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Abstract

This paper studies the application of survival machine learning models in
management for outcome prediction based on the medical literature. Twenty

Article Info survival models and over ten survival machine learning algorithms were analyzed

to find their key advantages and disadvantages. In the first half of this study, we
Volume 4, Issue 1, January 2024 examine and evaluate the most prevalent models in terms of their similarities
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doi: 10.51483/IJAIML.4.1.2024.10-21 task, kernel, and deep network) were used to analyze a breast cancer dataset and
two additional simulated datasets using the R coxed package. The results indicate
how machine learning algorithms might be used to recommend medicines and
improve population health by analyzing survival. Moreover, we establish the
ideal approaches to use based on more than twelve limitations, such as suppressed
data.
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1. Introduction

Survival analysis is essential for predicting patients’ time-to-event outcomes and aiding healthcare practitioners
in making the best treatment decisions (Wang ef al., 2019), not only in disease analysis or monitoring procedures
but also in assisting with the quantitative and qualitative improvement of preventive medicine (lifestyle
interventions, vaccine efficacy, screening programs, among others). In addition to its use in healthcare, survival
analysis plays a key role in decision-making across a variety of disciplines of management.

Survival analysis approaches are frequently used in marketing, finance, risk assessment, and bankruptcy
analysis to make educated decisions. By applying survival analysis, firms are able to evaluate the time-to-
event consequences of numerous elements and adjust their strategy appropriately (Zelenkov, 2020). In recent
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years, machine learning algorithms have evolved into remarkable tools for survival analysis, providing precise
and trustworthy estimates (Wang et al., 2019; Hu et al., 2021; Yuan et al., 2022).

In light of the significance of machine learning models, the primary goal of this study is to identify the most
frequent machine learning approaches for predictive survival analysis. This article provides a detailed
examination of machine learning models for survival analysis, which may aid healthcare professionals and
researchers in selecting the best suitable model for their datasets.

The structure of the paper is as follows. Based on the availability of the experiment’s associated data, the
first part provides an explanation of the models. In turn, objective data and qualitative indicators will be used
to show the different methods for evaluating machine learning models. In addition to the strengths and flaws
of the core models, the faults shared by all machine learning models for survival analysis will be analyzed.

The second portion analyzes in depth the use of four machine learning approaches to survival analysis.
Presented is a comparison between a dataset including the R survival package and a dataset on breast cancer.
The conclusion of the publication contains the study’s findings and recommendations for future research
paths.

2. Machine Learning Survival Models

Depending on the availability of data in this research, we undertake a comprehensive examination of numerous
methodologies for survival analysis (Wang et al., 2019). In addition, we highlight the main weaknesses of these
algorithms and give a comprehensive analysis of the several measures used to evaluate their effectiveness.
Finally, we explore the advantages and disadvantages of these machine learning models for survival analysis,
which may be used to choose the optimal approach for various datasets.

2.1. Discussion of Algorithms Based on the Availability of Some Type of Data

Survival algorithms may predicta patient’s survival after a diagnosis, but their usefulness is highly dependent
on the availability and quality of patient data. There are several types of data that may affect the use of these
methods. For instance, basic patient data consisting of demographic and clinical information such as sickness
stage, comorbidities, and treatment (Hair and Favero, 2019; Maharana et al., 2022).

Using datasets containing censored data, competitive risk data, or even data that displays longitudinal
patient information might potentially be problematic (Barrett et al., 2011). Survival algorithms are applicable
despite some restrictions (Jin et al., 2021; Cuperlovic-Culf, 2018).

In the next paragraphs, we will discuss the implications of this kind of data for survival analysis.

2.1.1. Baseline Agent Data

Essential to the development of a survival strategy for healthcare practitioners is basic patient information.
Along with clinical data such as illness stage, comorbidities, and treatment history, demographic information
such as age, gender, race, and ethnicity may have a substantial influence on a patient’s survival rate. Although
we have evidenced the characteristics of the baseline data with the most representative example in the literature
on survival analysis, the most characteristics apply to the analysis of customers in the purchasing process,
employees in the work process in the company, or the company in its life process over the years.

