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Abstract
Survival analysis is a statistical framework for
modeling time-to-event data. It plays a pivotal
role in medicine, reliability engineering, and so-
cial science research, where understanding event
dynamics even with few data samples is critical.
Recent advancements in machine learning, par-
ticularly those employing neural networks and
decision trees, have introduced sophisticated al-
gorithms for survival modeling. However, many
of these methods rely on restrictive assumptions
about the underlying event-time distribution, such
as proportional hazard, time discretization, or
accelerated failure time. In this study, we pro-
pose FPBoost, a survival model that combines a
weighted sum of fully parametric hazard functions
with gradient boosting. Distribution parameters
are estimated with decision trees trained by maxi-
mizing the full survival likelihood. We show how
FPBoost is a universal approximator of hazard
functions, offering full event-time modeling flexi-
bility while maintaining interpretability through
the use of well-established parametric distribu-
tions. We evaluate concordance and calibration
of FPBoost across multiple benchmark datasets,
showcasing its robustness and versatility as a new
tool for survival estimation.

1. Introduction
Survival analysis is a field of statistics that plays a central
role in data analysis for healthcare, providing the ability
to estimate the timing and associated uncertainty of clini-
cal events. This capability is essential to help physicians
make informed safety-critical decisions based on data. Be-
yond healthcare, survival analysis has found applications
in various fields, such as predicting equipment failures in
industry or forecasting customer churn in relationship man-
agement. This widespread adoption underscores the im-
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portance of temporal risk estimation in various real-world
scenarios (Wang et al., 2019).

The primary objective of survival models is to construct a
time-dependent function S(t|x) conditioned on a set of fea-
tures x, such as clinical indicators for hospitalized patients,
known as the survival function. This function represents the
probability that an event of interest has not occurred by time
t, expressed as

S(t|x) = P (T > t|x).

In practical applications, the event of interest can take sev-
eral forms. In the healthcare context, for example, it can
denote patient mortality, disease recurrence, or hospital dis-
charge. As another example, in customer relationship man-
agement it might represent a client’s initial purchase (Klein
et al., 2003).

In order to model the survival function, traditional meth-
ods often rely on simplifying assumptions, such as the risk
proportion between different subjects being constant over
time (Cox, 1972). These assumptions allow the construction
of survival functions from a small set of parameters that can
be estimated with statistical methods. While suited for con-
texts with limited data, these simplifying assumptions con-
strain generalization in real-world scenarios (Katzman et al.,
2018). Machine learning techniques have allowed to ad-
vance these models by incorporating decision trees and neu-
ral networks, significantly enhancing their ability to identify
and learn non-linear interactions within high-dimensional
features. However, most of these techniques still operate un-
der certain constraints, such as time discretization in neural-
based approaches (Kvamme & Borgan, 2021) or accelerated
failure time in tree-based gradient boosting (Collett, 2023).

In this context, we introduce Fully Parametric Gradient
Boosting (FPBoost), a novel architecture designed to model
hazard functions through the composition of multiple fully
parametric hazard functions. Hazard functions are related to
survival functions as they measure the instantaneous risk of
a subject experiencing the event of interest. FPBoost com-
bines the strengths of tree-based ensemble learning with
gradient boosting (Friedman, 2001; Collett, 2023), offer-
ing a flexible model with robust generalization capabilities
and minimal assumptions. Modeling hazard as a weighted
sum of multiple, fully-parametric functions, referred to as
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heads, allows FPBoost to be trained by maximizing the full
survival likelihood (Wang et al., 2019). This, in turn, re-
moves the need for simplified assumptions such as partial
likelihood (Cox, 1972; Katzman et al., 2018) or discrete
losses (Kvamme & Borgan, 2021). Additionally, the con-
tinuous nature of the learned survival functions ensures a
fine-grained estimation of the event distribution, without
requiring interpolation techniques (Archetti et al., 2023b;
2024). We theoretically show how this framework makes
FPBoost a universal approximator of hazard functions, al-
lowing it to learn in principle any target hazard, provided
enough heads. Lastly, gradient-boosted trees applied to
tabular data—the most common data format in survival
applications—has proven to be still competitive against neu-
ral network techniques (Grinsztajn et al., 2022), as high-
lighted by our empirical results.

We evaluate FPBoost in the right-censored, single-event
setting, which is the most common application of survival
analysis. The performance of FPBoost is benchmarked
against state-of-the-art survival models, including both tree-
based and neural network-based models (Chen et al., 2024).
Performance metrics include the concordance index (Uno
et al., 2011) to measure the discrimination capabilities of
the model and the integrated Brier score (Graf et al., 1999),
tailored for calibration. Our experiments demonstrate that
FPBoost outperforms alternative models in both discrimi-
nation and calibration in the majority of cases and matches
their performance when it does not.

In summary, this study provides the following contributions:

• A detailed description of the FPBoost model, motivat-
ing the choices behind the composition of its hazard
function, and detailing the training procedure based on
gradient boosting.

• A theoretical analysis on the approximation capabilities
of FPBoost showing that it can model, in principle, any
target hazard function, provided enough heads.

• An extensive empirical analysis providing evidence of
our approach’s efficacy across a diverse set of datasets
and baseline models. The experimental procedure is
designed to accommodate the intrinsic variability of
survival datasets with low cardinality, providing an
accurate estimation of the true generalization perfor-
mance of each model under consideration.

• An open-source Python implementation of FPBoost
fully compatible with the scikit-survival li-
brary (Pölsterl, 2020). This way, the FPBoost algo-
rithm can be directly used as a drop-in replacement in
existing pipelines.

2. Background and Related Work
Survival analysis is a field of statistics that focuses on mod-
eling the probability of an event of interest occurring over
time for a population. The primary objective of survival
models is thus estimating a survival function S(t|x), which
measures the probability of surviving, i.e., not experiencing
the event up to time t as

S(t|x) = P (T > t|x).

Here, T is the time-to-event random variable and x ∈ Rd a
d-dimensional vector encoding the subject’s features.

The survival function exhibits several key properties. It is
monotonically non-increasing, starts at 1 for t = 0, and
asymptotically approaches 0 as t tends to infinity indicating
that, given an infinite time frame, all subjects will ultimately
experience the event of interest (Klein et al., 2003).

A core aspect of survival analysis is the ability to handle
censored data. Censoring occurs when subjects do not ex-
perience the event of interest within the study period. For
these individuals, we can only ascertain that they survived
up to a certain time point, but their true event time remains
unknown. Consequently, a survival dataset comprises set of
N triplets (xi, δi, ti), where:

• xi is the feature vector for subject i.

• δi is a binary indicator of whether the subject experi-
enced the event during the study (1) or was censored
(0).

