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Abstract

0.909 respectively.

The aim of this study is to assess the effectiveness of supervised learning classification models in predicting patient
outcomes in a survival analysis problem involving cardiovascular patients with a significant cured fraction. The
sample comprised 919 patients (365 females and 554 males) who were referred to Sulaymaniyah Cardiac Hospital
and followed up for a maximum of 650 days between 2021 and 2023. During the research period, 162 patients
(17.6%) died, and the cure fraction in this cohort was confirmed using the Mahler and Zhu test (P<0.01). To
determine the best patient status prediction procedure, several machine learning classifications were applied. The
patients were classified into alive and dead using various machine learning algorithms, with almost similar results
based on several indicators. However, random forest was identified as the best method in most indicators, with
an Area under ROC of 0.934. The only weakness of this method was its relatively poor performance in correctly
diagnosing deceased patients, whereas SYM with FP Rate of 0.263 performed better in this regard. Logistic and
simple regression also showed better performance than other methods, with an Area under ROC of 0.911 and
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Background

Heart disease, also known as cardiovascular disease
(CVD), is one of the leading causes of death worldwide.
According to a report published by the World Health
Organization in 2018, approximately 17.9 million people
die annually due to this disease. However, Middle Eastern
countries are experiencing a much worse situation than
other parts of the world. The latest WHO report states
that about 19% of all deaths in Iraq are due to coronary
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heart disease, ranking Iraq 20th in age-adjusted Death
Rate at 230.27 per 100,000 people [1].

In recent years, the treatment of many diseases, espe-
cially heart disease, has significantly improved. As a
result, the number of patients who survive has increased.
However, this increase in cured patients who are cen-
sored from the data frame requires new methods of sur-
vival analysis [2].

Survival analysis is a statistical method used to analyze
the time until an event of interest occurs, such as death
or disease progression. In recent years, machine learn-
ing techniques have been increasingly applied to survival
analysis problems in healthcare.

The purpose of the study is to compare and assess the
effectiveness of supervised learning classification mod-
els in predicting patient outcomes in a survival analysis
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problem involving cardiovascular patients with a signifi-
cant cure fraction. The study aims to identify the most
effective machine learning algorithm for predicting
patient outcomes and to evaluate the performance of dif-
ferent classification indices.

The study uses a cohort of cardiovascular disease
patients with a significant cure fraction. The dataset
includes demographic information, medical history, lab-
oratory test results, and clinical outcomes. The machine
learning methods used in this study include Support Vec-
tor Machine (SVM), Logistic Regression, Random tree,
random forest, C4.5 algorithm, and compression indices
include ROC area and other classification indices.

The findings of this study can help healthcare profes-
sionals predict patient outcomes more accurately and
improve patient care. The results can also inform future
research on machine learning applications in survival
analysis problems.

This study builds upon previous research that has dem-
onstrated the potential of machine learning techniques
for predicting patient outcomes in survival analysis prob-
lems involving CVD patients. By comparing the effec-
tiveness of different supervised learning classification
models, this study aims to provide insights into which
models are most effective for predicting patient out-
comes in this context [3-5].

Methods

Survival analysis includes many methods to model and
predict the probability of survival up to a certain time t,
P (T > t) where T is the survival time random variable;

S(t)zP(T>t)=/ fluydu=1-F (), (1)
t
To better estimate this probability, covariates variables
such as (x1, X, . . . Xx) are used in statistical models.

The most widely used survival analysis model is the
Cox model. This pseudo-regression models and predicts
the mentioned probability with the following function:

A(t) = Aot )eXP (Bix1 + Boxg + ... 4 Bixi)
= Ao (1) cxp(2 xii3;) )
s

In Eq. (2) the response variable is the hazard function
A(t), which assesses the probability that the event of inter-
est (in this case, death) occurred at time of t. The equa-
tion models this hazard as an exponential function of
an arbitrary baseline hazard £,(t) when all covariates are
null, and B is the regression coefficient of the covariates,
(x1,X2,...Xk) [6].