Developing a survival strategy requires in-depth understanding and analysis of several variables that
might influence a patient’s prognosis (Jin et al., 2021; Cuperlovic-Culf, 2018). Various algorithms, including
trees, forests, neural networks, deep learning, multitasking, boosting, and “others,” may be used by healthcare
providers to create survival forecasts (Thenmozhi et al., 2019; Zhao et al., 2022). To minimize mistakes and
biases, itis vital to consider the limits and restrictions of these algorithms while generating predictions (Azodi
et al., 2020). Therefore, fundamental patient data is crucial for constructing accurate survival algorithms for
successful patient care, but it is often insufficient for achieving a satisfactory performance in machine learning
models.

2.1.2. Censored Data

The idea of suppressing data is characteristic of survival data. If the event of interest is death or bankruptcy
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of a company, the event time is censored for participants who are still alive at the conclusion of the research.
This implies that the statistical analysis must continue without knowledge of the subject’s date of death
(Jiang, 2022; Vinzamuri et al., 2017; . Basak et al., 2022).

The only information available on his death is that it occurred after the conclusion of the research. In
general, people who drop out of follow-up research are censored since they are often lost to follow-up and the
timing of their occurrence is unclear (Raghunathan, 2004). The date of the occurrence is unobserved, but it is
not a missing data point either, since these two categories of unobserved data have distinct properties and
empirical interpretations (Yuan et al., 2022).

For right-censored topics, the sole known fact is that their incident happened after the censorship period.
If the research had been continued (or if the volunteers had not dropped out), ultimately the result of interest
would have been seen for all participants. Conventional statistical approaches for analyzing survival data
assume censoring to be independent or non-informative (Khan and Zubek, 2008).

This implies that, at a given point in time, the subjects who remain in follow-up have the same future risk
for the occurrence of the event as those who are no longer followed (either due to censorship or abandonment
of the study), as if the losses to follow-up were random and therefore not informative (Basak et al., 2022).

Current research clearly demonstrates that the handling of censored data is essential in order to have an
accurate view of the survival analysis experiment to be conducted (Jiang, 2022). Therefore, the focus of this
study will be to determine the optimal ways for integrating censored data, both from the right (the most
prevalent in analytic models) and from the left. The latter have not been widely analyzed in the literature,
although time-to-event statistical analysis may give a lot of hints (Yuan et al., 2022; Cui et al., 2020).

When dealing with survival data, it is typical to encounter censored data, which happens when the
precise timing of an event is unknown, but it is known that the event did not occur before or after a certain
period. There are three forms of censored data: right-censored data, interval censored data, and left-censored
data. There are a number of excellent algorithms available for managing massive quantities of filtered data
(Yuan et al., 2022; Cui et al., 2020).

Survival Random Forest is one method that can effectively manage restricted data. It is an approach for
machine learning that builds numerous decision trees and combines their predictions (Jin ef al., 2021; Zhao et
al., 2022; Jin Ziwei and Shang, 2020). Multi-Tasking Linear Regression (MTLR) is an additional approach that
can effectively manage censored data. It employs a Bayesian technique to estimate the survival time distribution
and is beneficial when dealing with many outcomes (Wang ef al., 2017). XGboost is another a well-known
algorithm that can deal with enormous amounts of censored data with both continuous and categorical
variables (Barnwal ef al., 2022).

In the following portion of this study, we shall give evidence supporting assertions.

2.1.3. Competitive Events/Risk Data

A competing risk is an occurrence that impedes the occurrence of the primary event of interest (Yuan et al.,
2022; . Barrett et al., 2011; Nevo and Gorfine, 2020; Nevo ef al., 2022). For instance, in a study where the primary
outcome was time to default, receive family help was included as a competing event. Therefore, a person who
receives family help to pay the debt no longer runs the risk of defaulting on the credit we are analyzing. A
subject will not be seen to default after accessing family support to pay off that specific debt, regardless of the
duration of the person’s follow-up.

In healthcare research including various categories of occurrences with nonfatal outcomes, conflicting
risks may exist when deciding which kind of event occurred first. Thus, a study with three kinds of occurrences
is possible: the diagnosis of heart illness, the diagnosis of cancer, and death. Each kind of occurrence is a
competing danger, as a cancer diagnosis before a heart disease or death prevents the latter two from occurring
first (Nevo and Gorfine, 2020).

