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Table 1. Survival prediction studies and their respective details.

Disease Feature En-
gineering

Approach Dataset
Type

Source Code Database Evaluation

1 Atherosclerotic
cardiovascu-
lar disease
(ASCVD)

L1 regular-
ized Cox
regression,
RSF al-
gorithm,
and Cox
regression

Cox re-
gression,
Lasso-cox
regression,
and random
survival
forest

Clinical Contact au-
thors for
datasets and
models

None AUC and C-
index

2 Kidney
Papillary,
Renal Cell
Carcinoma
(KIRP)

Network-
Based
Stratifica-
tion (NBS)
for data
integration

- - Link Broad Firehose,
GDAC Link, GDC
Link

-

3 Localized
prostate
cancer

None e Coher-
ent Voting
Network
(CVN)

Multiomics
and clini-
cal

Link UCSC Xena and
cbiopportal

AUC, Kappa,
AUC-pval

4 gastrointestinal
cancer

None DeepSurv,
Multitask
logistic
regression
(L-MTLR),
Gompertz
model, Ran-
dom survival
forests (RSF)

Clinical NS Data from heidelberg
hospital

Integrated
Brier score,
C-Index, AUC

5 Tripple neg-
ative breast
cancer

None Cox and
Least Ab-
solute
Shrinkage
and Selector
Operation
(LASSO)
regression
model.

Multiomics NS TCGA, GEO, cBio-
portal

Kaplan Meier
analysis and
Receiver
Operating
Character-
istic (ROC)
analysis
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https://github.com/Cancer-Research-Project/NBS-KIRP-CNV
https://gdac.broadinstitute.org/
https://portal.gdc.cancer.gov/
https://github.com/MarcoPellegriniCNR/Coherent-Voting-Network-for-PRC-prognosis


6 Glioblastoma
multiforme
(GBM),
Kidney renal
clear cell
carcinoma
(KRCCC),
Lung squa-
mous cell
carcinoma
(LSCC),
and Breast
invasive
carcinoma
(BIC)

ANNs for fea-
ture integra-
tion

ANNs for bi-
nary survival
class predic-
tion (long vs
short)

Multiomics Link TCGA Link Accuracy,
precision,
recall, AUC,
and Kalpan
Meier curve
analysis

7 bladder can-
cer

None Cox-
regression
and kalpan
meier

Clinical
and cell
free DNA
based
omics

NS Experimentally gen-
erated data

None

8 lymphoma None Lasso cox re-
gression

Clinical NS NS NS

9 Colon Cancer DEOD
method
for data
integration

Logistic
regression

Clinical
and multi-
omics

NS Experimental and
GEO datasets Link

AUC, preci-
sion, recall

10 hepatocellular
carcinoma

Weighted cor-
relation net-
work analysis
(WGCNA)

RandomForest,
Stepwise Cox
(StepCox),
Logistic, Sur-
vivalSVM
and Lasso

Multiomics NS TCGA C-index

11 Ovarian Can-
cer

Cox regres-
sion analysis
and principal
component
transforma-
tion (PCT)

DT, RF, and
ANN

Clinical
and Multi-
omics

Link TCGA C-index

12 Non-small
Cell Lung
Cancer

None Two layer
SVM

Clinical
and Multi-
omics

Link TCGA C-index

13 Pancancer Variational
autoencoders
for dimen-
sionality
reduction

ANN Multiomics e Genomic Data
Commons (GDC)
and TCGA

C-index,
IBS, log
rank p-value
accuracy,

3/33

https://github.com/githyr/ComprehensiveSurvival
http://compbio.cs.toronto.edu/SNF/
https://www.ncbi.nlm.nih.gov/geo/
https://github.com/zhezhe301/ov_prognosis_prediction
https://gitlab.com/deflect-public/double-svm
https://github.com/HakimBenkirane/CustOmics


14 Breast Can-
cer

None CNN, LSTM,
GRU

Clinical
and Multi-
omics

NS TCGA Link AUC, Ac-
curacy,
Precision,
Recall, and
MCC

15 Lung Adeno-
carcinoma

Hierarchal
variational
autoencoders
(H-VAE)

Cox-PH Clinical
and Mul-
tiomics
data

NS GEO: GSE81089,
GSE63805, and
GSE31210

C-index, and
Log p-rank
values

16 Pancancer - - - - - -

17 Pancancer ANN with at-
tention mech-
anism

Survival neu-
ral network

Clinical
and Multi-
omics

Link TCGA C-index

18 Colorectal
cancer

None Lasso pe-
nalized cox
model

Multiomics Link TCGA C-index

19 Heart failure Filters, wrap-
per, and
embedded
feature selec-
tion methods:
ANOVA,
chi-squared,
mutual in-
formation
and recur-
sive feature
elimination

Two-way
survival
prediction:
Classifica-
tion and
time predic-
tion. Cox
proportional
hazard model,
random sur-
vival forests
for survival
prediction.
Authors also
used methods
for the inter-
pretability of
their model
like partial
dependence
plot, permu-
tation feature
extraction,
and shapely
values.

Clinical Link - C-index,
Accuracy,
sensitivity,
specificity,
AUC, and
MCC

20 HER2-
negative
metastatic
breast cancer

Canonical
correlation
analyses

Cox regres-
sion

Clinical NS Experimental Time-
dependent
receiver
operating
curves (TD-
ROC), AUC,
and Harrel
C-index

4/33

https://github.com/USTC-HIlab/MDNNMD
https://github.com/ZhangqiJiang07/MultimodalSurvivalPrediction
https://github.com/compbiolover/CC-Singlecell
https://github.com/petmoreno/Heart_Failure_Predictor


21 Pancreatic
cancer
caused by
malignant
biliary ob-
struction

Univariate
analyses

Cox-PH
regression

Clinical NS COMBO-01 AUC

22 Non-small
cell lung
cancer

Denoising au-
toencoder

Elastic net
and cox
proportional
hazard model

Multiomics
and clini-
cal

Link TCGA C-index, accu-
racy and AUC

23 Trauma
Patients

a Least
Absolute
Shrinkage
and Selection
Operator
(LASSO)
regression
modeling

RF, SVM Biomarkers
data

Link None –

24 Nasopharyngeal
Carcinoma

None Cox-
regression
and Kalpan
Meier

Clinical NS Chongqing Univer-
sity Cancer Hospital
tumor database

C-index,
AUC, Deci-
sion curve
analysis
(DCA)

