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Introduction

In oncology, cancer relapse, tumour progression or death
are often used to measure treatment effect (Figure 1). The
principles of survival analysis aim to model the time to the
event of interest (Jenkins 2005). Al has advanced survival
analysis by adapting traditional machine learning (ML) al-
gorithms (Wang, Li, and Reddy 2019), which are now key
in personalized medicine and improving patient care (Quazi
2022). Typically, ensemble-based approaches have extended
survival analysis, overcoming traditional model assumptions
with methods like random survival forests (RSF) (Ishwaran
et al. 2008), gradient boosted survival trees (Hothorn et al.
2006), or optimal survival trees (Bertsimas et al. 2022).
While these tree-based approaches have demonstrated great
performance in various settings (Grinsztajn, Oyallon, and
Varoquaux 2022; Yabaci and Sigirli 2022; Penny-Dimri
et al. 2023), they are considered as black-boxes, i.e. we do
not have direct access to models’ internal reasoning.

Interpretability methods for common classification and
regression tasks are broadly adopted (Molnar 2020), but
they lag for survival models (Langbein et al. 2024). Improv-
ing interpretability in a survival framework is essential to
meet healthcare regulatory requirements, troubleshoot sur-
vival models and maintain the integrity of medical decision-
making. To answer this need, this work presents several con-
tributions around tree-based methods and interpretability in
survival analysis:

* We examine the assessment of Al algorithms by health
regulators and identify key technical requirements for
their interpretability and explainability (Farah et al.
2023);

* We develop an extension of the random survival forests
algorithm to handle occurrences of multiple events with
a model-agnostic interpretability method (Murris et al.
2024);

* We underline the need for model-specific interpretability
methods for survival ML algorithm.

Background
Regulatory need for interpretability in healthcare.
Clinicians are increasingly sensitive to the integration of Al
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Figure 1: Patient data collected for survival analysis includes
the event of interest, the time, and relevant features (e.g.,
demographics and comorbidities).

tools into their daily routines, and they need to trust the de-
cisions made by algorithms (LaRosa and Danks 2018). If
the reasoning behind these decisions is opaque, it can lead
to skepticism and reluctance to adopt the technology. Be-
sides, regulatory oversight is provided by health technology
assessment (HTA) bodies, which carry a broader responsi-
bility towards all healthcare stakeholders. ! Developing HTA
standards in interpretability for Al-based MDs could also
streamline market and patient access across countries (Singh
2022). For instance, the FDA emphasizes the importance of
“understanding of a model’s intended integration into clini-
cal workflow (interpretability and explicability)” (US. FDA,
Health Canada and MHRA 2021). However, despite the rec-
ognized importance of these criteria, a standardized method-
ology for their measurement is still missing.

Survival analysis and patient outcomes. Survival anal-
ysis refers to the analysis of time-to-event data and is par-
ticularly appropriate when the time between exposure (e.g.
diagnosis or start of treatment) and the event is clinically
relevant. Censoring is defined in cases when the event of in-
terest has not occurred for some patients by the end of the
study or before they are lost to follow-up (Figure 1). For
this reason, survival analysis requires specific tools to han-
dle censored data for time-to-event endpoints for the robust
estimations of the associated survival probabilities. The core

"HTA is a multidisciplinary process which refers to the sys-
tematic evaluation of properties, effects, and/or impacts of health
technology (Organization et al. 2011).



task is to estimate for each patient two functions over time.
First, the survival function is the probability of not having
experienced the event by time ¢: S(t) = P(T > t), with
S(0) =1 and lim;_, o, S(¢) = 0. Then, the hazard function
is the probability of presenting the event of interest in a small

time interval around ¢: A\(¢) = limas—o w

Various ML algorithms now have their survival counterparts
and are effectively employed to answer medical questions
(Wang, Li, and Reddy 2019). The RSF algorithm from (Ish-
waran et al. 2008) embodies a powerful ensemble learning
technique and has been extended to model several phenom-
ena, such as competing risks, or longitudinal data (Ishwaran

et al. 2014; Devaux et al. 2023).

Accomplished work

Interpretability for survival analysis. First, we needed
to better understand the concepts of interpretability and ex-
plainability of AI/ML algorithms in healthcare. To this end,
we systematically reviewed all evaluation criteria used by
health authorities worldwide for the assessment of Al-based
MDs in (Farah et al. 2023). This study resulted in providing
existing tools and methods to elucidate how and why algo-
rithms work to hold stakeholders more accountable for deci-
sions made. We have also drawn recommendations based on
the level of risk of the algorithm under assessment. We be-
lieve we contributed to raising awareness of these concepts
for their widespread adoption in response to ethical issues.