Conventional techniques to survival data analysis assume the lack of conflicting dangers. The hazards are
considered to be independent if information describing a subject’s risk of experiencing one kind of event does
not transmit information regarding the subject’s risk of experiencing the other type of event (Nevo and Gorfine,
2020; Gorfine and Zucker, 2022). The tactics mentioned in this article are relevant in both circumstances in



Diego Vallarino / Int. Artif.Intell. &Mach.Learn. 4(1) (2024) 10-21 Page 13 of 21

which competing risks are independent of one another and situations in which competing risks are not
independent of one another. In biological applications, biology often exposes at least some association between
contradictory hazards, which in many instances may be exceedingly severe.

Consequently, distinct competing dangers may be rare in biological applications. When analyzing survival
data with conflicting risks, analysts usually exclude individuals when a competing event occurs. Consequently,
if the outcome is time to death from cardiovascular causes, an analyst may consider a subject censored if that
subject dies from reasons other than cardiovascular. Censoring persons at the point of death from causes other
than cardiovascular disease may be challenging.

As with conventional survival analysis, the purpose of competitive event data analysis is to assess the
probability of an event among numerous possible occurrences across time, allowing people to fail competitive
events.

Therefore, recognizing that competing events will always develop when longitudinally analyzing several
patients and calculating the time to event is essential for the research proposed in this proposal (Nevo ef al.,
2022). The primary challenge is to develop a statistical method capable of analyzing the relevance of competing
events and appreciating the value of the information they provide for survival analysis (Peng and Xiang,
2019). Other competing events that are not considered important a priori may become so due to their effects on
subsequent temporal sequences, within or outside the period of research (Gorfine and Zucker, 2022).

The following are techniques for addressing the problem of event risk. Competitive Survival Analysis
(CSA) is a statistical method for examining survival data in situations where several events have the ability
to influence the outcome of interest. Using competition data and the Cox proportional hazards model, CSA
simulates the hazard rates of both the event of interest and the competing event. This allows for a more
precise prediction of the intended outcome while accounting for the effect of competing events (Hong et al.,
2022).

The Cumulative Incidence Function (CIF) is a statistical technique used to estimate the probability that an
event of interest will occur in the setting of competing risks. The CIF computes the marginal probability of
meeting the event of interest at a particular time point, taking competing events into consideration. This
provides for a more accurate prediction of the probability of the event of interest when competing occurrences
are taken into account (Lambert,, 2017).

Lunn-McNeil (LM) is a statistical technique used to forecast the probability of seeing the event of interest vs
a competing event in the presence of competing risks. Developing a dummy variable for the competing event,
which is subsequently included into the Cox proportional hazards model, is required. This allows for a more
accurate estimation of the event’s hazard rate while correcting for the impact of competing events (Huszti et al.,
2011).

2.1.4. Longitudinal Agent Data

Longitudinal patient data consists of information obtained over time on a patient’s health status or other
factors that may affect their health. This data may be rather diverse, ranging from changes in the individual’s
income to work status. This kind of information may provide valuable insight into the patient’s overall health
and its progression over time. Covariates are variables that may be associated with the outcome of interest but
are not of primary concern; their effects may be accounted for by including them in the analysis (Thenmozhi et
al., 2019).

Survival analysis may leverage longitudinal patient data to improve forecast accuracy and provide a
more comprehensive exploration of the factors affecting the result of interest. Over time, information on a
patient’s medication use, diet, or exercise habits, for example, might be collected and incorporated as research
factors. These factors provide additional information that may have an indirect effect on the patient’s survival;
including them into the research may improve the accuracy of prediction (Thenmozhi et al., 2019; Nevoetal.,
2022).

In addition, longitudinal data is often collected on a regular basis and offers information on the evolution
of a patient’s health over time. This information may be used to replicate the time-varying effects of variables
and provide a more comprehensive analysis of how these factors affect the intended outcome.
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As we have identified, the more data in our collection, the more information we can extract from them. This
suggests that as we build survival analysis experiments with a larger number and variety of data points, the
performance of machine learning algorithms will improve and their prediction potential will increase.

Obviously, it is essential to recognize that it is pertinent to comprehend the most effective strategies for
managing data with specific features and peculiarities, such as NAs, missing data, censored data, and
competitive events, among other forms of data.