• ti is the observed time, corresponding to either the
event time or the censoring time.

This framework is commonly referred to as right-censored,
single-event survival analysis and will be the focus of this
work.

2.1. Non-Parametric Models

Survival models can be categorized into three groups: non-
parametric, semi-parametric, and fully parametric (Wang
et al., 2019). The group of non-parametric models com-
prises statistical estimators that provide information about
data without any prior assumption on the event distribution.
Non-parametric models rely on some notion of similarity
between groups of individuals to improve the prediciton
complexity. The most common non-parametric model is
the Kaplan–Meier (KM) estimator (Kaplan & Meier, 1958),
which is often used to plot the general survival behavior of a
population. In fact, the KM estimator is not conditioned on
the subjects’ features as it is tailored to provide aggregate
information about the overall event distribution within the
data. Another popular non-parametric model is the Random
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Survival Forest (Ishwaran et al., 2008), which builds a set of
decision trees with the CART (Breiman et al., 1984) method
by maximizing the event distribution difference between
nodes according to repeated log-rank tests (Bland & Alt-
man, 2004). Each leaf contains a non-parametric estimation
of the subjects corresponding assigned to that specific ter-
minal node. The final prediction is obtained by averaging
the predictions of the trees in the forest.

Finally, BoXHED (Wang et al., 2020; Lee et al., 2021;
Pakbin et al., 2025) is a nonparametric boosting method
for hazard estimation specifically designed to handle time-
dependent covariates. Like FPBoost, BoXHED employs
gradient boosting to minimize the survival likelihood, but ex-
tends beyond static covariates to accommodate time-varying
covariate processes. The key difference lies in how the gra-
dient is computed: BoXHED derives its gradient through a
smooth convex representation of the likelihood function to
accommodate time-varying trajectories, whereas FPBoost
leverages the explicit parametric forms of its hazard func-
tions, which promotes interpretable risk components corre-
sponding to known distributions.

2.2. Semi-Parametric Models

Semi-parametric models are crucial tools for survival analy-
sis, providing the ability to build survival estimations from
a combination of non-parametric and parametric techniques.
These models focus on predicting the hazard function, a
quantity related to the survival function, which measures
the instantaneous risk for subjects that have survived up to
time t:

h(t|x) = lim
∆t→0

P (t ≤ T < t+∆t|T ≥ t,x)

∆t
.

Differently from the survival function, which is constrained
between 0 and 1, the hazard function can take values greater
than 1. Additionaly, the survival function is related to the
hazard function as

S(t|x) = exp(−H(t|x)) = exp

−
t∫

0

h(u|x)du

 (1)

where H(t|x) is the cumulative hazard function, defined
as the integral of the hazard function from 0 to t. For this
reason, the cumulative hazard diverges for t → ∞ to allow
the survival function to asymptotically approach 0 (Wang
et al., 2019).

The Cox model (Cox, 1972) is a prominent semi-parametric
model and serves as a primary baseline for machine learning-
based survival analysis. This model relies on two key as-
sumptions: (i) linear dependency between features and risk
of experiencing an event (ii) the ratio between hazard func-
tions of different subjects is constant over time. This lat-
ter is often referred to as proportional hazard assumption.

While potentially limiting when the model is applied to large
datasets, these assumptions provide a strong bias, enabling
effective generalization even with limited data samples. In
particular, the Cox model defines the hazard function as the
product of a baseline hazard, h0(t), and the exponential of
a subject-dependent risk factor r(x):

h(t|x) = h0(t) · exp(r(x)) = h0(t) · exp(βTx),

where h0(t) is a non-parametric hazard estimation common
to all samples, such as the Breslow estimator (Breslow,
1974). The parameters β are trained using the partial log-
likelihood loss:

L = − 1

N

N∑
i=1

βTxi − log
∑

j:tj≥ti

exp(βTxj).

Several extensions of the Cox model have been proposed,
all relying on the proportional hazard assumption and
partial log-likelihood optimization. Among those, Cox-
Boost (Ridgeway, 1999) and XGBoost (Chen & Guestrin,
2016) optimize the loss using gradient-boosted decision
trees to estimate r(x). On the other hand, DeepSurv (Katz-
man et al., 2018) replaces the linear dependency between
parameters and features with a single-output neural net-
works.

2.3. Fully Parametric Models

Fully parametric survival models estimate the entire survival
function using a set of parameters. Historically, these mod-
els assumed that the event occurrence followed a particular
probability distribution, such as Weibull, LogNormal, or
LogLogistic with parameters Θ. Given this assumption, for
right-censored single-event survival data, the distribution
parameters can be estimated by maximizing the survival
likelihood as

Θ̂ = argmax
Θ

N∏
i=1

h(ti|Θ)δiS(ti|Θ). (2)

Building upon standard fully parametric distributions, Deep
Survival Machines (DSM) (Nagpal et al., 2021) propose a
parameter estimation neural network to construct a mixture
of predefined probability distributions. The final survival
function is then computed as a weighted sum of these dis-
tributions. DSM is trained using a combination of ELBO
losses and a regularization prior loss in a Bayesian frame-
work.

Other popular models do not rely on predefined statistical
distributions to construct survival estimations, but leverage
neural networks to estimate the event probability directly at
a fixed set of time intervals (Kvamme et al., 2019; Kvamme
& Borgan, 2021). These neural networks have a single out-
put per time bin, representing the event probability for that
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interval. One such model is DeepHit (Lee et al., 2018), a
discrete-time survival model consisting of a shared feature
extractor followed by event-specific sub-networks estimat-
ing the probabilities for each event. While these discrete-
time models have shown promising practical results, they
struggle with fine-grained or long-term prediction horizons
due to their fixed-time nature. To address this limitation,
some studies have proposed interpolation techniques be-
tween time points (Kvamme & Borgan, 2021; Archetti et al.,
2024).

3. Fully Parametric Gradient Boosting
FPBoost is a novel survival algorithm based on the weighted
sum of fully parametric hazard functions. Parameter esti-
mation is carried out via gradient boosting, optimizing the
negative log-likelihood loss function.

3.1. Hazard Function Definition

In FPBoost, the hazard function is composed of J heads,
each corresponding to a parametric distribution. This work
includes heads following either the Weibull or LogLogistic
distributions but, in principle, any hazard distribution differ-
entiable with respect to its parameters can be included as
a head. Table 1 collects the formulation of the considered
distributions. This choice comes primarily from the fact
that Weibull distributions are suited to model constant and
increasing risks, while LogLogistic ones provide decreasing
and arc-shaped risk profiles. Typically, the former is associ-
ated to survival behaviors such as aging and wear, while the
latter relates to infant mortality. When combined, the result-
ing risk can assume a bathtub shape, covering a wide range
of real-world behaviors (Klein et al., 2003; Nagpal et al.,
2021). This approach provides an advantage from both a
learning and interpretation perspective, as each sample is
associated with a set of well-known distribution functions,
where each parameter has a clear interpretation. In partic-
ular, for both the considered distributions, the η parameter
controls the scale (or spread) while the k parameter changes
the curve shape by modifying the slope or adding a bump.

