions with the partial SVD is O(k x#?); Kishore
Kumar and Schneider 2017). In contrast, the size of the hu-
man PPI network and thus its PPMI matrix is currently
~19,000x 19,000, making its decompositions, either with
SVD, or NMTF feasible (time complexity is O(x3)). This
motivates us to investigate whether the equivalent properties
of word embeddings (molecular analogues to word-
analogies, Fig. 2) also hold for molecular networks if we de-
compose their PPMI, or adjacency matrix representation,
with an NMTF-based framework (Gligorijevi¢ et al. 2016a,
Malod-Dognin et al. 2019, Zambrana et al. 2021, Xenos
et al. 2023). In omics networks, the best equivalent to word
analogy are functional modules, e.g. protein complexes and
pathways in PPI networks. However, biological function is
not only shared between the proteins that physically interact
(Sharan et al. 2007) or participate in the same functional
module (Chen et al. 2014) but also between proteins that
have similar local wiring patterns regardless of their adja-
cency in the interaction network (Milenkovi¢ and Przulj
2008), best quantified by graphlet-based measures (Przulj
et al. 2004, Przulj 2007, Milenkovi¢ and Przulj 2008,
Windels et al. 2019, 2022), e.g. graphlet degree vectors
(Milenkovi¢ and Przulj 2008). Thus, an important challenge
is to generate embeddings that locate close in space nodes
with similar wiring patterns.

There are several other reasons for which we argue that
NMTF-based framework is the methodology of choice to em-
bed each of the omics network layers individually (e.g. PPI,
GI, COEX) into an embedding space whose properties we
can control, that exhibits linear algebraic structure, which
enables answering of various bio-medical questions by linear
operations on the embedding vectors of nodes, and which im-
portantly enables fusion of all omics networks into a linearly
traversable system of embedding subspaces (detailed below).
The seven constraints to enforce control for the system to be
free of potentially dangerous, unexpected behaviours are: 1)
nonnegativity of the coordinates of the embedding vectors
(for easier interpretation), 2) bases (axes) of the spaces being
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orthogonal (to minimize entity dependencies in the embed-
ding space), 3) sparsity (to capture the strongest signal), 4)
enable data fusion, 5) enable ‘walking’ (by linear transforma-
tions) between the embedding spaces as needed to answer
biomedical questions, i.e. directly investigating different types
of entities in the same, or in different linear subspaces (model-
ling different types of data), 6) explainability, capturing how
the entities relate (i.e. being eXplainable Al, XAl), and 7) few
parameters to tune (to simplify the model). NMTF-based
methods (Ding et al. 2006) are the only ones that can easily
satisfy all seven constraints. They were successfully used in
biology to analyse individual omics data types in isolation
from each other, and also enable heterogeneous data fusion,
including network topology as constraints, further motivat-
ing their utilization within new network embedding algo-
rithms in biomedical applications (Gligorijevi¢ et al. 2016a,
Vitali et al. 2018, Malod-Dognin et al. 2019). Importantly,
explainability (constraint 6 above) allows control of the sys-
tem’s behaviour to coincide with what is expected (by exam-
ining the linear operation that gave the answer), while
reduction of unexpected behaviour comes mostly from or-
thogonality (constraint 2 above) and the property of NMTF
that it boosts the signal that comes from multiple data types,
rather than outliers, resulting in more robust predictions
(constraint 4 above).