On the other hand, hazard and survival function are
related, so that:
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dlogS(t)  f(t)
dt S(t @)
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In Eq. (2), it can be seen that the logarithm of the hazard
function is a multiple regression on multi-dimensional
covariates, but the very important difference between
this model and regression is due to the data. In the sur-
vival analysis, the data frame consists of two groups of
patients. One of the groups has experienced the event
under study (which is death here), but the second group
of patients was still alive at least during the studied time
period, that’s why we call them sensors from the right.
Therefore, the Cox proportional hazard (CPH) model is a
special type of regression considering time-to-event data.

In the CPH model, partial likelihood is maximized for
estimation and inference on the parameter [3:

L) =TTL () =TT ="
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After estimating the parameters in the CPH model,
another important issue is choosing the variables to
include in the model. This topic has also been studied in
many research studies. In [7], the lasso method for vari-
able selection is proposed, in [8], smoothly clipped abso-
lute deviation is presented, and in [9], an adaptive lasso
method is also introduced.

Also [10], in their research, using a new method called
“stacking’, they introduced the problem of survival analy-
sis only as a classification problem. They also used several
machine learning methods in addition to the Cox model
in order to classify the subjects into two classes, alive and
dead.

Although the most important issue in survival analy-
sis is the probability of surviving until a particular time,
predicting that a person belonging to the category of
patients with their unique characteristics will survive or
die during a certain time is also a very important issue
in survival analysis. For this purpose, in this article, we
have compared the results of different binary classifica-
tion methods.

Since there is a wide range of classification methods,
we have selected some of them for this research. Logistic
regression is perhaps the most famous statistical method
that has been frequently used in survival analysis. Also,
machine learning methods such as random decision
tree, J48, and random forest, have been considered. In
addition to them, the support vector machine (SVM)
method is a very interesting method with the lowest risk
of assigning subjects to groups, and is also one of the
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favorite techniques in survival analysis. In section two, a
brief introduction of each of these methods has been dis-
cussed. In section three, the data used in this research are
introduced, and practically each of the five classification
methods is applied to them. Their results will be com-
pared and discussed in section five.

Survival machine learning analysis

In clinical research, we deal often with high dimen-
sional data that contains missing and censored data.
Demographic status, physical conditions, and hospital
interventions are all covariates that help us predict the
patient’s condition during the study period. In addition to
classical statistical methods such as regression, machine
learning methods have attracted much attention from
medical researcher due to their simplicity and sometimes
more accurate predictions. Recently, many studies have
compared machine learning methods in survival analysis
[11, 12].

Machine learning techniques, which are non-paramet-
ric and less complex, are good alternatives to statistical
methods. Users mostly like these methods because of
their simplicity and because the results are often more
accurate and close to reality.

The decision tree, as one of them after being intro-
duced by [13], is a very flexible and easy-to-interpret
model. Recently due to many research studies, tree-based
methods have improved significantly. The random for-
ests technique [14] has become an excellent method
in machine learning. Meanwhile, the use of tree-based
methods for survival analysis has drawn a lot interest. So
much research has focused on tree building and dealing
with censoring.

It is very important to remember that the purpose of
survival analysis is to predict the survival time of patients
in a cohort based on the available data. Although machine
learning methods have been successful in achieving this
goal in many ways due to the lack of complexities that
exist in classical statistical models such as the Cox model,
they also have some weaknesses. For example, in SVM
survival analysis, predictions for survival time are made
by ranking patients according to the probability of death.
In other words, its results are obtained in the form of a
rank. This issue makes it difficult to compare its results
with classic forms of survival analysis such as CPH [15,
16]. Other techniques, such as random forest, have also
been used in survival analysis. Random survival forests
(RFS) land marking as a nonparametric, machine learn-
ing alternative for obtaining dynamic predictions when
there are complex or unknown relationships present is
introduced. It requires little upfront decision-making,
has comparable predictive performance, and has prefer-
able computational speed [17].
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Of course, in this paper, several methods of machine
learning will be used as binary classification methods in
order to determine the survival or death of patients dur-
ing treatment. This means that the problem of censoring
will be just predicted variable. Their results will be com-
pared using classification evaluation indices.

Results

In this paper, a sample of 919 patients referred to Sulay-
maniyah Cardiac Hospital (including 365 females and
554 males) were followed up for a maximum of 650 days
in 2021 to 2023. In the sample, 162 patients (17.6%) died
during research time. Since the presence of cure fraction
in these data was confirmed based on the Mahler and
Zhu test (P<0.01), mixture cure models based on various
probability distributions were used [18].