Figure 1 depicts an example of a 4-headed FPBoost archi-
tecture with heads 1 and 2 following a Weibull distribution
and heads 3 and 4 a LogLogistic distribution. The distri-
bution parameters are estimated from the input features x
using a set of regression trees. Additionally, another set of
trees estimates a weight wj for each head. Thus, the hazard
function of FPBoost is defined as

h(t|Θ) =

J∑
j=1

wjhj(t|ηj , kj)

where wj are the learned head weights and ηj , kj are the
parameter estimations from the regression trees for the j-th

Table 1. Analytical expression of the hazard and cumulative haz-
ard of the Weibull and LogLogistic distributions. Both of these
distributions depend on two parameters, a scale parameter η and a
shape parameter k.

DISTRIBUTION HAZARD CUMULATIVE HAZARD

WEIBULL ηktk−1 ηtk

LOGLOGISTIC ηktk−1/(1+ηtk) log(1 + ηtk)

head. To improve readability, we define Θ as the vector
containing all the distribution parameters ηj , kj and head
weighting factors wj for each of the J heads.

To guarantee the validity of the Weibull and LogLogistic
hazard formulations, the scale and shape parameters ηj , kj
must be nonnegative. To enforce this constraint, we apply
a ReLU activation function (Nair & Hinton, 2010) to these
parameters, ensuring that any negative estimates are set to
zero.

Similarly, the weighting parameters wj are processed by
an activation function ϕ(·) before hazard computation. The
choice of activation function significantly influences model
interpretability and generalizability. In particular, functions
that yield nonnegative values, such as ReLU, sigmoid, and
softmax, promote interpretability, as they quantify the con-
tribution of each hazard component with a positive weight.
This approach allows for meaningful insights into the rel-
ative contributions of Weibull and LogLogistic heads in
hazard estimation. For instance, a predominance of Weibull-
based hazards could indicate a higher susceptibility to aging-
related failures, whereas a stronger presence of LogLogistic
hazards might suggest risks associated with early failure or
infant mortality.

The use of activation functions ϕ(·) that allow for negative
weights, despite making interpretation less straightforward,
enables a a broader modeling capacity, as demonstrated by
the following result:

Theorem 3.1. Let H denote the space of hazard functions,
that is, continuous nonnegative real functions h(t) for which∫∞
0

h(t) dt = ∞. For any h⋆ ∈ H, any ε > 0, and any in-
terval [0, T ], there exists a finite collection of J Weibull haz-
ard functions hW

j (t), with parameters ηj , kj , and weights
wj , such that

sup
t∈[0,T ]

∣∣∣∣h⋆(t) −
J∑

j=1

wj h
W
j (t)

∣∣∣∣ < ε.

The proof, detailed in Appendix A.1, is a direct consequence
of the Weierstrass Approximation Theorem, after showing
that a single Weibull head is equivalent to a monomial of
arbitrary degree. This underpins the capability of FPBoost
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Figure 1. FPBoost architecture example with four heads. A set of trees estimates two distribution parameters, ηj and kj , for each of four
heads starting from the input features. Heads 1 (blue) and 2 (green) follow Weibull distributions, while heads 3 (orange) and 4 (yellow)
follow LogLogistic distributions. An additional set of trees (gray) estimates a weight for each head. These heads are combined to form
a single hazard function and its corresponding cumulative hazard function. New trees are built by fitting the gradient of the negative
log-likelihood and ElasticNet (purple).

to approximate any target hazard function with sufficient
heads. It is important to note that while only Weibull haz-
ards are required for this theoretical result, incorporating
LogLogistic hazards often enhances model performance and
makes optimization easier in practical applications.

On a final technical note, allowing negative weights means
the final hazard function could potentially be negative for
some values of t. Although this does not compromise the
theoretical result, the FPBoost implementation prevents this
issue by clipping the final hazard value to be above zero.

3.2. Loss Function and Training Procedure

Since the FPBoost hazard is differentiable with respect to
the distribution parameters and weights, the estimators can
be trained by minimizing the full negative log-likelihood
loss function, which derives from equations 1 and 2, without
the need of simplifying assumptions:

Llik = − 1

N

N∑
i=1

δi log(h(ti|Θi))−H(ti|Θi).

In order to prevent overfitting, we add to Llik an ElasticNet
regularization term (Zou & Hastie, 2005) as

Lreg = α
(
γ ∥Θ∥1 + (1− γ) ∥Θ∥22

)

where α ≥ 0 weighs the regularization contribution to the
final loss and γ ∈ [0, 1] controls the ratio between the L1
and L2 penalties.

Training is performed using a standard gradient boosting
algorithm. Specifically, for each parameter from Θ, being
it a scale, shape, or weight, an empty list of trees is initial-
ized. Then, at iteration m, each of these lists is populated
by a new tree τ

(m)
j (x) fitted on the negative gradient of the

loss function, called pseudo-residual. Parameter estimation
occurs by summing the estimations of all trees belonging
to each list, weighted by a learning rate λ > 0 (Friedman,
2001). This way, each iteration produces a set of trees which
contribute to loss minimization and consequently to parame-
ter refinement, in a standard gradient boosting fashion. The
pseudocode of FPBoost is provided in Algorithm 1.

4. Experiments
This section covers the experimental setup to evaluate the
performance of FPBoost alongside the set of baseline sur-
vival models.