25 Hypersensitive
patients suf-
fering from
cardiovascu-
lar diseases

NS Linear multi-
task logistic
regression,
neural multi-
task logistic
regression,
random sur-
vival forest
and cox
proportional
hazard model

Clinical NS 26, 27 Concordance
index, Brier
score, root
mean squared
error, mean
absolute error

28 Pancancer Cascaded Wx CNN and a
cox model
(CNN-Cox)

Multiomics Link TCGA C-index

29 COVID-19 NS Support vec-
tor machine

Multiomics NS Experimental AUC

30 Neuroblastoma Recursive
feature
elimination
and Patient
similarity
networks

Deep neural
network
(DNN)

Multiomics Link SEQC and TARGET
projects

Accuracy,
AUC, and
F1-score
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https://github.com/AstraZeneca/Multimodal_NSCLC
https://data.mendeley.com/datasets/vt8nhp2y2t/1
https://github.com/wangwangCCChen/CNN-Cox
https://github.com/nomoresomethingwentwrong/PSN_Fusion


31 Breast cancer CANDECOMP
PARAFAC
decomposi-
tion using
alternat-
ing least
squares and
autoencoder

Loghazard
Net, a
discrete-time
survival net
based on par-
tial logistic
regression

Multiomics Link TCGA C-index and
integrated
Brier score

32 Invasive
ductal carci-
noma (type
of breast
cancer)

NS Multivariate
Cox two
way stepwise
regression

Whole
slide
images,
clinical
and tran-
scriptomic
data

NS TCGA, Molecular
signature database
(MsigDB)

AUC

33 Stomach and
Esophageal
carcinoma
(STES) and
Ovarian
serous

NS Bidirectional
long short-
term memory,
ordinal Cox
model net-
work and
auxiliary loss

Multiomics
and Clini-
cal

NS TCGA C-index

34 Lower grade
glioma

NS Lasso cox re-
gression

Multiomics
and imag-
ing data

Link TCGA AUC, C-
index, Brier
score

35 Clear cell re-
nal cell can-
cer (ccRCC)

Boruta and
PCA

Cox regres-
sion

Multi-
omics

NS TCGA Log-rank p
value, AUC,
and C-index

36 Hepatocellular
carcinoma

NS Cox-PH
regression

Multiomics NS TCGA NS

37 Glioblastoma,
ovary and
breast can-
cers

Autoencoder CoxNet Multiomics Link TCGA C-index

38 Ovarian can-
cer

FALSE Cox-PH
model

Multiomics NS GEO (GSE14764,
GSE17260,
GSE19829,
GSE30161,
GSE49997,
GSE63885)

–

39 Glioblastoma
multifrome

NS Cox regres-
sion

Multiomics
and clini-
cal

Link TCGA Akaike in-
formation
criterion,
Bayesian
information
criterion, and
C-index
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https://github.com/jasperzyzhang/DeepTensorSurvival
https://drw576223193.shinyapps.io/Nomo/
https://github.com/luckydoggy98/SAEsurv-net
https://github.com/redekarseema2021/imp-genes


40 Cardiovascular
disease
(CVD)

Akaike In-
formation
Criterion
(AIC) based
stepwise
regression
analysis

Survival
outcome
prediction
based on
naive bayes,
artificial neu-
ral network,
and sup-
port vector
machine.

Clinical NS Kaggle AUC, accu-
racy, preci-
sion, recall,
F1-score

41 Cardiovascular
disease
(CVD)

NS Logistic
regression
and XGboost
for survival
outcome pre-
diction and
cox regres-
sion, survival
XGboost,
and DeepHit
neural net-
work for the
prediction
of time to
event based
survival.

Clinical
and pro-
teomics

NS Data formulated
through LIFE-
cohort42.

C-index,
AUC, sensitiv-
ity, specificity,
positive pre-
dicted value
(PPV) and
negative pre-
dicted value
(NPV).

43 Atherosclerosis NS Cox propor-
tional model,
random sur-
vival forest,
multi-task
logistic re-
gression,
deepsurv
neural net-
work, and
linear sup-
port vector
machines

Clinical,
biomark-
ers, and
images

Link Multi-Ethnic Study
of Atherosclerosis
(MESA)

C-index

44 Cardiovascular
disease

Multi-
colinearity

DeepSur,
Cox-PH,
RSF

Biomarkers,
clinical
and im-
ages

Link Clinical Practice
Research Datalink
(CPRD)

C-index and
integrated
Brier score

45 Cervical can-
cer

iCluster algo-
rithm

Random for-
est and cox-
PH models

Multi-
omcis

NS TCGA C-index
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https://github.com/qahathaway/MESA
https://github.com/qahathaway/MESA


46 Pancancer Inverse
rank trans-
formation
for nor-
malization,
Autoencoder
for dimen-
sionality
reduction,
Kruskal-
Wallis for
important
feature iden-
tification and
Guassian
clustering

Cox-PH
model

Multiomics Link TCGA and GDC C-index, log p-
rank

47 8 cancer
subtypes:
stomach ade-
nocarcinoma,
ovarian
serous
cystadeno-
carcinoma,
kidney renal
clear cell
carcinoma,
lower grade
glioma,
head and
neck squa-
mous cell
carcinoma,
bladder
urothelial
carcinoma,
and breast
cancer

Feature
removal
with small
variance, and
normaliza-
tion with
min-max
scaling

DeepOmix
based on
deep neural
network

Multiomics
and clini-
cal

Link TCGA C-index

48 Bladder can-
cer

Autoencoder,
PCA, and
hierarchal
clustering

Cox regres-
sion, deep
cox neural
network
(CoxNet),
and transfer
learning-
based
CoxNet

Multiomics TCGA C-index
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https://github.com/lanagarmire/DeepProg
https://github.com/CancerProfiling/DeepOmix
https://github.com/Hua0113/TCAP