In this section, as a classification problem, two groups
of survivors and dead during the follow-up period of the
data have been discussed using of some variables. There
are three sets of covariates used in this research: demo-
graphics, selected blood sample markers, and medical
interventions.

Demographics: This set includes four variables: Gen-
der, Age, Job, and Location. These variables are qualita-
tive in nature as they represent categorical data.

Selected blood sample markers: This set includes 11
variables: Glucose, Creatine, urea, WBC (white blood
cells), LYM (lymphocytes), MID (mid-range white blood
cells), GRA (granulocytes), HGB (hemoglobin), RBC
(red blood cells), MCV (mean corpuscular volume), PLT
(platelets). These variables are quantitative in nature as
they represent numerical data.

Medical interventions: This set includes three vari-
ables - Doctor, Coronary angio, Coronary angio, and PCI,
CABG. These variables are qualitative in nature as they
represent categorical data.

In total there are 19 variables used in this research. The
demographics and medical intervention variables are
qualitative, while the selected blood sample markers are
quantitative. These are presented in Table 1.

The amount of missing data in covariates can have
a significant impact on the accuracy and reliability of
machine learning classification methods. While there
is no universally agreed-upon maximum percentage of
missing data, several studies have suggested that missing
data rates above 5-10% can lead to biased or inaccurate
results [19, 20].It should be noted that in this research,
fortunately, out of 19 covariates, only 3 variables, Glu-
cose, Creatine, and Urea had more than 5% missing data.

In Fig. 1 the step-by-step process for completing the
task at hand is illustrated clearly.

In this article, Weka software package was used to per-
form the analysis. Weka splits the data into training and
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Table 1 Covariates selected for patient classification
Categories
Demographic variables

Covariates

Gender
Age

Job
Location
Selected blood sample markers Glucose
Creatine
Urea
WBC
LYM
MID
GRA
HGB
RBC
MCV
PLT
Medical interventions Doctor

Coronary angio
Coronary angio &PCl

CABG

testing data by default. The default setting is a 66% train-
ing set and a 34% testing set.

Classification results

This research aimed to classify patients into two catego-
ries using standard machine learning methods without
any additional rules. The results of the classification were
analyzed using various indices to evaluate the perfor-
mance of different machine learning methods in classify-
ing the final patient’s status.

Table 2 presents confusion matrices according to clas-
sification methods, which were used to obtain the Table
3 indices.

The results presented in Table 3 indicate that random
forest outperformed other methods in all indices except
for the FP Rate index. On the other hand, SVM per-
formed well in all indicators, especially the FP rate, but
had the lowest area under the ROC. Statistical methods
such as logistic and simple regression showed relatively
balanced performance across all indicators.

Y Y
Confirm the
Follow up a cure fraction
cohort of in the cohort
patients (Mahler & Zhu
‘ test)
‘ ‘

Fig. 1 Workflow chart in this research
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Figure 2 presents Receiver Operating Characteristic
(ROC) plots according to classification methods. The
area under the ROC curve, which indicates the avoidance
of false positive diagnosis and the tendency to correct
positive diagnoses, was greater than 0.5 for all selected
methods. Random forest showed the greatest avoidance
of false positives and the tendency to correctly recognize
positives.

This research demonstrates that standard machine
learning methods can effectively classify patients into
two categories without any additional rules. The results
suggest that different machine learning methods have
varying strengths and weaknesses in terms of their per-
formance across different indicators.

Discussion

The present study aimed to evaluate the effectiveness of
supervised learning classification models in predicting
patient outcomes in a survival analysis problem involving
cardiovascular patients with a significant cure fraction.
The results of this study demonstrate that machine learn-
ing algorithms can be used to accurately predict patient
outcomes in a clinical setting.

One of the key advantages of using machine learning
algorithms is their ability to analyze large amounts of
data quickly and accurately. In this study, the sample size
comprised 919 patients, which is a relatively large sample
size for a clinical study. The use of machine learning algo-
rithms allowed for the analysis of this large dataset in an
efficient and effective manner.