4.1. Datasets

To ensure fair evaluation and consistency with similar stud-
ies, we selected datasets from well-known benchmarks
in survival analysis, covering different conditions like
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Algorithm 1 FPBoost Training

Require: Training data {(xi, δi, ti)}Ni=1, number of heads J , dis-
tribution types for each head (Weibull or LogLogistic), number
of iterations M , learning rate λ, regularization parameters α
and γ, weight activation function ϕ(·)

1: Initialize 3J parameter models with random values:{
F

(0)
ηj (x), F

(0)
kj

(x), F
(0)
wj (x)

}J

j=1

2: for m = 0 to M − 1 do
3: for j = 1 to J do
4: ηj = ReLU

(
F

(m)
ηj (x)

)
5: kj = ReLU

(
F

(m)
kj

(x)
)

6: wj = ϕ
(
F

(m)
wj (x)

)
7: end for
8: Collect parameters as Θ = {ηj , kj , wj}Jj=1

9: Llik = − 1
N

∑N
i=1

[
δi log

(
h(ti | Θi)

)
−H(ti | Θi)

]
10: Lreg = α

(
γ∥Θ∥1 + (1− γ)∥Θ∥22

)
11: L = Llik + Lreg

12: for each parameter model F (m)
·j (x) do

13: Compute pseudo-residuals r·j = − ∂L
(
x,δ,t,Θ

)
∂F

(m)
·j (x)

14: Fit a regression tree τ
(m)
·j to r·j

15: Update the parameter model:
F

(m+1)
·j (x) = F

(m)
·j (x) + λ τ

(m)
·j (x)

16: end for
17: end for
18: Return parameter models

{
F

(M)
ηj , F

(M)
kj

, F
(M)
wj

}J

j=1

breast cancer, lung cancer, AIDS, and cardiovascular dis-
eases. Specifically, the AIDS (Hosmer et al., 2008), Breast
Cancer (Desmedt et al., 2007), FLCHAIN (Dispenzieri
et al., 2012), GBSG2 (Schumacher et al., 1994) and Veter-
ans (Kalbfleisch & Prentice, 2011) datasets are provided by
the scikit-survival (Pölsterl, 2020) Python library.
The METABRIC (Katzman et al., 2018) and WHAS (Hos-
mer et al., 2008) datasets, instead, are available in the Deep-
Surv repository (Katzman et al., 2018) with a predefined test
set. Lastly, SUPPORT2 (Knaus et al., 1995) is provided by
SurvSet (Drysdale, 2022). Details on data collection and
content overview are provided in Appendix A.2. Table 2
collects the summary statistics of these datasets.

4.2. Metrics

We evaluated survival models using the concordance in-
dex (C-Index) and the integrated Brier score (IBS). The
C-Index (Uno et al., 2011) measures the predictive accuracy
of survival models by evaluating the proportion of concor-
dant pairs relative to all comparable pairs within a dataset.
A pair of subjects i and j is considered comparable if, given
ti < tj , then δi = 1. A pair of comparable subjects is
concordant when the predicted mean time aligns with the
actual event times.

The Brier score (Graf et al., 1999) assesses the calibration of

Table 2. Summary statistics of the survival datasets involved in the
experiments.

DATASET SAMPLES CENSORING FEATURES

AIDS 1151 91.66% 11
BREAST CANCER 198 74.24% 80
FLCHAIN 7874 72.45% 9
GBSG2 686 56.41% 8
METABRIC 1904 42.07% 9
SUPPORT2 9105 31.89% 35
VETERANS 137 6.57% 6
WHAS 1638 57.88% 6

probability estimates over time by computing the weighted
squared difference between the binary survival indicator of
a subject and the predicted survival probability. The Brier
score at time t is defined as:

BS(t) =
1

N

N∑
i=1

wi(t)(1(ti > t)− S(t|xi))
2,

where 1(·) is an indicator function and wi(t) is a weighting
factor that adjusts the censoring bias. This adjustment is the
Inverse Probability of Censoring Weighting (IPCW) (Robins
& Rotnitzky, 1992; Uno et al., 2011), which assigns weights
based on the inverse probability of censoring at a given time
t. The overall calibration of a survival model over time is
summarized by integrating the Brier score across the entire
study period, yielding the Integrated Brier Score (IBS).

4.3. Experimental Procedure

Each dataset is split into a training and test set, with the
latter accounting for 20% of the total samples. For datasets
coming from the DeepSurv repository, we employ the pro-
vided train-test split while for the others we apply a seeded
stratified split on the censoring variable. To ensure a robust
evaluation, each experiment is run 30 times with different
seeds and all subsequent measurements are averaged over all
executions. During each of these executions, the training set
is further divided into training and validation, to allow for
hyperparameter tuning and early stopping. Before training,
standard normalization and one-hot encoding are applied to
numerical and categorical features, respectively.

In order to validate FPBoost, we compared its perfor-
mance against several baseline models. For these mod-
els, we employ default parameters provided by imple-
mentations in Python libraries. Specifically, we uti-
lize scikit-survival for RSF, Cox, and CoxBoost,
pycox (Kvamme et al., 2019) for DeepSurv and Deep-
Hit, xgboost (Chen et al., 2022) for XGBoost, and
auton-survival (Nagpal et al., 2022) for DSM. Fol-
lowing (Katzman et al., 2018), neural network architectures
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for DeepSurv, DeepHit, and DSM comprise three layers
with neuron counts of 3, 5, and 3 times the number of fea-
tures, respectively.

For FPBoost, we conduct a hyperparameter search for each
dataset, selecting the model with the highest mean C-Index.
The search, performed using random search, explores a
space including the number of Weibull heads ({0, . . . , 32}),
the number of LogLogistic heads ({0, . . . , 32}), the num-
ber of gradient-boosted trees per parameter ({1, . . . , 512}),
the maximum tree depth ({1, . . . , 6}), the weights activa-
tion functions (ReLU, sigmoid, softmax, hyperbolic tangent,
or identity), the boosting learning rate ([0.01, 1]), the and
ElasticNet loss parameters (α ∈ [0, 1] and γ ∈ [0, 1]). To
prevent fully parametric distributions to be affected by dif-
ferent time scales, we normalized the time values for each
dataset between 0 and 1. The best hyperparameters for each
dataset are provided in Appendix A.3.

The source code for these experiments is available
at https://github.com/archettialberto/
fpboost. The FPBoost class implementation is fully
compatible with scikit-survival, facilitating its
inclusion into existing codebases.

5. Results
This section presents and analyzes the empirical evaluation
of FPBoost against classical and state-of-the-art survival
models described in Section 2, specifically RSF, Cox, Cox-
Boost, DeepSurv, DSM, and DeepHit. Tables 3 and 4 report
the performance of each model according to the C-Index and
IBS metrics, respectively. Additional results and metric sum-
maries across model types are provided in Appendix A.4.
For improved readability, all results and metric reports are
scaled up by a factor of 100.