2.2. Common Weaknesses for Survival Machine Learning Algorithms and Some Solutions

Survival analysis is performed with the use of machine learning algorithms, despite the fact that these
techniques have comparable limits and dangers (Jin ef al., 2021; Cuperlovic-Culf, 2018; Libbrecht and Noble,
2015; Tarca et al., 2007). In this part, we will examine these restrictions and some possible remedies.

The most fundamental disadvantage of utilizing machine learning models in survival analysis is the
lack of interpretability. Comprehending “black box” machine learning models is difficult (Azodi et al., 2020;
Guidottiet al., 2018). However, they do not show the underlying correlations between the factors employed
to make such projections (Miller, 2018). This is a crucial criterion to bear in mind when using machine
learning models to survival analysis, since understanding the underlying correlations between the variables
might alter therapy and other intervention efforts (Chaief al., 2021; . Zhou et al., 2022).

In addition to interpretability, overfitting is an issue when using machine learning models to survival
analysis (Libbrecht and Noble, 2015). Overfitting occurs when a model captures too much of the noise in the
data and does not generalize well to new data. This may lead to erroneous predictions since the model is
unable to accurately capture the underlying data linkages. In survival analysis, overfitting may result in
inaccurate forecasts of the time until an event occurs (Tarca et al., 2007).

Although this is a common flaw in many machine learning investigations, it becomes glaringly apparent
in survival analysis algorithms due to the addition of a new layer of complexity, the time variable. This
increases the complexity of the overfitting issue (Yin et al., 2022).

Thirdly, the use of machine learning models in survival analysis for prediction is constrained by the
need for an enormous amount of data in each dataset (Azodi ef al., 2020;). Training machine learning
algorithms often requires large amounts of data, which may be difficult to collect in the medical and social
sciences.

Moreover, datasets generally include hidden information, which may lead to biased results. Censored data
refers to observations in which the outcome of interest, such as death or disease recurrence, is absent (Jiang,
2022; Vinzamuri et al., 2017; Basak et al., 2022). Although it is not a unique flaw of machine learning algorithms,
the likelihood of discovering repressed information increases when processing vast amounts of data; hence, it
must be seen as a relative weakness in these instances.

Using visualization to examine machine learning model predictions may also reveal a variable’s underlying
relationships. The use of data augmentation techniques, such as synthetic data (Haradal et al., 2018; Pérez et
al., 2023), may help alleviate the issue of inadequate data.

Using data augmentation techniques, it is feasible to generate more data points for use in training the
model. Stratification, which includes separating the study into multiple time periods, is a frequent strategy for
reducing the time-effect-in-covariances shortcomings. Thus, the effect of time on the result may be examined
with more precision. Using time-dependent covariates allows us to analyze how the link between a certain
variable and the result varies over time (Jin ¢f al., 2021; Haradal et al., 2018; Pérez et al., 2023; Mumuni and
Mumuni, 2022).

2.3. Specific Pros and Cons for Survival Machine Learning Algorithms

There are potential answers to these problems despite the limitations of machine learning techniques in
survival analysis. Creating predictions using ensembles of machine learning models is one approach.
Ensembles combine the predictions of several models to get a more precise forecast (Jin ef al., 2021; Azodi et al.,
2021; Wang et al., 2017). This may reduce the risk of overfitting and improve the forecast’s accuracy.
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The majority of machine learning models can adapt to fresh data. This is a distinguishing feature between
machine learning models and classical survival models. Algorithms may “learn” by accessing fresh data,
which has a similar distribution to the training data. If the behavior of the new data is comparable to that of the
training data, there is no need to retrain the algorithm (Alyass et al., 2015).

The following matrix compares the performance of various machine learning models for survival analysis
based on several characteristics, including censored data, missing data, small and large number of observations,
number of variables, overfitting, interpretability, covariate independence, computational time, hyperparameter
robustness competitive events, and non-linear relationships (Table 1).

Each column in the matrix represents a feature that a single model can handle. The values range from 1
(poor performance) to 5 (excellent performance) (good performance).

According to the matrix, there is no one model that excels across all criteria. Rather, each model has benefits
and weaknesses, and the model selected should be based on the particular characteristics of the data and the
subject of the study.