49 Bladder can-
cer

Non-negative
matrix fac-
torization
(NMF), uni-
variate Cox
regression,
lasso anal-
ysis, and
multivariate
regression

Random sur-
vival forest

Multiomics NS ArrayExpress,
TCGA, and GEO

-

50 Heart disease Multi-bloc
partial least
squares

Cox regres-
sion

Multiomics NS Experimental data
from the University
of Illinois at Chicago
(UIC)

C-index

51 Hepatocellular
carcinoma

Autoencoder CoxNet Multiomics NS TCGA Silhouette
score

52 Ovarian can-
cer

Variational
autoencoders
(VAEs), and
maximum
mean dis-
crpancy
VAEs

Cox-PH
regression

Multiomics Link TCGA C-index, Brier
score, and
AUC

53 Ovarian, and
lung cancer,
kidney renal
cell and lung
squamuos
cell carci-
noma and
pancreatic
adenocarci-
noma

PCA and
unsupervised
univariate
feature se-
lection by
variance

Cox-PH,
Cox-Time,
and Deep-
Surv with
consensus
training

Multiomics TCGA C-index, and
accuracy

54 Liver trans-
plantation

NS Random
survival
forest, Cox-
PH model,
and partial
logistic arti-
ficial neural
networks
(PLANN)

Clinical Link UNOS C-index, Brier
score, and in-
tegrated Brier
score
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https://github.com/hiraz/MMD-VAE4Omics
https://github.com/tongli1210/TCGA_Omics
https://static-content.springer.com/esm/art%3A10.1186%2Fs12874-020-01153-1/MediaObjects/12874_2020_1153_MOESM4_ESM.docx
https://unos.org/data/


55 Colon adeno-
carcinoma

Autoencoder,
PCA,
ANOVA,
non-negative
matrix factor-
ization

Cox-PH
regression

Multiomics NS TCGA Silhouettte
index, and
Calinski-
Harabasz
criterion for
clustering.
Log-rank
p-values,
C-index, and
Brier score
for survival
prediction.

56 Gastric can-
cer

NS LASSO, uni-
variate and
multi-variate
Cox-PH
regression

Multiomics NS GEO and TCGA
(GSE15459, TCGA-
GC, GSE84437)

C-index

57 Lung ad-
ninocarci-
noma

Variational
and mul-
tiview
factorization
autoencoders

Cox-nnet Multiomics Link TCGA C-index

58 Esophageal
squamous
cell carci-
noma

Univariate
cox regres-
sion, and
autoencoder

Support vec-
tor machine,
K-means
clustering

Multiomics NS ArrayExpress and
TCGA

Log rank
P-value, C-
index, Brier
score

59 Adult diffuse
glioma

NS Cox regres-
sion

Multiomics NS TCGA Harrell C-
statistic

60 Liver cancer Univariate
feature
selection

XGBoost
for subtype
classification,
and Cox-ph
for survival
prediction

Multiomics NS TCGA and GEO Log-rank p
value and
C-index

61 Colon cancer NS Random for-
est

Multiomics NS UCSC Xena browser C-index

62 Pancreatic
cancer

Autoencoder SVM, logis-
tic regression.
l2 regularized
regression
and random
forest

Multiomics
and clini-
cal

NS TCGA C-index and
integrated
Brier score

63 Breast cancer Variational
autoencoders

Deep neural
network
along with
cox propor-
tional hazard
model

Multiomics Link TCGA C-index
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https://github.com/kylejyx/TLSurv
https://github.com/tongli1210/BreastCancerSurvivalIntegration


64 Colon cancer Hierarchical
clustering

Multi-
covariate Cox
PH

Multiomics
and clini-
cal

NS TCGA C-index, like-
lihood ratio,
score and
Wald test

65 Pancancer Autoencoders Deep neural
network

Multiomics NS TCGA AUC and C-
index

66 Lung adeno-
carcinoma

Autoencoder
and univari-
ate cox-ph
model

LASSO cox-
ph regression

Multiomics NS TCGA Log-rank
p-value and
x-index

67 Glioblastoma
multifrome

NS SVM and
Cox-PH

Clinical radiomics and
genomics

NS NS

68 Glioblastoma
multifrome

Univariate
cox

LASSO
penalized cox
regression

Multiomics NS TCGA and CCGA FALSE

69 Prostate can-
cer

NS Best Linear
Unbiased
Prediction
(BLUP)

Multiomics
and clini-
cal

Link TCGA NS

70 Non-small-
Cell Lung
Cancer

ResNet Deep neural
network

SENet EfficientNet and ResNeXt Multiomics
and clinical

71 Breast cancer Neighborhood
component
analysis
(NCA)

Deep neural
network

Multiomics Link TCGA Sensitivity

72 Breast cancer Variance and
Chi-squared

ResNet Multiomics NS TCGA Accuracy

73 Pancancer Variational
autoencoder

Deep Neural
network

Multiomics Link Genomic Data
Commons (GDC)
pan-cancer multi-
omics dataset and the
DNA methylation
dataset of human
central nervous
system tumours
(GSE109381)

Macro-F1

74 Pancancer NS Lasso or
Group Lasso-
penalized
Cox model

Multiomics NS TCGA Kappa
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https://github.com/rli012/BLUPHAT
https://github.com/hosseinshn/MOLI
https://github.com/zhangxiaoyu11/OmiEmbed/


Table 2. Distribution of data modalities across survival prediction studies.