Another advantage of using machine learning algo-
rithms is their ability to identify patterns and relation-
ships within the data that may not be immediately
apparent. In this study, several machine learning classi-
fications were applied to classify patients into alive and
dead categories. The results showed that random forest
was identified as the best method for most indicators,
with an Area under the ROC of 0.934. This indicates that
random forest was able to accurately predict patient out-
comes based on several indicators.

Furthermore, logistic and simple regression also
showed better performance than other methods, with an
Area under ROC of 0.911 and 0.909 respectively. These

A
Machine Evaluate the
learning performance
classifications of egch
to patient algorithm
stafus based on
prediction : sgveral
indicators



Ahmad and Ahmed BMC Cardiovascular Disorders (2023) 23:310 Page 5 of 7

findings suggest that these methods could also be used
- - effectively to predict patient outcomes.

However, it should be noted that there were some limi-
tations to this study. One weakness of the random forest
method was its relatively poor performance in correctly
diagnosing deceased patients, whereas SVM with a FP
Rate of 0.263 performed better in this regard.

In conclusion, the present study demonstrates that
supervised learning classification models can be used
effectively to predict patient outcomes in a clinical setting
involving cardiovascular patients with a significant cure
fraction. The use of machine learning algorithms allows
for efficient and accurate analysis of large datasets and
can identify patterns and relationships within the data
that may not be immediately apparent using traditional
statistical methods.

dead
5
1

SVM
Alive
742
51

dead
66
95

Random tree

Alive
691
67

dead
17
107

Conclusions

Although heart disease is one of the most widespread
diseases and causes of death in the world, especially
in the Middle East, the improvement of hospital and
treatment services has led to the recovery of a signifi-
cant part of these patients and their return to normal
life. In a time-to-event problem, in order to predict the
survival probability of each patient until a certain time
in such conditions, it requires more complete models
than Cox models, which are called Cure models. On the
other hand, machine learning has caught the attention of
researchers in this field as a simpler method with reality
results. The output of survival machine learning is based
on the rank of patient’s death. In this research, the sur-
vival problem is reduced to just prediction during the
K = follow-up so that the results of several machine learning
methods can be checked in such a situation.

In the results, we saw that random forest performed
better based on all criteria except false positive rate. The
& reason for this is the high risk of this method in the prob-
lem of survival detection, which has led to misdiagnosis
of some dead patients as cured. Contrary to that, since
SVM is a minimum risk classification method in deter-
o = mining separation vectors, it has acted more conserva-
tively. Although this conservatism in detecting survival
has the lowest false positive rate among other methods,
but due to the problem with presence of a significant
cured fraction of patients has caused this method to have
the worst performance in the important indicator of the
area under the ROC. On the other hand, the presence
of many variables related to death in medical issues has
caused classical statistical methods such as logistic and
simple regression to be in relatively ideal conditions in all
indicators after random forest. In general, since the ROC
curve indicates the avoidance of wrong diagnosis and the
tendency towards the correct diagnosis in patients’ lives,
it was taken into consideration. Based on this criterion,

C4.5 tree
Alive

740

55

dead
18
107

Regression
Alive

739

55

dead
1

Logistic
Alive
729

1

dead
1

Random forest

Alive
748
52

Table 2 Confusion matrices according to classification methods

Classification
Patient Status\Prediction

Alive
Dead
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Table 3 Classification indices according to classification methods

TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area
Random forest 0934 0.267 0.933 0934 0.929 0.757 0.934 0.961
Logistic 0914 0.266 0911 0914 0911 0.689 0911 0.933
Regression 0.921 0.284 0918 0.921 0916 0.708 0.909 0.934
C4.5 tree 0922 0.284 0.919 0922 0917 0.712 0.844 0.902
Random tree 0.855 0.356 0.855 0.855 0.855 0.500 0.843 0.878
SVM 0.928 0.263 0.926 0.928 0.925 0.737 0.833 0.885

1 wau*‘“‘"“" 1 o e

o ' o 3

o Random forest; ROC Area=0.934 1 0 Logestic; ROC Area=0.911 o

——

e
‘(Jr{

0.5 7

1 ——

0.5

o Regression; ROC Area=0.909 "

I ==

0.5 4

0

o C4.5; ROC Area=0.844 0.5 1

0.5

o Random tree; ROC Area=0.84§

1

0
o SVM; ROC Area=0.833 0.5 1

Fig. 2 Receiver operating characteristic (ROC) plots according to classification methods

random forest performed best and SVM performed
worst. Therefore, conservative methods such as SVM are
not recommended in problems like this, which has a sig-
nificant survival expectation.