2.8 Pillar IV. Finding optimal dimensionality of the
embedding spaces

Another main challenge in graph embeddings is finding an opti-
mal reduced dimension that is small enough to be efficient, but
large enough to keep all of the necessary properties of the whole
network. The choice of the dimension considerably influences
the model’s performance (Lai et al. 2016), with the embeddings
with very low dimensionality typically not being expressive
enough to capture the richness of the data (Patel and
Bhattacharyya 2017), while embeddings with a very large di-
mensionality suffering from over-fitting. Also, large dimension-
alities tend to increase model complexity, slow down training
speed, and add inferential latency, all of which are constraints
that can potentially limit model applicability and deployment
(Wu et al. 2016). As this is an unresolved scientific question, the
embedding space dimensionality is considered a hyperparameter
of the model. In most existing methods, the dimensionality is se-
lected by a grid search, by estimating the performance in down-
stream tasks, such as node classification, or link prediction. The
choice of the optimal dimension is mainly evaluated for nonbio-
logical networks, with few studies evaluating it on biological
networks (Cannistraci et al. 2013, Yue et al. 2020). The
approaches that estimate the intrinsic dimensionality of the data
usually yield super low dimensionality (at most 20), while the
data-driven methods yield up to 200/250 dimensions (Yin and
Shen 2018). Recently proposed ultra-low dimensions (20 or
fewer) are shown to preserve network structure, but perform
poorly in downstream classification tasks (Chanpuriya ef al.
2020). The popular approaches using hyperbolic space to em-
bed networks are not applicable for omics networks. The
model-based hyperbolic space embedding approaches (Serrano
et al. 2008, Bogund et al. 2020) assume that the number of
squares or pentagons is higher than the number of triangles,
which is not the case for our data (Seshadhri et al. 2020,
Almagro et al. 2022). While it is not known if model-free hyper-
bolic space embedding methods (Muscoloni et al. 2017, Alanis-
Lobato et al. 2018, Hirtner et al. 2018, Poleksic 2023, Zhao

Przulj and Malod-Dognin

et al. 2023) suffer from a similar issue, they tend to provide
ultra-low dimensional embeddings that are not suited for down-
stream biological analyses. The vast majority of analyses that
use Node2vec (Grover and Leskovec 2016) and DeepWalk
(Perozzi et al. 2014) use the default dimensionalities of these
methods, 128 or 256. Our initial, data-driven feasibility studies
on PPI networks demonstrate that the lower the dimensionality,
the less distinguishable the embedding vectors of genes, and as
we increase the number of dimensions, the average distance be-
tween the embedding vectors increases and hence the space is
more disentangled (Xenos et al. 2021, Doria-Belenguer et al.
2023), but after 250/300 dimensions the position of the embed-
ding vectors in the embedding space does not change, suggesting
this to be an upper limit for PPI networks (Xenos et al. 2021,
Doria-Belenguer ef al. 2023). Recently, the 2NN method (Facco
et al. 2017) for estimating the dimensionality of datapoints in
high-dimensional space has been successfully extended for esti-
mating the dimensionality of network embedding spaces
(Grindrod et al. 2023). While this approach has yet to be tested
on real biological networks, it may be the basis of novel meas-
ures for estimating the optimal dimensionality of the system of
embedding subspaces used to integrate the multi-omics datasets
in precision medicine.

3 Perspectives and challenges

We propose that multi-disciplinary efforts are needed to ad-
dress the above challenges and develop an advanced, explain-
able, and controllable network embedding methodology, free
of potentially dangerous, unexpected behaviour. It will marry
biomedical informatics with network science, linear algebra,
and data fusion, unlocking foremost emerging interdisciplin-
ary fields, precision medicine, and personalized drug discov-
ery, enabling the extraction of new medical knowledge from
all data collectively. To achieve this, innovation is needed in
the following main areas.

3.1 Innovation in methods for embedding multi-
omic networks into a liner subspace system

We should aim at bridging the gap between multi-omic net-
work data and their network embedding-based biomedical
interpretability by generalizing and uniting NMTF-based net-
work embedding and network-science methods to propose
new algorithmic and biological paradigms and solve real
problems in precision medicine and other domains. We
should generalize sophisticated network embedding methods
to encompass and model the multi-scale structure of molecu-
lar organization within a linearly traversable system of
embedding spaces exhibiting linear algebraic structure.
This pretrained system should fuse all publicly available
multi-omics data types and serve as a basis to uncover new
biomedical paradigms and knowledge. It will enable us to
find solutions to these generalizations that are as good as pos-
sible (locally optimal), which can be achieved by using the
best practices from nonlinear optimization and the best HPC
infrastructure, which given NP-hardness of these problems, is
the best we can do. Encouraged by our recent feasibility stud-
ies yielding significant results for cancer (Xenos et al. 2021,
Doria-Belenguer et al. 2023, 2024), we expect that such
approaches will achieve quantitative and qualitative leaps in
computational development and applications.
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3.2 Innovation in data science and