Second, we reviewed the current state of interpretability
methods in survival framework. We carried out a compre-
hensive illustration of three common survival ML models,
with up-to-date interpretability methods such as SurvSHAP
(Krzyziniski et al. 2023) and SurvLIME (Kovalev, Utkin, and
Kasimov 2020). We are now finalising this project using dif-
ferent open source datasets in order to draw up guidance and
assessment of how each interpretability method works, and
provide recommendations.

A tree-based approach to capture multiple clinical
events. In medical research, patients may face recurrent
disease relapses, frequent hospitalizations, or repeated surg-
eries. However, existing extensions of RSF focused solely on
the first occurrence of a given event (Murris et al. 2023). As
part of the PhD work, we developed a new RSF algorithm to
handle multiple clinical events introduced in (Murris et al.
2024). To better suit the context of oncology studies, we
have also incorporated the ability to handle the presence of a
fatal terminal event. The flexibility of our approach has been
demonstrated in various simulated scenarios, including the
processing of missing and high-dimensional data, attesting
to the robustness and adaptability of the algorithm. A prac-
tical demonstration on open-source data was carried out to
show both the impact on real data and the optimisation of the
hyperparameters. We are currently finalising a clinical study
using our extended RSF to better understand multiple hospi-
tal readmissions after cancer surgery in all French healthcare
facilities. By taking all events occurences into account, our
approach is tailored as closely as possible to patient follow-
up, enabling more precise clinical predictions.

We also introduced a new performance metric based on
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the concordance index (Harrell et al. 1984) to account for
all event occurences for each individual. The C-index from
(Murris et al. 2024) is given by:

n n
D1 =1 Lrisry X Lpsp,
n n
D1 2ot Leysry

where r; and 7; are the observed and predicted event rates,
respectively. This metric is unbiased (Uno et al. 2011) and is
one of the firsts to account multiple events, alongside (Kim,
Schaubel, and McCullough 2018; Bouaziz 2024). For inter-
pretability purpose, we have included permutation feature
importances as a model-agnostic method in our extension of
RSF based on the above C-index.

While this RSF extension enables strong performance
gain when dealing with multiple events survival data, this
approach can be seen as a black-box in the same way as
other common ensemble methods. This paves the way to-
wards our planned next steps described in the next section.
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Next steps

Tree-based ML algorithms for classification or regression
benefit from model-specific interpretability methods. Tree-
SHAP (Lundberg, Erion, and Lee 2018) is an extended
algorithm to compute SHAP (SHapley Additive exPlana-
tion) specifically designed for tree-based models and re-
duces the computational cost of explanations (Lundberg and
Lee 2017). SHAP computation associated with an instance ¢
is based on a path-dependent feature perturbation algorithm
(consistently detailed in (Lundberg, Erion, and Lee 2018)).
Basically, for each leaf and each feature ¢ on the path to this
leaf, the following are calculated:

» The proportion of subsets S at the leaf that contain ¢ and
the proportion of subsets S that do not contain ;

* For each cardinality, the proportion of the sets of that car-
dinality contained at the leaf.

The SHAP contribution of feature 4 is then computed as

Z Z w(|Pl, )
j=1PeS; M

! < 1P|
where S; is the set of present feature subsets at leaf j, Mj is
the length of the path and w(|P|, ) is the proportion of all
subsets of cardinality P at leaf j, p’’ and p®7 represent the
fractions of subsets that contain or do not contain feature ¢
respectively, and v; is the value of the leaf with index j, i.e.
the model output.

The time dependent nature of TreeSHAP can be accom-
modated by incorporating explanations that are computed
and evaluated on the survival function (which is the prob-
ability of each individual experiencing a clinical event). The
SurvSHAP algorithm by (Krzyziriski et al. 2023) extended
SHAP for any functional output of a (machine learning) sur-
vival model and generates explanations for all time points.

This way, combining both TreeSHAP and SurvSHAP
would lead to a model-specific interpretability method for
tree-based survival models (like our RSF previously intro-
duced) and open broader possibilities for interpretability in
survival machine learning.

) (phd —ptiyu;  (2)
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