Study C
lin

ic
al

m
R

N
A

m
iR

N
A

M
et

hy
la

tio
n

C
N

V

Pr
ot

eo
m

ic
s

M
ut

at
io

n

M
et

ab
ol

ic

ln
cR

N
A

W
E

S

Pellgrini et al. 20233 Yes Yes No Yes No Yes No No No No

Jun et al. 20234 Yes No No No No No No No No No

Qian et al. 20231 Yes No No No No No No No No No

Chauhan et al. 20237 Yes No No No No No No No No No

Li et al. 20238 Yes No No No No No No No No No

Moreno et al. 202319 Yes No No No No No No No No No

Wang et al. 202320 Yes No No No No No No No No No

Zhou et al. 202321 Yes No No No No No No No No No

Zhang et al. 20235 No No Yes No No No No No No No

Hao et al. 20236 No Yes Yes Yes No No No No No No

Lee et al., 20239 Yes Yes No No Yes No No No No No

Wang et al. 202310 No Yes No No No No No No No No

Zhan et al. 202211 Yes Yes No No Yes No Yes No No No

Manganaro et al. 202312 Yes Yes No No Yes No Yes No No No

Benkirane et al. 202313 No No No No No No No No No No

Othman et al. 202314 Yes Yes No No Yes No No No No No

Bhat et al. 202315 Yes Yes Yes Yes Yes No No No No No

Fan et al. 202317 Yes Yes Yes No Yes No No No No No

Willems et al. 202318 No Yes Yes No No No No No No No

Ellen et al. 202322 Yes Yes Yes Yes No No No No No No

Yin et al. 202228 No Yes No No No No No No No No

Richard et al. 202229 No No No No No Yes No Yes No No

Wang et al. 202230 No Yes No Yes No No No No No No

Zhang et al. 202231 No Yes No Yes No No No No No No

Miao et al. 202224 Yes No No No No No No No No No

Lin et al. 202232 Yes No No No No No No No No No

Feng et al. 202225 Yes No No No No No No No No No

Bichindaritz et al. 202233 Yes Yes No Yes No No No No No No
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Wu et al. 202234 No Yes No Yes No No No No No No

Jiang et al. 202235 No Yes Yes Yes No No No No Yes Yes

Zhang et al. 202236 No Yes No No Yes No No No No No

Wu et al. 202237 No Yes No No Yes No No No No No

Hathaway et al. 202143 Yes No No No No No No No No No

Pawar et al. 202238 No Yes No No No No No No No No

Redekar et al. 202239 Yes Yes No Yes Yes No No No No No

Han et al. 202275 No Yes No Yes Yes No Yes No No No

Zeng et al. 202140 Yes No No No No No No No No No

Unterhuber et al. 202141 Yes No No No No Yes No No No No

Hu et al. 202145 No Yes Yes Yes Yes No Yes No No No

Poirion et al. 202146 No Yes Yes Yes No No No No No No

Kantidakis et al. 202054 Yes No No No No No No No No No

Zhao et al. 202147 Yes Yes Yes Yes Yes No No No No No

Chai et al. 202148 No Yes Yes Yes Yes No No No No No

Tang et al. 202149 No Yes No No No No No No No No

Vahabi et al. 202150 No Yes No Yes No No No No No No

Malik et al. 202171 No Yes No Yes Yes Yes Yes No No No

Owens et al. 202151 No Yes Yes Yes No No No No No No

Hira et al. 202152 No Yes Yes Yes Yes No No No No No

Tong et al. 202153 No Yes Yes Yes Yes No No No No No

Du et al. 202068 No Yes No No Yes No No No No No

Li et al. 202169 Yes Yes Yes Yes No No No No No No

Zhang et al. 202170 No Yes Yes Yes No No No No No No

Zhou et al. 202172 No Yes No No Yes No No No No No

Zhang et al. 202173 No Yes Yes Yes No No No No No No

Zheng et al. 202174 No No Yes No Yes No Yes No No No

Li et al. 202056 No Yes No Yes No No No No No No

Kazerooni et al. 202167 Yes No No No No No No No No No

Lv et al. 202055 No Yes Yes Yes No No No No No No

Jiang et al. 202057 No Yes Yes Yes Yes No No No No No

Yu et al. 202058 No Yes No Yes No No No No No No
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Yang et al. 202059 No Yes No No No No Yes No No No

Wang et al. 202060 No Yes Yes Yes No No No No No No

Yang et al. 202061 No Yes Yes Yes No No No No No No

Baek et al. 202062 Yes Yes Yes Yes No No No No No Yes

Tong et al. 202063 No Yes Yes Yes Yes No No No No No

Tong et al. 202064 Yes Yes Yes Yes No No No No No No

Tan et al. 202065 No Yes Yes Yes No Yes No No No No

Lee et al. 202066 No Yes Yes Yes Yes No No No No No

Table 3. Survival endpoints with respect to survival prediction algorithms and studies.

Study Models Survival Endpoint

Qian et al. 20231 Cox-PH, RSF, MTLR, deepsurv neural network OS

Shetty et al. 20232 GeneNet OS

Pellegrini et al. 20233 Coherent Voting Network (CVN), Best Linear Unbiased Prediction
(BLUP)

DFS, OS, BC

Jung et al. 20234 DeepSurv, MTLR, RSF, Gompertz model OS

Zhang et al. 20235 Lasso Cox-PH OS

Hao et al. 20236 ANNs with custom loss OS

Chauhan et al. 20237 Cox-PH, RSF, CoxNet, transfer learning-based CoxNet PFS, OS

Li et al. 20238 Lasso-Cox-PH OS

Lee et al. 20239 Loghazard Net, partial logistic regression, Cox-PH DFS, OS, BC

Wang et al. 202310 Stepwise Cox (StepCox), SurvivalSVM, Cox-PH, CoxNet OS

Manganaro et al. 202312 SVM, Elastic net and Cox-PH, CNN and ANN DFS

Benkirane et al. 202313 ANN OS

Othman et al. 202314 CoxNet, Cox-PH, Cox-Time, DeepSurv with consensus training,
Loghazard Net, partial logistic regression

OS

Bhat et al. 202315 CoxNet, Cox-PH, Cox-Time, DeepSurv with consensus training,
Loghazard Net, partial logistic regression

OS

Majji et al. 202316 Survival neural network, CNN-Cox, Cox-PH, DeepOmix, lasso and
group penalized Cox-PH, VAE based NN

DFS

Fan et al. 202317 CNN-Cox, Cox-PH, DeepOmix, lasso and group penalized Cox-PH,
VAE based NN

OS
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Willems et al. 202318 Lasso Cox-PH OS