Table 1: Essential Features of Machine Learning Survival Models

Surv. | Random XG Deep Deep
MTLR | SVM ) )
Tree Forest Boosting Surv Hit
Censored Data 2 5 4 3 4 3 3
Missing Data 2 3 2 2 2 3 3
Small number
) 4 4 5 4 4 4 4
Observations
Big number of
) 2 5 3 3 4 5 5
Observations
Number Variables 3 4 4 3 4 5 5
Over fitting 5 4 4 4 4 2 2
Interpretability 5 3 3 2 2 2 2
Independency 4 3 2 2 4 5 5
Computational time 4 4 4 2 3 3 3
Hyper-param Sensitive 4 4 4 4 3 2 2
Competitive Events 2 5 4 3 4 3 3
Non-linear
, , 3 4 4 3 3 4 4
relationships
Processing time (+10
4 4 4 2 4 3 3
var x +40.000 obs.)
Punctuation 44 52 47 37 43 45 45

Note: A valuation of 1 = low ML performance and 5 = high ML performance.

Source: Own Elaboration
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If the dataset contains missing or censored data, decision tree-based models, such as Survival Tree and
Survival Random Forest, may be suitable (Basak ef al., 2022; Jin Ziwei and Shang, 2020; Bertsimas et al., 2022).
If the dataset comprises a large number of observations and variables, deep learning-based models such as
DeepSurv and DeepHit may be preferable due to their potential to detect complicated patterns in the data (Lee
et al., 2018; Lee et al., 2020; Miscouridou et al., 2018; Hao et al., 2021). For datasets with a small number of
observations, MTLR may be preferred since it can control the small sample size and reduce overfitting (Wang
etal., 2017).

The decision tree-based model (Survival Tree) is the most interpretable of the matrix models when it comes
to interpretability (Basak et al., 2022). It is important to note, however, that the majority of models in the matrix
have poor interpretability, a common flaw of machine learning models.

In terms of computation time, decision tree-based models (Survival Tree and Random Forest) and MTLR
are the fastest, but deep learning-based models (DeepSurv and DeepHit) are slower due to their complex
(Basaketal.,, 2022; Wang et al., 2017; Chai et al., 2021; Cartocci et al., 2021). Consequently, the machine learning
model used should rely on the characteristics of the dataset and the research problem being addressed. It is
essential to evaluate the pros and drawbacks of each model and choose the one that best matches the analysis’s
goals.

3. Case Studies

We demonstrate the efficacy of four machine learning models on three distinct datasets: Simulated A, SimulatedB,
and NKI Breast Cancer Data (Lum ¢t al, 2013). The SimulatedA is a data frame containing 2000 observations
that were created using the coxed R package (Kropko and Harden, 2019). Ithas 10 variables, of which 30% are
censored (Figure 1). For SimulatedB, the same library with the same properties has been utilized. The sole
modification implemented was the consideration of 80% of censored data (Figure 2).

The NKI Breast Cancer Data (a variant of this dataset is available in the survival R package) contains
survival information for 272 breast cancer patients, making it the largest dataset we evaluated (Figure 3).

Our empirical investigation sheds light on the efficacy of several machine learning models for survival
analysis and their applicability to a variety of data sources. Following this, we shall display the accomplished
outcomes.

For the assessment and comparison of models, we have used the Cindex, which permits a comparative
evaluation of the predictive ability of the models and the codes described below.

Cindex

o]

0.75-
0.
0.25-

0.00-

DeepSur\a |'v'|TLR RandForest Sur\.Su'H
Model

Figure 1: Results from Different Machine Learning Models on Simulated A Dataset

Source: Own Elaboration
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In two instances, the data suggests that the DeepSurv model fared the best, with a Cindex of 0.84512 in the
first test. This implies that the model’s estimated probability of the event happening are well calibrated and
that the model can distinguish between patients who will experience the event and those who will not, as well

as the time at which the event occurs.