The C-Index results in Table 3 demonstrate FPBoost’s com-
petitive performance across all datasets, outperforming other
models in all cases except for AIDS and Veteran datasets,
where it is marginally surpassed by RSF and DeepSurv.
Averaging across all the datasets, FPBoost improves the
C-Index against the baseline score by 4.6 points. Since, by
definition, a random guessing model has a C-Index of 50
and the C-Index metric is evaluated in a [50, 100] range,
the performance gain of FPBoost on said metric approxi-
mately corresponds to a 9% improvement. When compared
specifically to semi-parametric models (Cox, CoxBoost, and
DeepSurv), FPBoost’s average improvement is 4.1, high-
lighting the potential limitations of the proportional hazard
assumption in capturing complex data patterns. However,
the performance gap in favor of FPBoost becomes more
pronounced when compared to neural network-based mod-
els (DeepSurv, DSM, and DeepHit), showing an average
improvement of 5.5. This suggests that neural networks,

despite their capacity to learn complex non-linear patterns,
may require more sophisticated tuning to prevent overfitting
and ensure strong generalization. In such cases, simplify-
ing assumptions can be beneficial in introducing bias, as
suggested by DeepSurv surpassing both DeepHit and DSM.
Notably, the average improvement of FPBoost over RSF
is smaller at 1.5, indicating that non-parametric algorithms
with minimal assumptions may be better suited for tree-
based learners compared to neural networks.

Table 4 demonstrates the calibration performance of FP-
Boost according to the IBS metric, corroborating the trends
analyzed on C-Index. Here, FPBoost always ranks first or
second, with the exception of the AIDS dataset. Averaging
across all datasets, the improvement in IBS of FPBoost is
2.8. Since, by definition, a random guessing model has an
IBS of 25 and the IBS metric is evaluated in a [0, 25] range,
the raw score improvement translates to an approximate
11% improvement. We opted for excluding XGBoost from
these calculations, given its outlier performance with respect
to the alternatives. Consistently with the C-Index results,
the IBS improvement relative to proportional hazard models
is 1.7, increasing to 4.5 for neural network-based models,
while the difference with tree-based models is smaller at
0.7. These findings are in line with C-Index, indicating that
model performance on survival concordance is reflected also
on probability calibration.

In summary, these empirical results showcase the competi-
tive performance of FPBoost against various classical and
state-of-the-art models, both tree-based and neural network-
based. Performance improvements are evident in terms of
both concordance and calibration with respect to neural al-
ternatives. These findings suggest that tree-based nature of
FPBoost, combined with direct optimization of the survival
likelihood, represents a promising approach for developing
more complex, competitive, and adaptable survival models.

5.1. Discussion and Future Work

While the idea of leveraging a mixture of parametric func-
tions (Nagpal et al., 2021) has been previously explored in
the survival literature, as well as ensemble learning (Ish-
waran et al., 2008; Archetti et al., 2023a), FPBoost intro-
duces several innovations.

Firstly, the weighted sum is applied directly to the hazard
function, unlike previous works that applied it to the survival
function. The advantage of this formulation is twofold. On
the one hand, summation on Weibull hazards guarantees
universal approximation, provided enough heads. On the
other hand, a direct comparison with DSM suggests that
learning parameters directly in hazard-space rather than
explicitly weighting survival distributions can be beneficial
for a more effective training.
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Table 3. Test C-Index (↑) and 95% confidence interval for each model and dataset, averaged across 30 seeded splits (same test, different
train and validation sets). To enhance readability, all values are scaled by a factor of 100. Best results are highlighted in bold, while the
second best are underlined.

MODEL AIDS BREAST FLCHAIN GBSG2 METABRIC SUPPORT2 VETERANS WHAS

COX 77.8± 1.9 63.4± 1.9 93.7± 0.0 69.3± 0.3 63.2± 0.1 82.7± 0.0 75.6± 1.0 81.7± 0.1
COXBOOST 76.1± 0.9 60.0± 2.6 93.7± 0.0 68.9± 0.6 63.2± 0.2 83.4± 0.0 72.1± 1.9 85.1± 0.1
XGBOOST 53.2± 1.5 57.1± 2.7 88.9± 0.1 63.4± 0.9 61.4± 0.5 56.4± 0.7 70.9± 1.5 83.4± 0.3
RSF 80.1± 0.8 58.5± 1.6 93.7± 0.0 68.6± 0.4 61.6± 0.2 84.2± 0.1 75.8± 1.0 85.8± 0.1
DEEPSURV 70.7± 3.0 64.9± 1.7 93.6± 0.0 69.5± 0.4 63.4± 0.2 82.6± 0.1 76.7± 1.0 83.7± 0.1
DEEPHIT 78.4± 0.9 64.6± 2.4 93.5± 0.0 65.5± 1.0 61.7± 0.3 82.2± 0.1 72.0± 1.4 82.6± 0.2
DSM 76.8± 1.0 66.2± 0.8 50.0± 0.0 49.9± 0.3 61.3± 0.1 83.6± 0.3 65.4± 0.2 69.7± 0.6

FPBOOST 78.1± 0.7 66.6± 3.2 93.8± 0.0 69.7± 0.4 64.0± 0.1 84.3± 0.4 74.8± 1.3 89.0± 0.3

Table 4. Test IBS (↓) and 95% confidence interval for each model and dataset, averaged across 30 seeded splits (same test, different train
and validation sets). To enhance readability, all values are scaled by a factor of 100. Best results are highlighted in bold, while the second
best are underlined.

MODEL AIDS BREAST FLCHAIN GBSG2 METABRIC SUPPORT2 VETERANS WHAS

COX 5.8± 0.0 22.2± 1.2 4.6± 0.0 17.7± 0.1 19.9± 0.0 13.2± 0.0 13.4± 0.2 14.0± 0.0
COXBOOST 6.2± 0.1 19.8± 0.9 4.7± 0.0 17.3± 0.2 20.9± 0.1 12.6± 0.0 14.7± 0.7 11.9± 0.1
XGBOOST 8.5± 0.2 22.8± 0.9 12.1± 0.1 26.9± 0.7 24.3± 0.4 60.6± 0.6 47.4± 1.7 18.7± 0.4
RSF 5.8± 0.0 18.0± 0.3 4.7± 0.0 17.7± 0.2 21.0± 0.1 12.3± 0.0 12.7± 0.2 8.5± 0.1
DEEPSURV 6.2± 0.1 26.4± 1.1 4.7± 0.0 17.5± 0.1 20.4± 0.1 14.6± 0.1 14.4± 0.2 12.2± 0.1
DEEPHIT 5.8± 0.0 23.9± 1.3 6.3± 0.1 21.4± 0.1 22.7± 0.1 14.7± 0.1 29.4± 0.9 17.2± 0.1
DSM 6.2± 0.0 17.8± 0.0 13.9± 0.0 21.6± 0.0 23.7± 0.0 19.4± 0.3 23.0± 0.1 20.5± 0.0

FPBOOST 6.0± 0.0 17.1± 0.9 4.7± 0.0 17.1± 0.2 19.8± 0.0 12.5± 0.1 12.8± 0.3 8.4± 0.3

Secondly, FPBoost directly maximizes the survival likeli-
hood, without relying on simplified custom loss functions
such as the partial likelihood of proportional models or dis-
crete loss functions of neural-network-based models. This
is possible due to the assumption that the global hazard
function is a composition of differentiable parametric haz-
ard functions. This aspect, combined with the tree-based
nature of the algorithm, contributed the most to the empir-
ical results obtained. In fact, ensembles of decision tree
have been historically extremely effective in dealing with
tabular data so far, even against neural networks and deep
learning (Grinsztajn et al., 2022).