Wang et al. 202320 Cox-PH PFS, OS

Zhou et al. 202321 Cox-PH, l2 regularized regression OS

Ellen et al. 202322 OS

Abdelhamid et al. 202223 RF, SVM OS

Miao et al. 202224 Cox-regression OS

Feng et al. 202225 OS

Yin et al. 202228 CNN-Cox OS

Richard et al. 202229 SVM OS

Wang et al. 202230 OS

Zhang et al. 202231 DL algorithm with three-dimensional tensor representation OS

Lin et al. 202232 Multivariate Cox models OS

Bichindaritz et al. 202233 Bidirectional long short-term memory, ordinal Cox model network and
auxiliary loss

OS

Wu et al. 202234 LASSO Cox-PH OS

Jiang et al. 202235 Cox-PH PFS, OS

Zhang et al. 202236 Cox-PH OS

Wu et al. 202237 SAEsurv-net OS

Pawar et al. 202238 Cox Proportional Hazard model OS

Redekar et al. 202239 Cox-PH OS

Han et al. 202275 OS

Zhang et al. 202211 OS

Unterhuber et al. 202141 Various ML and DL models OS

Hathaway et al. 202176 OS

Xu et al. 202144 Various models OS

Hu et al. 202145 Cox-PH OS

Poirion et al. 202146 DeepProg OS

Zhao et al. 202147 DNN with custom loss OS

Chai et al. 202148 TCAP OS

Tang et al. 202149 DFS, PFS, OS

Vahabi et al. 202150 Cox-sMBPLS OS, BC
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Table 4. Description of diverse survival prediction studies and relevant survival prediction models.

Study Approach Description

Qian et al.,
20231

Cox-PH and RSF A study to predict survival of ASCVD patients in Xin-
jiang population based on ML and statistical models
based on clinical data with a follow up time of 5.79
years.

Shetty et al.,
20232

GeneNet GeneNet based survival prediction in KIRP based on
multiomics data.

Pellegrini et
al., 20233

Coherent Voting Net-
work (CVN)

A CVN model selection based survival prediction
model for localized prostate cancer on the basis of
clinical and multiomics data.

Jung et al.,
20234

DeepSurv, Multitask
logistic regression
(L-MTLR), Gom-
pertz model, Random
survival forests (RSF)

AI based experimentation on the cllinical datasets of
gastrointestinal cancer generated from Heidellberg uni-
versity hospital.

Zhang et al.,
20235

Cox and Least Absolute
Shrinkage and Selector
Operation (LASSO) re-
gression model.

This study employed Cox and ASSO regression mod-
els to construct a survival model for triple-negative
breast cancer (TNBC). By clustering mRNA expres-
sion profiles from TTCGA based on tumor immune
microenvironment, the resulting risk score model was
validated across databases and clinical samples, offer-
ing a reliable tool for predicting TNBC prognosis and
guiding immunotherapy efficacy.

Hao et al.,
20236

ANNs with custom loss The study addresses the challenge of heterogeneous
cancer data by proposing a deep learning approach
for survival prediction. Integrating mRNA expression,
DNA methylation, and microRNA expression data, the
model represents each genetic data type with shared
and specific features, enhancing its ability to capture
consensus and complementary information. Experi-
mental results across four cancers show the approach
significantly outperforms established integrative meth-
ods, providing an effective tool for accurate cancer sur-
vival prediction. Particularly, it performs a multiclass
classificaiton task of predictting survival in different
classes on four multiomics based datasest of GBM,
KRCCC, LSCC, and BIC.
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Chauhan et
al., 20237

Cox-PH and Kalpan
meier

It employed ultra-low-pass whole genome sequencing
(ULP-WGS) and urine cancer personalized profiling
by deep sequencing (uCAPP-Seq) to analyze urine
tumor DNA in 74 localized bladder cancer patients.

Li et al.,
20238

Lasso Cox-PH The study developed a prognostic model for lymphoma
patients’ overall survival (OS) through LASSO regres-
sion and Cox stepwise regression analyses, incorpo-
rating nine independent risk factors. The nomograms
exhibited good prediction accuracy (C-indices: 0.749
in training, 0.731 in validation), and calibration and
ROC curves validated the model’s reliability for 1-year,
3-year, and 5-year OS predictions.

Lee et al.,
20239

Logistic regression This study utilized machine-learning analysis to iden-
tify survival-related candidate genes for colon cancer,
leading to the identification of RABGAP1L, MYH9,
and DRD4. A survival prediction model, combining
these genes with tumor stages, demonstrated superior
predictive performance in assessing the prognosis of
colon cancer patients.

Wang et al.,
202310

RandomForest, Step-
Cox, Logistic, Sur-
vivalSVM and Lasso

LncRNA based analysis of survival across hepatocellu-
lar patients on the basis of WGCNA and 5 ML survival
prediction models.

Zhang et al.,
202211

DT, RF, and ANN 5-year overal survival prediction across ovarian cancer
patients. Initially, optimal features were identified
using RFI and RSF.

Manganaro
et al.,
202312

SVM This study introduced mtSVM, a novel computational
approach for survival prediction in NSCLC using data
from the PROMOLE clinical study. mtSVM, a two-
layer feed-forward network of FastSurvivalSVMs, out-
performs other methods, exhibiting excellent perfor-
mance in risk stratification based on clinical and mul-
tiomics data.

Benkirane
et al.,
202313

ANN The paper explored deep learning methods for inte-
grating multi-omics data, focusing on autoencoders
and their effectiveness in cancer-related tasks across
diverse datasets.The model with alternate AE training
stretgy and SHAP demonstrated strong performance
in cancer-related tasks across diverse TCGA datasets,
providing interpretable results for tumor classification
and survival outcome prediction.
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Othman et
al., 202314

CNN, LSTM, GRU This study addressed the challenges of early breast
cancer detection by proposing a hybrid deep learning
model based on CNN for feature extraction and GRU
and LSTM for classification. The model used clinical,
gene expression, and copy number alteration data, and
made predictions on breast cancer.