DeepSuw MTLR RandForest SuwSVM
Madel

04 l
Cox

Figure 2: Results from Different Machine Learning Models on SimulatedB Dataset

Cindex

Source: Own Elaboration
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Figure 3: Results from Different Machine Learning Models on NKI Breast Cancer Data Dataset

Source: Own Elaboration
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Table 2: Code for the Main Survival Machine Learning Models

Algorithm R code

LTRCART.obj <- LTRCART(Surv(time, End, status) ~ karno + age + trt,
Survival Tree data=data.train_tree) LTRCIT.obj <- LTRCIT(Surv(time, End, status) ~ karno
+ age + trt, data=data.train_tree)

MTLR Model mtlr(Surv(time, status)~., data = data.train, nintervals = 9)
xgboost(data, label = output_vector, max.depth =4, eta =1, nthread = 2,
XGBoost N s g
nrounds = 10,0bjective = “binary:logistic”)
Random Forest rfsrc(Surv(time, status) ~ ., data.train)
) survivalsvm(Surv(time, status) ~ ., data = data.train, type = “regression”,
Survival Kernel SVM

gamma.mu = 1, opt.meth = “quadprog”, kernel = “lin_kernel”)

deepsurv(data = data.train, frac = 0.3, activation = “relu”, num_nodes = c(4L,
DeepSurv Model 8L, 4L, 2L), dropout = 0.5, early_stopping = TRUE, batch_size = 32L, epochs
=100L)

deephit(data = data.train, frac = 0.3, activation = “relu”, num_nodes = c(4L,
DeepHit Model 8L, 4L, 2L), dropout = 0.1, early_stopping = TRUE, epochs = 100L, batch_size
=32L)

Source: Own Elaboration

All of the other models, including Cox, MTLR, Random Forest, and Kernel SVM, performed well, but not
as well as DeepSurv. The discrepancies in performance may be attributable to a number of variables, such as
changes in the model’s architecture, the kind of loss function used, or the hyperparameters selected for
training.

When we adjust the proportion of suppressed data, something occurs. We have observed that the absolute
and relative performance of models with identical attributes (with the same hyperparameters) is distinct. It is
obvious what occurs when two datasets have identical characteristics, with the sole difference being the
proportion of suppressed data.

In the cases of Simulated A and SimulatedB, the relative performance of the DeepSurv algorithm has reduced
significantly, as previously mentioned. Consistent with what was provided in the preceding part, we may
infer that the amount of censored data had an effect on this method.

Itis important to mention at this time that the standard parameters listed in Table 2 were utilized to create
each of the models. In future research, it would be useful to go more into the analyses that specific model
hyperparameter adjustments may yield.

4. Conclusion

In conclusion, despite the fact that machine learning algorithms have made significant strides in addressing
some of the inadequacies of traditional survival analysis methods, there is still potential for improvement. All
machine learning models have weaknesses like overfitting, interpretability, data quantity and quality, and
temporal effects in variables. Although ensemble machine learning solutions have been developed to overcome
these shortcomings, hyperparameter sensitivity persists in the most complex models.

In addition, since access to longitudinal or supplementary data is limited, many hypotheses cannot be
tested retroactively, which poses a challenge to the validity of the results. Nevertheless, by modifying parameters
as they gain knowledge from new data, machine learning algorithms provide enormous productivity gains.

To solve these limitations, future research should focus on developing more robust machine learning
algorithms that can handle massive volumes of data while retaining their accuracy over time, as well as
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improving access to complementary and longitudinal data. Additionally, the issue of interpretability must be
addressed to ensure that domain experts can comprehend and validate models.

Overall, machine learning algorithms are a crucial tool for survival analysis because they give excellent
prediction abilities and enable researchers to uncover patterns and insights in large, complex datasets. With
continuing investment in research and development, the capacity of machine learning for survival analysis
will increase, boosting our understanding of disease and enhancing patient outcomes.

In order to advance the field of machine learning in survival analysis, there are a number of critical future
steps that academics must investigate. A crucial step is to test different models with simulated data in order to
assess their resistance to data quality, including repeatability of prediction results and hyperparameter
sensitivity. By comparing the expected performance of multiple models, researchers may determine which
algorithms are most effective for certain use situations.

An additional important next step is to research approaches for addressing the inadequacies of the current
machine learning algorithms in survival analysis, such as overfitting, interpretability, and the temporal effect
of variables. By addressing these problems, researchers will be able to develop more reliable and precise
models that may be used to make treatment decisions.

Finally, it is essential to enhance the interpretability of certain algorithms so that domain experts can
comprehend and assess them. This will allow clinicians and physicians to make better decisions and improve
patient outcomes.
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