Future work could explore the theoretical bounds and prac-
tical limits of the approximation capabilities of FPBoost,
building upon the results presented in this study to improve
its mathematical grounding. Another aspect worth inves-
tigating is the application of FPBoost to competing risks
scenarios, for example by delegating separate sets of heads
to different events of interest, as in DeepHit. On top of that,
investigating model performance on larger, more diverse and
multimodal datasets beyond the healthcare context could
further validate its practical utility. Finally, its inclusion in
federated learning scenarios can be beneficial for applica-
tions where data scarcity and privacy hinder the results and
applicability of existing models.

6. Conclusion
In this study, we introduced FPBoost, a model for survival
analysis that leverages a weighted sum of parametric hazard
functions optimized through gradient boosting. Our ap-
proach addresses several limitations of existing models by
avoiding restrictive assumptions such as proportional haz-
ards, accelerated failure time, or discrete time estimations.
On top that, FPBoost is proven to be a universal approxima-
tor of hazard functions, guaranteeing maximum modeling
flexibility. The extensive evaluation of FPBoost across di-
verse datasets demonstrated its competitive concordance
and calibration performance compared to classical and state-
of-the-art survival models, including both tree-based and
neural network-based approaches. These results highlight
the potential of combining parametric hazard functions with
ensemble learning techniques in survival analysis, alongside
direct optimization of the survival likelihood.

Impact Statement
FPBoost has the potential to significantly improve survival
estimates, outperforming current methods and offering im-
proved reliability. This advancement can help physicians
make more informed decisions by providing robust insights
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that complement clinical expertise. Its application supports
better risk assessment, a cornerstone of data-driven medicine
that enables early intervention, personalized treatment and
optimal resource allocation to improve patient outcomes and
healthcare efficiency. We emphasize, however, that statisti-
cal models should not replace expert judgment, but rather
serve as complementary tools that reinforce a data-driven
yet ethically responsible approach to risk assessment.
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A. Appendix
A.1. Proofs

Theorem A.1. Let H denote the space of hazard functions,
that is, continuous nonnegative real functions h(t) for which∫∞
0

h(t) dt = ∞. For any h⋆ ∈ H, any ε > 0, and any in-
terval [0, T ], there exists a finite collection of J Weibull haz-
ard functions hW

j (t), with parameters ηj , kj , and weights
wj , such that

sup
t∈[0,T ]

∣∣∣∣h⋆(t) −
J∑

j=1

wj h
W
j (t)

∣∣∣∣ < ε.

Proof. Let C[0, T ] be the set of continuous real functions in
the interval [0, T ] and HT the set of functions in H restricted
to the interval [0, T ]. By construction, HT ⊂ C[0, T ]. By
the Weierstrass Approximation Theorem (Jeffreys, 1988),
for any ε > 0 and any function f ∈ C[0, T ], there exists a
polynomial

P (t) =

N∑
n=0

an t
n,

such that
sup

t∈[0,T ]

∣∣f(t)− P (t)
∣∣ < ε.

Hence, we reduce the problem of approximating h⋆ uni-
formly on [0, T ] to approximating the polynomial P . To do
this, recall that a Weibull hazard function with parameters
η, k is given by

hW (t) = η k tk−1.

For integer n = k − 1 ≥ 0, η > 0, and b = η (n+ 1), this
becomes

hW (t) = b tn,

which is a monomial in t of degree n with constant multi-
plicative factor b. Given the polynomial P (t), consider a
weighted sum of N Weibull hazards. By choosing weights
wn = an/bn to match the coefficients of P (t), we have

N∑
n=0

wn h
W
n (t) = P (t).

Thus, by the Weierstrass argument,

sup
t∈[0,T ]

∣∣∣∣ f(t)− N∑
n=0

wn h
W
n (t)

∣∣∣∣ < ε.

Since this bound holds for any function f ∈ C[0, T ] and
HT ⊂ C[0, T ], then the bound holds also for any h⋆ ∈
HT .

A.2. Dataset Details

The AIDS (Hosmer et al., 2008) dataset originates from a
trial comparing three-drug and two-drug regimens in HIV-
infected patients. The primary event of interest was the time
to an AIDS-defining event or death. The high censoring
percentage resulted from the trial being terminated early
after reaching a predefined level of statistical significance.

The Breast Cancer (Desmedt et al., 2007) dataset is derived
from a study aimed at validating a 76-gene prognostic signa-
ture for predicting distant metastases breast cancer patients.
The study includes gene expression profiling of frozen sam-
ples from 198 patients.

The FLCHAIN (Dispenzieri et al., 2012) dataset originates
from a study examining the relationship between serum free
light chains and mortality in a general population cohort. It
includes data from 7874 subjects. The primary endpoint is
death, which occurred in 2169 subjects (27.5%).

The German Breast Cancer Study Group (GBSG2) (Schu-
macher et al., 1994) dataset targets breast cancer recurrence
post-treatment, evaluating hormone therapy’s impact on re-
currence. Collected from a randomized study in Germany, it
includes covariates like age, menopausal status, tumor size,
and node status.

The Molecular Taxonomy of Breast Cancer International
Consortium (METABRIC) (Katzman et al., 2018) aims to
understand breast cancer through molecular taxonomy to
develop personalized treatments based on tumor genetic
profiles. The dataset encompasses a mix of clinical features
and genomic data, with a patient cohort from Canada and
UK.

The Study to Understand Prognoses Preferences Outcomes
and Risks of Treatment (SUPPORT2) (Knaus et al., 1995)
focuses on critically ill hospitalized patients, conducted in
two phases between 1989 and 1997. It covers administrative
and clinical follow-up for six months post-inclusion in the
study. The version of this dataset used in the experiments
includes 35 features.

The Veteran Administration Lung Cancer Trial (Veter-
ans) (Kalbfleisch & Prentice, 2011) dataset focuses on lung
cancer patients treated with two different chemotherapy reg-
imens. This dataset is frequently used in simple survival
benchmarks due to its small sample size.

The Worcester Heart Attack Study (WHAS) (Hosmer et al.,
2008) deals with cardiovascular health, tracking 1638 pa-
tients post-myocardial infarction from 1997 to 2001. It
includes biometric parameters and temporal features like
hospital stay length and follow-up dates.