Bhat et al.,
202315

Cox-PH A deep hierarchal variational autoencoder (H-VAE)
model was developed for joint analysis of multi-omics
data, identifying two distinct patient subgroups with
significant survival differences. The integraiton model
was used with Cox-Ph for survival prediction

Majji et al.,
202316

SSDH-based DRNN, a method developed for predict-
ing cancer-survival rates using gene expression data.
The approach employed polynomial kernel data trans-
formation, Bayesian fuzzy clustering for gene selec-
tion, and survival indicators like SMA and rate of
change, achieving high accuracy on the Pan-Cancer
dataset. Trained with SSDH, a combination of SSA
and DHOA, the method demonstrated its potential for
precise cancer survival prediction and clinical manage-
ment.

Fan et al.,
202317

Survival neural network This work aimed to enhance cancer survival prediction
using multi-omics data by constructing a deep learning
model with multimodal representation and integration.
The unsupervised learning part extracted high-level
features from diverse omics data, while an attention-
based method integrated these representations into a
compact vector for survival prediction. Particularly,
this worked utilized pancancer survival datasets.

Willems et
al., 202318

LASSO Cox-PH In addressing colorectal cancer challenges, this study
introduced a novel metric validated for its associa-
tion with miRNA-gene target interactions. Employing
this metric with a regularized Cox model, the study
identified a small set of top-performing genes linked
to colon cancer, demonstrating a significant improve-
ment in survival prediction and accurate patient risk
stratification.

Moreno et
al., 202319

Cox-PH, random sur-
vival forests for survival
prediction

In addition to survival prediction, authors also used
methods for the interpretability of their model like par-
tial dependence plot, permutation feature extraction,
and shapely values.
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Wang et al.,
202320

Cox-PH A clinical data based multi observational study on
HER2-negative metstatic breast cancer based on Cox-
regression

Zhou et al.,
202321

Cox-PH A clinical data based first of its kind survival prediciton
model for ”Pancreatic cancer caused by malignant
biliary obstruction” by using Cox-regression.

Ellen et al.,
202322

Elastic net and Cox-PH Multiomics and clinical data based model to pre-
dict non-small cell lung cancer (NSCLC) survival
by using Cox-PH. Denoising autoencoders were em-
ployed for data compression and integration, and per-
formance was compared across modality combinations
and data integration methods for lung adenocarcinoma
(LUAD) and squamous cell carcinoma (LUSC) using
TCGA data. Results indicate that survival prediction
models combining multiple modalities outperformed
single-modality models, with the highest performance
achieved using a combination of lncRNA and clinical
data .

Abdelhamid
et al.,
202223

RF, SVM Biomarkers based prediction of important features for
30 day survival outcome prediction in Tarauma pa-
tients based on RF and SVM.

Miao et al.,
202224

Cox-PH and Kalpan-
Meier

OS prediction based on clinical features of a chinese
cohort suffering from nasophrngeal carcinoma. The
work utilized cox-regression for survival prediction.

Feng et al.,
202225

Linear multi-task logis-
tic regression, neural
multi-task logistic re-
gression, random sur-
vival forest and Cox-PH

Clinical data based comparative analysis of survival
models for the prediction of incident hospitlization in
cardiovascular patients.

Yin et al.,
202228

CNN and a cox model
(CNN-Cox)

The study introduced the CNN-Cox model, a concise
and efficient survival analysis model, which combined
CNN with Cox-PH, achieving superior performance
across seven cancer types in TCGA cohort on the basis
of multiomics data.

Richard et
al., 202229

SVM Outcome prediction in COVID-19 patients based on
SVM and concentration values of 10 proteins and 5
metabolites.

Wang et al.,
202230

Deep neural network
(DNN)

Outocome prediciton in neuroblastoma patients by
incorporating multiomics data with PSNs.
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Zhang et al.,
202231

Loghazard Net, a
discrete-time survival
net based on partial
logistic regression

DL algorithm with three-dimensional tensor represen-
tation to integrate three types of omics data for im-
proved cancer survival prediction in breast and colon
cancers.

Lin et al.,
202232

Multivariate Cox two
way stepwise regression

Survival outcome prediction in terms of invasive ductal
carcinoma based on whole slide images, clinical and
biomakers data. These features are passed through
multivariate Cox models at different steps.

Bichindaritz
et al.,
202233

Bidirectional long short-
term memory, ordinal
Cox model network and
auxiliary loss

The study proposed an approach for cancer sur-
vival prediction, utilizing bidirectional long short-term
memory, an ordinal Cox model network, and auxiliary
loss, merging gene expression and DNA methylation
data for ovarian and esopageal carcinoma.

Wu et al.,
202234

Lasso Cox-PH Risk strification and survival prediciton based on mul-
tiomics and imaging data for lower grade glioma with
LASSO Cox-PH

Jiang et al.,
202235

Cox-PH OS and PFI prediction for clear cell renal cell carci-
noma based on multiomics data and Cox-PH.

Zhang et al.,
202236

Cox-PH To address the poor prognosis of hepatocellular carci-
noma (HCC), a multi-omics analysis was conducted
. A prognostic model based on Cox-PH incorpo-
rating genomic variants and prognosis-related genes
identified 78 candidates, with a 5-gene signature
(CISH, LHPP, MGMT, PDRG1, and LCAT) estab-
lished through random forest feature selection.

Wu et al.,
202237

CoxNet This paper introduced SAEsurv-net, a novel method
for cancer survival prediction through multi-omics
data integration, addressing challenges like high di-
mensionality and heterogeneity. SAEsurv-net employs
a two-stage dimensionality reduction strategy and a
stacked autoencoder model to achieve a balance be-
tween computation complexity and information ex-
ploitation while handling heterogeneities in the data.
The survival prediction head of the overall pipeline
was CoxNnet model.

Pawar et al.,
202238

Cox-PH It aimed to establish gene signatures for better progno-
sis in ovarian cancer patients. Using the Cox Propor-
tional Hazard model, 20 upregulated and 20 downreg-
ulated genes were selected for overall analysis.
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Redekar et
al., 202239

Cox-PH Survival prediction in terms of glioblastoma with Cox-
PH mode based on multiomics and clinical data modal-
ities.

Zeng et al.,
202140

Survival outcome pre-
diction based on naive
bayes, artificial neural
network, and support
vector machine.

Survival outcome prediction in a binary classificaiton
setting using NB, ANNs and clinical data obtained
through Kaggle for cardiovascular diseases.