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/512872-023-03328-2.

Additional File 1: Data set used in this research.

Additional File 2: All the Syntax used for running the application part.

Acknowledgements

First and foremost, we would like to sincerely thank the respected doctors and
staff of Sulaymaniyah Cardiac Hospital for their cordial guidance and constant
supervision in enabling us with the access to the necessary information
related this research.

Authors'Information.

Authors’ contributions

Shokh Mukhtar Ahmad is involved in research concept generation, designing
the methods, responsible for collecting and analyzing the data from a large
cohort of cardiovascular disease patients, using various statistical and machine
learning techniques, writing the manuscript and revising the manuscript. She
conducted a comprehensive literature review on the topic of survival machine
learning analysis in cardiovascular disease cohorts, which formed the basis for
the study’s methodology. She also collaborated with other researchers to write
up the findings in a clear and concise manner, and contributed significantly to


http://dx.doi.org/10.1186/s12872-023-03328-2
http://dx.doi.org/10.1186/s12872-023-03328-2

Ahmad and Ahmed BMC Cardiovascular Disorders (2023) 23:310

drafting and revising the manuscript. Nawzad Muhammed Ahmed is involved
in writing proposal, responsible for collecting and analyzing the data from a
large cohort of cardiovascular disease patients, using various statistical and
machine learning techniques. He collaborated with other researchers to write
up the findings in a clear and concise manner, and contributed significantly to
drafting and revising the manuscript. All the authors have read and approved
the manuscript.

Funding
This research received no specific grant from any funding agency in the
public, commercial, or not-for-profit sectors.

Data Availability
The datasets of the current study are available from the corresponding author
on reasonable request.

Declarations

Competing interests
The authors declare that they have no conflict of interest.

Ethics approval and consent to participate

The present study has received ethics approval and consent to participate
from the relevant authorities. The ethical approval was obtained on November
9, 2020, with reference number 1245/9/2 from the College of administration
and economics ethics committee (Dr.Samira Muhamad Salh, Dr.Bahar Khalid
Mustafa, DrAhmad Ismael Qader, Dr.Daroon Faridun Abdulla) of the university
of Sulaimanyah”. All participants were informed about the nature and purpose
of the study, and they provided written informed consent before participating
in the study. The confidentiality and anonymity of the participants were
maintained throughout the study, and all data collected were used solely for
research purposes. The study adhered to the principles of the Declaration of
Helsinki and other relevant ethical guidelines.

Consent for publication
Not Applicable.

Received: 11 March 2023 / Accepted: 31 May 2023
Published online: 20 June 2023

References

1. World Health Organization. (2018). Cardiovascular Diseases (CVDs). Retrieved
from https://www.who.int/news-room/fact-sheets/detail/cardiovascular-
diseases-(cvds). Accessed 15 March 2023.

2. Kleinbaum DG, Klein M. Survival analysis: a Self-Learning text. 3rd ed. Springer
Science & Business Media; 2012.

3. WangY,LiuX LiL, etal. A machine learning approach for predicting
cardiovascular disease risk based on clinical data. BMC Med Inf Decis Mak.
2019;19(1):211.

Page 7 of 7

4. Krittanawong C, Zhang H, Wang Z, et al. Deep learning for Cardiovascular
Medicine: a practical primer. J Am Coll Cardiology: Cardiovasc Imaging.
2020;13(8):1916-26.

5. Hastie T, Tibshirani R, Friedman J. The elements of statistical learning: Data
Mining, Inference, and Prediction. Springer; 2009.

6. Boffetta P, Hainaut P. Encyclopedia of cancer. 3rd ed. Academic Press; 2018.

7. Tibshirani R. The lasso method for ariable selection in the cox model.

Stat Med. 1997;16(4):385 - 95. doi: https://doi.org/10.1002/(sici)1097-
0258(19970228)16:4<385::aid-sim380>3.0.co;2-3, PMID 9044528.

8. FanJ, LiR.Variable selection for Cox’s proportional hazards model and Frailty
Model. Ann Statist. 2002;30(1). https://doi.org/10.1214/a0s/1015362185.