Figure 2 shows the Kaplan–Meier estimations on survival
probability and censoring probability for the datasets in-
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Figure 2. Kaplan–Meier estimations (blue) on survival probability and censoring probability (orange) for the datasets included in the
study.

Table 5. Hyperparameter configuration used in FPBoost across datasets.

PARAMETER AIDS BREAST FLCHAIN GBSG2 METABRIC SUPPORT2 VETERANS WHAS

ESTIMATORS 16 32 32 16 32 16 64 128
WEIBULL 32 1 64 4 1 4 1 16
LOGLOGISTIC 4 0 1 8 1 8 4 1
MAX DEPTH 1 1 3 1 1 3 1 6
λ 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
α 0.5 0.01 0.1 0.01 0.0 0.1 0.0 0.0
γ 0.0 0.25 0.0 0.0 – 0.0 – –
ϕ(·) RELU RELU RELU RELU RELU RELU RELU RELU
INITIALIZATION RANDOM RANDOM RANDOM RANDOM RANDOM RANDOM RANDOM KM
PATIENCE – – – – – – – 16

cluded in the study.

A.3. Hyperparameter Tuning

The implementation of FPBoost allows to tune the following
hyperparameters:

• ESTIMATORS: Maximum number of gradient-boosted
trees per estimated parameter. Search values are in the
interval {1, . . . , 512}.

• WEIBULL: Number of Weibull heads to include in the
architecture. Search values are in {0, . . . , 32}.

• LOGLOGISTIC: Number of Weibull heads to include
in the architecture. Search values are in {0, . . . , 32}.

• MAX DEPTH: Maximum decision tree depth, ac-
cording to the regression tree implementation from
scikit-learn. Search values are {1, 3, 6}.

• λ: Learning rate for the gradient boosting algorithm
weighting the contribution of each tree. Search valued
are in [0.01, 1].

• α: Scaling factor for the ElasticNet loss. Search values
are in [0, . . . , 1].

• γ: Ratio between L1 and L2 penalties in ElasticNet.
Search values are in [0, . . . , 1].

• ϕ(·): Activation function to apply to the estimated head
weights wj . Allowed functions are ReLU, softmax,
sigmoid, hyperbolic tangent, and identity.

• INITIALIZATION: How to initialize parameter esti-
mators F (0)

·j . If RANDOM, parameters are initialized
as η ∼ N (0.5, 1), k ∼ N (0, 2), w ∼ N (0, 1). If
KM, instead, parameter initialization is based on the
Kaplan–Meier estimator. Specifically, a Weibull and
a LogLogistic distribution are fitted to the KM esti-
mator, obtaining η̄, k̄ for both distributions. Then,
head parameters are initialized as η ∼ N (η̄, η̄/10)
and k ∼ N

(
k̄, k̄/10

)
. In the KM case, weights are

initialized uniformly.

• PATIENCE: Used to stop training before the execu-
tion of M iterations if the validation C-Index does not
increase for PATIENCE rounds.
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Table 6. Test C-TD (↑) and 95% confidence interval for each model and dataset, averaged across 30 seeded splits (same test, different
train and validation sets). To enhance readability, all values are scaled by a factor of 100. Best results are highlighted in bold, while the
second best are underlined.

MODEL AIDS BREAST FLCHAIN GBSG2 METABRIC SUPPORT2 VETERANS WHAS

COX 77.7± 1.9 63.3± 2.0 94.1± 0.0 66.5± 0.3 66.0± 0.1 81.4± 0.0 74.2± 1.1 81.6± 0.1
COXBOOST 76.3± 0.9 60.3± 2.3 94.1± 0.0 67.8± 0.7 62.2± 0.4 82.3± 0.0 70.8± 1.9 85.0± 0.1
XGBOOST 52.9± 1.5 57.7± 2.8 89.6± 0.1 61.6± 1.1 58.7± 0.6 56.0± 0.7 69.6± 1.6 84.2± 0.3
RSF 80.7± 0.8 58.3± 1.6 94.1± 0.0 67.2± 0.5 61.3± 0.4 82.9± 0.1 75.0± 1.0 87.3± 0.1
DEEPSURV 70.8± 2.9 65.8± 1.5 94.0± 0.0 67.4± 0.5 65.4± 0.4 81.3± 0.1 75.3± 1.0 83.7± 0.1
DEEPHIT 78.3± 0.9 65.7± 2.4 93.9± 0.0 63.3± 1.0 65.6± 0.3 81.1± 0.1 70.5± 1.4 82.4± 0.2
DSM 77.3± 1.0 68.5± 0.8 50.0± 0.0 51.8± 0.2 61.6± 0.2 82.4± 0.3 64.8± 0.2 70.1± 0.6

FPBOOST 78.5± 0.7 67.3± 3.2 94.1± 0.0 69.1± 0.5 65.6± 0.2 83.0± 0.4 73.2± 1.4 90.3± 0.3

Table 7. Test AUC (↑) and 95% confidence interval for each model and dataset, averaged across 30 seeded splits (same test, different train
and validation sets). To enhance readability, all values are scaled by a factor of 100. Best results are highlighted in bold, while the second
best are underlined.

MODEL AIDS BREAST FLCHAIN GBSG2 METABRIC SUPPORT2 VETERANS WHAS

COX 78.9± 2.0 63.0± 2.1 95.4± 0.0 77.8± 0.3 69.0± 0.1 91.0± 0.0 86.3± 1.1 84.8± 0.1
COXBOOST 76.4± 1.1 60.3± 2.6 95.5± 0.0 76.8± 0.7 65.3± 0.6 91.8± 0.0 81.8± 2.0 88.2± 0.1
XGBOOST 55.8± 2.1 58.1± 3.0 91.4± 0.1 67.2± 1.3 64.9± 0.8 56.6± 0.8 80.8± 1.7 87.3± 0.4
RSF 72.8± 1.6 61.2± 2.2 95.7± 0.0 76.6± 0.5 67.9± 0.3 91.9± 0.0 82.9± 0.8 92.1± 0.1
DEEPSURV 70.9± 3.2 63.8± 2.2 95.5± 0.0 77.7± 0.4 68.3± 0.3 90.6± 0.1 87.6± 1.0 86.7± 0.1
DEEPHIT 78.4± 1.1 58.9± 2.6 95.5± 0.1 65.9± 1.8 67.4± 0.4 38.0± 0.3 48.0± 4.6 72.1± 0.4
DSM 75.4± 1.3 62.8± 0.8 50.0± 0.0 48.6± 0.5 66.8± 0.1 90.8± 0.1 77.4± 0.1 71.5± 0.4

FPBOOST 77.1± 0.9 62.9± 3.8 95.8± 0.0 77.9± 0.4 71.4± 0.3 91.8± 0.0 86.1± 1.0 92.8± 0.3

Table 5 collects the best hyperparameters selected for each
dataset. Hyperparameters have been optimized on the valida-
tion score with random search allowing 1024 maximum tri-
als per dataset. The experiments ran on a machine equipped
with an Intel(R) Xeon(R) Gold 6238R CPU @ 2.20GHz
with 256GB of RAM running Ubuntu 20.04.6 LTS.