Unterhuber
et al.,
202141

Logistic regression,
XGboost and Cox-PH,
survival XGboost,
and DeepHit neural
network.

Prediction of survival time and outcome based on vari-
ous ML and DL models by utllizing proteomics and
clinical data for cardiovascular diseases.

Hathaway
et al.,
202143

Cox proportional model,
random survival forest,
multi-task logistic re-
gression, deepsurv neu-
ral network, and linear
support vector machines

The study aimed to enhance atherosclerosis risk pre-
diction using ML and DL survival models. On the
basis of MESA data, the DeepSurv model significantly
improved ASCVD risk prediction compared to other
models. The study demonstrated that DeepSurv ef-
fectively leveraged basic clinical features for accurate
ASCVD risk prediction without requiring additional
inflammatory or imaging biomarkers.

Xu et al.,
202144

DeepSur, Cox-PH, RSF Cardiovascular disease survival prediciton on the ba-
sis of diverse biomarkers and clinical features using
various models.

Hu et al.,
202145

Random forest and cox-
PH models

It demsontrated the prediciton of survival prediction
in cervical cancer based on multiomics data.

Poirion et
al., 202146

Cox-PH model Authors proposed DeepProg, a novel way of inter-
grating multiomics data for cancer survival prediction.
Particular, the overall architecture is based on ANNs
and Cox-PH model for pancancer survival prediction.

Zhao et al.,
202147

DeepOmix based on
deep neural network

The study focused on creating a DNN based architec-
ture with custom loss to intergrate nnon-linear modali-
ties of multiomics data with survival prediciton at the
same point. In addition, the model is evaluated against
data of 8 different cancer subtypes.

Chai et al.,
202148

Cox regression, deep
cox neural network
(CoxNet), and transfer
learning-based CoxNet

This study introduced TCAP, a transfer-learning based
Cox proportional hazards network, predicting bladder
cancer prognosis by integrating multi-omics data using
autoencoders.
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Tang et al.,
202149

Random survival forest -

Vahabi et
al., 202150

Cox-PH The study introduced Cox-sMBPLS, a supervised
model for time-to-event data, designed to integrate
multimodal Omics data by considering redundant in-
formation and leveraging prior biological associations
for cardiovascular disease survival prediction

Owens et
al., 202151

CoxNet This study employed a novel ANN with a custom
loss to identify critical features in Hepatocellular Car-
cinoma (HCC) multi-omics data, revealing biologi-
cally homogeneous prognostic subgroups and improve-
ments in survival prediction

Hira et al.,
202152

Cox-PH In this study, an integrated multi-omics analysis of
ovarian cancer was conducted using Variational Au-
toencoder (VAE) and Maximum Mean Discrepancy
VAE (MMD-VAE) for dimensionality reduction. The
DL-based architecture successfully classified transcrip-
tional subtypes with reasonable accuracies.

Tong et al.,
202153

Cox-PH, Cox-Time,
and DeepSurv with
consensus training

The main focus is related to the data integration part,
where invariant representations were generated using
DNNs and tested for ovarian and breast cancer with
multiple survival prediction models.

Kantidakis
et al.,
202054

Random survival for-
est, Cox-PH model, and
partial logistic artifi-
cial neural networks
(PLANN)

Clinical data based survival prediction in liver trans-
plantation patients through SNNs, RSF, and PLANN.

Lv et al.,
202055

Cox-PH Auhors aimed to design AE based feature interga-
tion method for multiomics data, and surival was per-
formed using COx-PH for lung adenocarcinoma.

Li et al.,
202056

LASSO, univariate and
multi-variate Cox-PH
regression

Cox-PH based survival prediciton in gastric cancer
based on multiomics data.

Jiang et al.,
202057

Cox-nnet TLSurv, a super-hybrid network, utilized multi-stage
transfer learning to integrate diverse -omics data for
lung cancer survival prediction. Particularly, it is based
on multiomics data and CoxNnet
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Yu et al.,
202058

Support vector machine,
K-means clustering

The study leveraged deep learning autoencoder to iden-
tify prognosis-related features in esophageal squamous
cell carcinoma (ESCC), revealing two distinct risk
subgroups with significantly different overall survival
rates, paving the way for potential effective diagnostic
modalities for early-stage ESCC.

Yang et al.,
202059

Cox regression Overal differential gene expression and survival analy-
sis were carried out on the basis of multiomics data in
glioma.

Wang et al.,
202060

XGBoost for subtype
classification, and Cox-
ph for survival predic-
tion

In this study, a method combining deep learning and
network fusion was proposed to predict liver cancer
survival subtypes using TCGA data. The model iden-
tified two subgroups with significant survival differ-
ences, validated in GEO cohorts.

Yang et al.,
202061

Random forest, and
Cox-PH

Clinical outcome prediction was performed using RF
and multiomics data for colon cancer. In addition,
Cox-PH was applied for survival prediction.

Baek et al.,
202062

SVM, logistic regres-
sion. l2 regularized
regression and random
forest, Cox-PH

Survival outcome and survival prediction based on
multiomics and clinical features which were integrated
via AE.

Tong et al.,
202063

Deep neural network
along with cox propor-
tional hazard model

AE based data integration of multiomics data and sur-
vival prediction through AE based CoxNnet model.

Tong et al.,
202064

Multi-covariate Cox PH Survival prediction in colon cancer with multiple com-
binations of clinical, and multiomics datasets usign
multivariate Cox-PH.

Tan et al.,
202065

Deep neural network MOSAE (Multi-omics Supervised Autoencoder), ef-
fectively employed specific autoencoders for indi-
vidual omics, generated task-specific representations
through supervised learning, and achieved superior
predictive performance across four clinical outcome
endpoints on the TCGA pancancer dataset.

Lee et al.,
202066

LASSO cox-ph regres-
sion

Authors introduced a deep learning-based autoencod-
ing approach, incorporating multiomics data, resulting
in a robust model with significant survival subgroup
differentiation and high consistency index for liung
adenocarcinoma.
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Kazerooni
et al.,
202167

SVM and Cox-PH This study showed the significance of integrated di-
agnostics, combining clinical, radiomic, and genomic
data, for enhanced overall survival prediction in newly
diagnosed, treatment-naïve, IDH-wildtype glioblas-
toma patients,

Du et al.,
202068

LASSO penalized cox
regression

Multiomics based survival prediction in glioblastoma
with penalized Cox-PH model.