biological paradigms

The new methods will enable much-needed paradigm shifts
in data science and biology. In data science, by simulta-
neously capturing the adjacency and higher-order structural
network information along with the semantic information
(node labels) within the new state-of-the-art network embed-
ding algorithms (see Section 3.1), it will be possible to de-
scribe a general methodology for uncovering homophilic
representations of multi-labelled networks, leading to func-
tionally organized, linearly separable, embedding spaces suit-
able for applying linear operations. This would pave the road
to generating a new generation of embedding methods that
could drastically improve the accuracy of downstream analy-
sis tasks for heterophilic data, which is a bottleneck of the
current embedding methods. This, along with the proposed
orthogonality of the embedding spaces (to minimize depen-
dencies) (Xenos et al. 2021, Doria-Belenguer et al. 2023,
2024, Gureghian et al. 2023, Malod-Dognin et al. 2023),
would further enable a shift in the exploration of the embed-
ding spaces from objects’ embedding vectors to the orthonor-
mal axes of the space (Doria-Belenguer ef al. 2024). In the
biological domain, it would enable the much called for dis-
placement of the dominant, sequence alignment-based con-
struction of GO (Yu et al. 2019) and the species phylogenetic
organization (Foley et al. 2023), resolving the controversial
relationships and clarifying diversification (e.g. in the evolu-
tion of SARS-CoV-2 virus that caused the recent pandemic)
by the proposed multi-omics data-driven approaches, guaran-
teed to provide better disentanglement of the functional and
phylogenetic information.

3.3 Applications in precision medicine, drug
discovery, and other domains

In this perspective, we focus on precision medicine applica-
tions where multi-omics data are embedded and mined to un-
cover patient disease subgroups, and for these subgroups to
uncover disease genes and molecular mechanisms, drug
repurposing, and drug discovery. Precision medicine also
aims at discovering medical knowledge for a given patient or
sample. Since the general framework that we propose also
embeds each patient or sample in the common space together
with the other biological entities, the framework can easily be
adapted to uncover these additional types of precision medi-
cine knowledge.

The proposed advances can be applied and validated on
real multi-omic data. They will enable innovation in utilizing
new Al frameworks, encompassing multi-omics ‘big data’, to
enable continued growth in digital innovation applied to pre-
cision medicine. They will enable better subtyping of patients,
identifying new biomarkers, drug-targets, and drugs to repur-
pose, expending beyond oncology, particularly in neurologic
diseases affecting the ageing population: e.g. Alzheimer’s
disease, Parkinson’s disease (Mihajlovi¢ et al. 2024), and
glioblastoma cancer. The proposed directions would enable
Al-assisted personalized drug discovery (Popova et al. 2018,
Segler et al. 2018, Méndez-Lucio et al. 2020, Yasonik 2020,
Grechishnikova 2021) (drugs for particular patients/patient
subgroups) simultaneously with the other precision medicine
tasks, at the same time and cost, from analysis of the same
multi-omics data, within the same linear system (see Sections
3.1 and 3.2), unique thus far, further enabling better insights
in medicine and drug discovery. Transformative potential of

1

the proposed directions can also be envisioned in agriculture
(Nicolopoulou-Stamati et al. 2016, Blois 2022, Mei et al.
2022, Pires et al. 2022, Orsoli¢ et al. 2021) and protein engi-
neering (Wang et al. 2018a, Greenhalgh et al. 2021, Freschlin
et al. 2022).
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