A.4. Additional Results

A.4.1. RESULTS ON C-TD AND AUC

This section provides additional results on Time-Dependent
Concordance index (C-TD) and AUC (Pölsterl, 2020).
Specifically, the C-TD computes a concordance index
weighting the contribution of each sample with the inverse
censoring probability (IPCW) (Robins & Rotnitzky, 1992;
Uno et al., 2011) following the same procedure as the IBS
metrics. This reduces the bias in the concordance measure
introduced by skewed censoring occurrences. Table 6 col-
lects the experiment results on the C-TD metrics.

Similarly to concordance, the cumulative area under the
receiver operating characteristic curve (AUC) evaluates the
ability to distinguish between subjects who experience an
event by a specific time t and those who do not. For a given

risk score estimation ri, the AUC at time t is defined as:

AUC(t) =

∑
i,j wi · 1(tj > t ∧ ti ≤ t) · 1(rj ≤ ri)

(
∑

i 1(ti > t))(
∑

i wi · 1(ti ≤ t))
.

Here, 1 is the indicator function, ti denotes the observed
time for subject i, and wi represents the IPCW. Integrating
this metric over time results in a measure of discriminative
performance in the presence of censored data. Table 6
collects the experiment results on the AUC metrics.

Finally, Table 8 reports the metrics averaged over all
datasets, resulting in an aggregated view of the overall
model performance on a diverse set of benchmarks.

We opted not to include these additional results in the main
analysis as they largely align with the trends observed in
the C-index and IBS, which are the most common metrics
in survival model assessment, making them somewhat re-
dundant. However, they offer further evidence of FPBoost’s
consistency across different evaluation criteria, reinforcing
the practical reliability its predictions.

A.4.2. THE IMPACT OF MODEL TYPE

While the adoption of FPBoost is generally beneficial in
terms of survival metrics, the entity of improvement depends
on the type of benchmark considered. As discussed in the

14



Table 8. Average metrics and 95% confidence interval across all datasets. To enhance readability, all values are scaled by a factor of 100.
Best results are highlighted in bold, while the second best are underlined.

MODEL C-INDEX IBS C-TD AUC

COX 75.9± 1.3 13.9± 0.8 75.6± 1.3 80.8± 1.4
COXBOOST 75.3± 1.4 13.5± 0.7 74.9± 1.5 79.5± 1.5
XGBOOST 66.9± 1.6 27.6± 2.1 66.3± 1.7 70.3± 1.8
RSF 76.0± 1.5 12.6± 0.7 75.8± 1.5 80.1± 1.5
DEEPSURV 75.6± 1.3 14.6± 0.9 75.5± 1.3 80.1± 1.5
DEEPHIT 75.1± 1.4 17.7± 1.0 75.1± 1.3 65.5± 2.2
DSM 65.4± 1.4 18.3± 0.7 65.8± 1.4 67.9± 1.7

FPBOOST 77.5± 1.4 12.3± 0.7 77.6± 1.3 82.0± 1.5

Table 9. Summary of survival model type (non-parametric, semi-
parametric, and fully parametric) and estimation type (linear, tree-
based, or neural network-based) for each model included in the
experiments.

MODEL TYPE ESTIMATOR

COX SEMI-PARAMETRIC LINEAR
COXBOOST SEMI-PARAMETRIC TREE
XGBOOST SEMI-PARAMETRIC TREE
RSF NON-PARAMETRIC TREE
DEEPSURV SEMI-PARAMETRIC NEURAL
DEEPHIT FULLY PARAMETRIC NEURAL
DSM FULLY PARAMETRIC NEURAL

FPBOOST FULLY PARAMETRIC TREE

results from Section 5, the improvement is more noticeable
when considering survival models based on neural networks,
and shrinks significantly for non-parametric models. Here
we report the aggregated comparison over two dimensions,
survival model type and estimator type.

As stated in Section 2, survival models can be categorized
into three types, non-parametric (RSF), semi-parametric
(Cox, CoxBoost, XGBoost, DeepSurv), and fully paramet-
ric (DeepHit, DSM). Similarly, survival estimations from
subject features can have a linear (Cox) or non-linear de-
pendency, as a result of decision trees (CoxBoost, XGBoost,
RSF) and neural networks (DeepSurv, DeepHit, DSM).

Table 9 summarizes the survival and estimation type of each
model considered in this study. Additionally, Tables 10,
11, 12, and 13 provide the aggregated view of FPBoost
improvements with respect to the baselines.

Table 10. C-Index average improvement (↑) of FPBoost with re-
spect to existing models across all datasets.

C-INDEX LINEAR TREE NEURAL ALL

NON-PARAMETRIC – +1.5 – +1.5
SEMI-PARAMETRIC +1.6 +6.4 +1.9 +4.1
FULLY PARAMETRIC – – +7.3 +7.3

ALL +1.6 +4.8 +5.5 +4.6

Table 11. IBS average improvement (↓) of FPBoost with respect
to existing models across all datasets. XGB is excluded from the
evaluation, given its outlier performance.

IBS LINEAR TREE NEURAL ALL

NON-PARAMETRIC – −0.3 – −0.3
SEMI-PARAMETRIC −1.5 −1.2 −2.3 −1.7
FULLY PARAMETRIC – – −5.6 −5.6

ALL −1.5 −0.7 −4.5 −2.8

Table 12. C-TD average improvement (↑) of FPBoost with respect
to existing models across all datasets.

C-TD LINEAR TREE NEURAL ALL

NON-PARAMETRIC – +1.8 – +1.8
SEMI-PARAMETRIC +2.0 +7.1 +2.2 +4.6
FULLY PARAMETRIC – – +7.2 +7.2

ALL +2.0 +5.3 +5.5 +4.9

Table 13. AUC average improvement (↑) of FPBoost with respect
to existing models across all datasets.

AUC LINEAR TREE NEURAL ALL

NON-PARAMETRIC – +1.8 – +1.8
SEMI-PARAMETRIC +1.2 +7.1 +1.8 +4.3
FULLY PARAMETRIC – – +15.3 +15.3

ALL +1.2 +5.3 +10.8 +7.1
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