Li et al.,
202169

Best Linear Unbiased
Prediction (BLUP)

Genomic Selection (GS) methodology, specifically
the Best Linear Unbiased Prediction (BLUP) model,
demonstrated superior predictability and computa-
tional efficiency for prostate cancer (PCa) prognosis
when applied to TCGA data, offering a valuable ap-
proach to enhance outcome prediction and address the
issue of overtreatment in PCa management.

Zhang et al.,
202170

CNN and ANN NSCLC related outcome and survival prediction based
on multiomcis and clinical data.

Malik et al.,
202171

Deep neural network A late multi-omics integrative framework utilizing
neighborhood component analysis (NCA) and neu-
ral network models effectively quantified survival and
drug response for breast cancer patients.

Zhang et al.,
202173

VAE based NN Omnibed utilized VAE based NN for dimensionality
reduction and survival prediction based on multiomics
data.

Zheng et al.,
202174

Lasso or Group Lasso-
penalized Cox model

This study systematically assessed the prognostic land-
scape across 33 cancer types, utilizing multiomics data.
The findings showed the cancer type-dependent predic-
tive performance of omics data, with gene expression
data consistently offering superior predictive accuracy.

Table 5. Survival prediction evaluation measures.

Publication Evaluation Measure(s)

1 AUC, C-index, Brier score

2 -

3 AUC, Kappa, AUC-pval, odds ratio

4 Integrated Brier score, C-Index, AUC

5 Kaplan Meier analysis and Receiver Operating Characteristic (ROC) analysis
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6 Accuracy, precision, recall, AUC, and Kalpan Meier curve analysis

7 PPV, NPV, Precision, Recall, hazard ratio

8 NS

9 AUC, precision, recall

10 C-index

11 C-index

12 C-index

13 C-index, IBS, log rank p-value accuracy,

14 AUC, Accuracy, Precision, Recall, and MCC

15 C-index, and Log p-rank values

16 FALSE

17 C-index

18 C-index

19 C-index, Accuracy, sensitivity, specificity, AUC, and MCC

20 Time-dependent receiver operating curves (TD-ROC), AUC, and Harrel C-index

21 AUC

22 C-index, accuracy and AUC

23 –

24 C-index, AUC, Decision curve analysis (DCA)

25 C-index, Brier score, root mean squared error, mean absolute error

28 C-index

29 AUC

30 Accuracy, AUC, and F1-score

31 C-index and integrated Brier score

32 AUC

33 C-index

34 AUC, C-index, Brier score

35 Log-rank p value, AUC, and C-index

36 NS

37 C-index

38 –

39 C-index
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40 AUC, accuracy, precision, recall, F1-score

41 C-index, AUC, sensitivity, specificity, positive predicted value (PPV) and negative predicted value
(NPV).

43 C-index

44 C-index and integrated Brier score

45 C-index

46 C-index, log p-rank

47 C-index

48 C-index

49 -

50 C-index

51 Silhoutee for clustering

52 C-index, Brier score, and AUC

53 C-index, and accuracy

54 C-index, Brier score, and integrated Brier score

55 Silhouettte index, and Calinski-Harabasz criterion for clustering. Log-rank p-values, C-index, and
Brier score for survival prediction.

56 C-index

57 C-index

58 Log rank P-value, C-index, Brier score

59 Harrell C-statistic

60 Log-rank p value and C-index

61 C-index

62 C-index and integrated Brier score

63 C-index

64 C-index, likelihood ratio, score and Wald test

65 AUC and C-index

66 Log-rank p-value and c-index

67 NS

68 FALSE

69 NS

70 FALSE

71 Sensitivity
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72 Accuracy

73 Macro-F1

74 Kappa

Table 6. Journal-wise distribution of articles.

Journal Counts

BMC Public Health 2

Moelcular genetics and genomics 1

Scientific reports 6

J of cancer research and oncology 1

Clinical and Experimental medicine 1

BMC Bioinformatics 2

npj Precision Oncology 1

BMC Medical informatics and deicision making 3

Cancer Medicine 1

BMC Cancer 2

J. clinical lab analysis 1

Current bioinformatics 1

PLOS computational biology 1

Big data and cognitive computing 1

International journal of information technology 1

The computer journal 1

Bionformatics advances 1

Cells 1

Frontiers cardiovascular disease 1

Chinese medicine journal 1

Surgical endoscopy 1

J.american college of surgery 1

Cancer cell international 2

BMC Medical research methodology 2

Heart 1
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Health services research 1

Lab investigations 1

Molecular and cell proteomics 1

Bioinformatics 1

Computers in biology and medicine 2

In innovation in med. and healthcare 1

Frontiers oncology 1

Oxidative medicine cell logev. 1

arxiv 3

J. ovarian research 1

Comp. methods programs biomedicine 1

IEEE conference CSCEI 1

J. Amercian college of cardiology 2

American college of epidimology 1

Frontiers genetics 2

Genome medicine 1

Comp. structural biotechonology 1

CCF transaction on HPC 1

J. translational medicine 1

Methods 1

Bioscience. reports 1

ACM conf. CBHI 2

Oncology letter 1

J. cancer 1

mol. genetics and gen. medicine 1

Comp. biology and chem. 1

Frontiers cell dev. and biology 1

Briefings in bioinformatics 1

ICIC springer 2

BMC genomics 1

Cancers 1

IEEE ITCEM 1
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Table 7. Publisher-wise distribution of articles.

Publisher Counts

BioMed Central 20

Springer 9

Nature Research 6

Elsevier 11

Frontiers 7

Public Library of Science 1

Wiley 2

SAGE Publications 2

AAAS 1

Oxford University Press 3

IEEE 4

arXiv 3

Chinese Medical Association 1

Cancer Cell International 2

American College of Cardiology 2

American Journal of Epidemiology 1
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