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Abstract Tumors usually arise from loss-of-function mutations or gain-of-function mutations in
oncogenes, which are usually found only in cancer cells, and it has been of great interest to exploit
this weakness of cancer cells to develop more effective means of fighting cancer. Synthetic lethality
(SL) has been proposed in this context for cancer treatment. Synthetic lethal is a negative genetic
interaction that describes the interrelationship between two non-essential genes: the loss of either
gene has little effect on cell survival, but the joint loss of both genes leads to cell death or other
phenotypes that are poor for cell survival. Synthetic lethal interactions have an important role in
explaining complex biological processes and the treatment of human cancers. In order to identify
more synthetic lethal pairs and make the concept of synthetic lethality benefit the cancer population,
researchers have gone through a process from SL screening in model organisms to SL screening in
human cells. However, the high cost of experimental screening and the frequent off-target
problems make in vitro screening of synthetic lethal difficult. Therefore, how to mine and predict

synthetic lethal pairs through massive high-throughput data analysis is an important direction of
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synthetic lethal-related research in recent years. In this paper. we focus on synthetic lethality
prediction based on network analysis and review recent advances in relevant prediction methods
and models in four areas: statistical methods on networks, methods based on the variation of
network structure, methods based on network feature learning, and methods based on graph
representation learning. We compare in detail the computational ideas, application scenarios,
advantages and disadvantages of various methods, and analyze and summarize the main challenges
and possible directions of development for synthetic lethality prediction. The statistical methods
on networks are transformed from experimental screening, and the biological characteristics of SL
distinguished from non-SL pairs are presented in the form of statistical judgments as the screening
conditions to complete the prediction task; the prediction methods based on network structure
changes take the main idea of simulating the occurrence of synthetic lethal in the network and
quantifying its impact on the whole network; the methods based on network feature learning use
traditional machine learning methods in the prediction task, and the methods based on graph
representation learning, which would be the main direction of future research, represent the network
nodes as an low-dimensional vector for the synthetic lethal prediction task. In general, biological
network-based synthetic lethal prediction methods are still in the developmental stage, especially
for human cells. And the synthetic lethal research faces many challenges: first, SL data consists
of a small number of positive samples and a large number of unlabeled samples, and the extremely
uneven nature of the data is not a small challenge for all types of computational methods; second,
starting from the biological background of SL itself, the same pair of SL presents different pheno-
types in different cancers, and this specificity makes its clinical use limited, so it needs special
attention from researchers. This specificity makes its clinical use limited and therefore requires
special attention from researchers. To address the above challenges, we propose several possible
research directions, such as finding reliable negative samples from unlabeled samples for prediction
tasks by PU learning heuristics; modeling SL data by knowledge graphs and graph neural networks
to use small amount of reliable SL. data and other auxiliary biological information as efficiently as
possible; minimizing synthetic lethal specificity in research by using single-cell data, etc. This
paper may offer some ideas and guidelines for the research of synthetic lethal, and we hope that it
will draw increasing interdisciplinary attention from computer scientists, biologists, physicists
and so on.
Keywords synthetic lethality; complex networks; genetic mutation; machine learning; prediction
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WKL BRI — Xk A N R 2% rh R IS . SL LR AR
LRZE RGN AR L B I U OR 0 ST G E [R)
JE AN T Sk I AR I A T 45 R A T 45 R 1Y
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SENSSER L OF FI R S48 B SL 1 . A8 8 O Bt
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FIAR R IR IS o 334> R PR 23 W s s AH 22 K 1 o Sk
AWK Fm RRML & — A 5 3 AR s
it Apaolaza £ A\ 3% I Tobalina 2 A9 J& 1 FBA
O A R PR R BN L E N S AR T % v 4R
RRMI 75 2 & VE i B 98 40 B 3 o i i B SLAE .
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Sk B S 43 AT S ik DR T2 AT 10 45 4 R SR
FH .G HR.
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ALLEE] 0.75. JLF A1 2Kk A F Das 4
E AT SE 2o G BT R A AR B R AR L T
K SCNA Fl3E 15 8 Ak T 3L X 2 0] 1 22 57 3%
KRR ENE VR ME AL I AR T R T
F RF i DiscoverSL 19 R f2. 5 7 W W0 38 A [A] »
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2hop FRAEALE SL FU J5 T A 4 Ho— A= Y0 R AL B 4
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A 2% v 3 i B BURRAE IS 7 DR 2 09 0k 32 B
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SIS 3 AT DA XA [ B8 2 B 2 o) R [ B AR 3
HEIIHLHI S I R4 T GCN A 2.

Hao 25 A\ ¥ 40 GONLGAE J GAT M4 4,
#4 SLMGAE J5¥%:. [f] MGE J7 % —F£ . SLMGAE
TR BT K B GAE (¥ 2 5 A0 g B D 0, 4
GCN %t PPT #FMARALEE 1 4500 (GO 15 SCARALEE ]
2 (S = AN 45 4 5 4 D 5 i TR 11 Vs 7 26 R 3 i

AL PN BRI fiff 1 5 Ok 58 . AN 6] 1 /2% , SLMGAE Jy
Bk K TE PP A GO i LM E T A E A —
B0 T ZEPE S ) S BT B R T R AL
B Sy g K P A T A 2K 3 TS — T H — Ak AR L in
BUJG 9 Ah 700 P E R 51 2k R0 S L A 0 45 2k AL [
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Background

Synthetic lethality (SL.) describes a specific biological phe-
nomenon between two genes on the basis of which successful
precedents have been achieved in the development of cancer
drugs, and recently, the cancer control situation has made
the task of finding the existence of synthetic lethal gene
combinations more and more urgent. Generally, the search
for synthetic lethal pairs includes bio-experimental identification
and bioinformatics-based computer prediction. Bioinformatics-
based computer prediction, as an important complement to
experimental identification, can make full use of biological
information at different molecular levels to detect the gene
combination, which can greatly improve the detection efficiency.

SL is of great significance for explaining complex biological
processes and clinical diagnosis and treatment of cancer.
Therefore. it is an important direction for computational
biology research to use the massive high-throughput data to
mine and predict SL pairs from a computational perspective
by constructing data analysis models and computational
methods. Biological networks are logically organized forms
that connect individual molecular units and are important data
samples in bioinformatics research. Most of the prediction
work on synthetic lethal pairs is built on them, and this
paper focuses on these methods and classifies them into four
categories: statistical methods on networks, methods based

on network structure variation, methods based on network
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feature learning, and methods based on graph representation
learning. After reviewing the latest progress of related predic-
tion models and studies, we compare the algorithmic ideas,
application scenarios, and advantages and disadvantages of
each type of methods in detail. In addition, several challenges
faced in SL prediction research are further summarized,
and the future development direction is targeted, hoping to
provide some useful references and ideas for future related
research.

This study is an exploratory study belonging to the analysis
of cancer mechanism and antitumor drug target prediction
research based on biological network modeling, which helps
to deepen the understanding of synthetic lethality relation-
ship. By sorting out the related prediction methods and current
difficulties faced, we clarify a specific direction of drug target
prediction based on synthetic lethality and confirm that the
specific prediction of synthetic lethality is a focus of the
research. In fact, we have made some preliminary attempts
to improve the prediction of synthetic lethal pairs after
considering multi-omics biological information.
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