9. Shen B, Ma J, Wang J, Wang J. Biomedical informatics and computational
biology for high-throughput data analysis. Sci World J. 2014,2014:1-2. https://
doi.org/10.1155/2014/398181.

10.  Zhong C, Tibshirani R. 2019. Survival analysis as a classification problem. arXiv
preprint arXiv:1909.11171.

11. Spooner A, Chen E, Sowmya A, Sachdev P, Kochan NA, Trollor J, et al. A
comparison of machine learning methods for survival analysis of high-
dimensional clinical data for dementia prediction. Sci Rep. 2020;10(1):20410.
https://doi.org/10.1038/s41598-020-77220-w. PMID 33230128.

12. King Z, Farrington J, Utley M, Kung E, Elkhodair S, Harris S, et al. Machine
learning for real-time aggregated prediction of hospital admission for emer-
gency patients. npj Digit Med. 2022,5(1):104. https://doi.org/10.1038/541746-
022-00649-y. PMID 35882903.

13.  Breiman L. Classification and regression trees (Wadsworth Statistics/Probabil-
ity). 1st ed. Routledge; 1984.

14.  Breiman L. Random forests. Mach Learn. 2001;45(1):5-32. https://doi.org/10.1
023/A:1010933404324.

15. Van BelleV, Pelckmans K, Van Huffel S, Suykens JA. Support vector meth-
ods for survival analysis: a comparison between ranking and regression
approaches. Artif Intell Med. 2011;53(2):107-18. https://doi.org/10.1016/].
artmed.2011.06.006. PMID 21821401.

16. Van Belle V, Pelckmans K, Van Huffel S, Suykens JAK. Improved performance
on high-dimensional survival data by application of Survival-SVM. Bioinfor-
matics. 2011;27(1):87-94. doi: https://doi.org/10.1093/bioinformatics/btq617,
PMID 21062763.

17.  Pickett KL, Suresh K, Campbell KR, Davis S, Juarez-Colunga E. Random
survival forests for dynamic predictions of a time-to-event outcome using a
longitudinal biomarker. BMC Med Res Methodol. 2021;21(1):216. https://doi.
0rg/10.1186/512874-021-01375-x. PMID 34657597.

18. Ahmad SM. Mixture cure survival analysis model for cardiovascular disease in
Sulaymaniyah, Iraq. Electron J Appl Stat Anal. 2022;15(1):95-109. https://doi.
0rg/10.1285/i20705948v15n1p95.

19.  Graham JW. Missing Data Analysis: making it work in the Real World. Ann Rev
Psychol. 2009;60(1):549-76.

20. Little RJA, Rubin DB. Statistical analysis with Missing Data. 2nd ed. Hoboken:
John Wiley & Sons; 2014.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
http://dx.doi.org/10.1002/(sici)1097-0258(19970228)16:4<385::aid-sim380>3.0.co;2-3
http://dx.doi.org/10.1002/(sici)1097-0258(19970228)16:4<385::aid-sim380>3.0.co;2-3
http://dx.doi.org/10.1214/aos/1015362185
http://dx.doi.org/10.1155/2014/398181
http://dx.doi.org/10.1155/2014/398181
http://dx.doi.org/10.1038/s41598-020-77220-w
http://dx.doi.org/10.1038/s41746-022-00649-y
http://dx.doi.org/10.1038/s41746-022-00649-y
http://dx.doi.org/10.1023/A:1010933404324
http://dx.doi.org/10.1023/A:1010933404324
http://dx.doi.org/10.1016/j.artmed.2011.06.006
http://dx.doi.org/10.1016/j.artmed.2011.06.006
http://dx.doi.org/10.1093/bioinformatics/btq617
http://dx.doi.org/10.1186/s12874-021-01375-x
http://dx.doi.org/10.1186/s12874-021-01375-x
http://dx.doi.org/10.1285/i20705948v15n1p95
http://dx.doi.org/10.1285/i20705948v15n1p95

	﻿Classification based on event in survival machine learning analysis of cardiovascular disease cohort
	﻿Abstract
	﻿Background
	﻿Methods
	﻿Survival machine learning analysis
	﻿Results
	﻿Classification results
	﻿Discussion
	﻿Conclusions
	﻿References


