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ABSTRACT

In the era of advanced machine learning, the need to explain models has grown
significantly. One particular domain, survival analysis, has benefited from the rise
of deep learning but has lagged behind in the development of methods for ex-
plaining risk and survival models. Only a few works have adapted explainable
Al methods, such as LIME and SHAP, to survival analysis. Despite these ef-
forts, explaining survival models remains challenging given the complex nature
of the data used for survival predictions and the presence of censoring. In this
work, we propose a local feature identification method that inherently operates on
the instance ordering induced by event and censoring times. It enables faithful,
per-sample feature importance by identifying which reconstructed input features
preserve consistency in predicted survival risk across a double-pass through the
variational autoencoder. Empirical results on the large high-dimensional multi-
cohort dataset from The Cancer Genome Atlas demonstrate superior quantitative
performance of our method. Qualitatively, analysis of mask weights highlights
the biological relevance of the feature selection process. This information can be
used to identify new diagnostic markers and treatment targets for cancer patients.

1 INTRODUCTION

The first thing cancer patients want to know once they receive the diagnosis is their prognosis, which
is referred to as survival in the context of clinical data analysis. This important metric is used to de-
cide treatment for individual patients, but can also serve as a tool of prioritization when assigning
funds to research on new treatments (Royle et al., 2023). In recent decades, it has become clear that
cancer is an extremely heterogeneous disease that requires personalized approaches not only for di-
agnosis and, therefore, survival prognosis, but also for treatment (Hu et al.,[2017} [Tsimberidou et al.,
2020). Sequencing of the patient’s DNA or RNA helps to understand the underlying characteristics
of each individual tumor (Passaro et al.|[2024; |[Fayyaz et al.,[2024). Gene expression data, which are
high-dimensional, can be compared between patients and is therefore a rich source of information to
predict survival (Giampietri et al., 2022). Survival analysis plays a central role in modeling survival
behavior by linking covariates (features) to time-to-event outcomes.

However, censoring poses a challenge for survival modeling; it occurs when a patient drops out or
the clinical study ends before the event occurs, leaving the survival time only partially observed.
Discarding all censored instances prior to learning leads to information loss, especially when cen-
sored samples are dominant. Therefore, survival analysis methods incorporate censored data in the
estimation of survival and hazard functions. A widely accepted formulation is the Cox Proportional
Hazards (CPH) model (Cox}|1972)), which assumes proportional hazards and avoids fully parametric
estimation of the hazard curves.

With the increasing success of deep learning, DeepSurv (Katzman et al., 2018) demonstrates how
to design a training objective for deep neural networks that respects the Proportional Hazards (PH)
assumption. At the same time, the field of eXplainable AI (XAI) has emerged to interpret the predic-
tions of complex models. At the intersection of survival analysis and XAl, notable approaches have
been proposed, such as SurvLIME (Kovalev et al., | 2020) and SurvSHAP (Krzyzinski et al., 2023)),
to imitate LIME (Ribeiro et al., 2016) and SHAP (Lundberg & Lee, [2017) on model estimates of
survival curves. Despite recent advances, most existing approaches apply general XAI methods to
the output of survival models, rather than tailoring the explanation process to the characteristics of
survival data.
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This work presents an attempt to fulfill a major unmet need: designing XAI methods that inherently
account for both complete (event) and incomplete (censored) observations when explaining indi-
vidual risk predictions through a local feature identification method. We devise Double-Pass Sur-
vival VAE (DP-SurVAE), which applies masking to reconstructed samples and introduces a novel
double-pass objective to ensure risk consistency. We demonstrate theoretically that risk consistency
is guaranteed through the double-pass objective. We apply our method to gene expression from RNA
(mRNA) and microRNA (miRNA) across a total of 37 disease cohorts from The Cancer Genome
Atlas (TCGA) dataset to predict survival for individual patients depending on the cancer type. We
show empirically that DP-SurVAE achieves superior quantitative performance compared to other
methods. Furthermore, the XAI component allows us to identify features relevant for the predic-
tions by providing faithful feature importance. For gene expression, the results confirm that our
method selects key genes relevant to cancer risk prediction, supported by the extensive annotation
available for mRNA.

2 RELATED WORK: INTERPRETABLE SURVIVAL ANALYSIS

Local Interpretable Model-agnostic Explanations (LIME) is a prominent XAI method that aims to
explain a black-box model’s prediction by fitting an interpretable local model around the instance
to be explained. |[Lundberg & Lee apply the Shapley value concept from game theory (Kuhn &
Tucker, |1953) to estimate the contribution of each feature to an individual model prediction. In their
framework, SHAP unifies several additive feature attribution methods, computing Shapley values
as marginal contributions based on conditional expectations of the model output. Both LIME and
SHAP have been applied and adapted to explain model predictions in survival analysis settings. For
example, LIME is utilized by Kasim et al.|(2024) to interpret predictions of in-hospital mortality
among STEMI patients. Additionally, Moncada-Torres et al.|(2021) argue that the disadvantage of
advanced models being black boxes—despite outperforming CPH models by capturing nonlineari-
ties and complex interactions—can be mitigated by equipping these models with explanations from
SHAP, thereby enhancing their interpretability. SurvLIME adapts LIME on survival data by approx-
imating the survival function using the CPH model locally at the sample to be explained. Similar
to LIME, CPH is considered a locally interpretable model due to its log-linear nature. SurvLIME’s
objective minimizes the distance between the survival function, fitted using the cumulative CPH,
and the model’s prediction. SurvSHAP extends SHAP to create a time-dependent attribution expla-
nation for each feature; it tries to explain the black-box survival model by computing the Shapley
values based on the change in expected survival when conditioning on the studied features. Unlike
proportional hazards, the survival function depends on time, which emphasizes the importance of
time-dependent explanations. CoxXNAM (Xu & Guo, 2023 maximizes the partial likelihood of the
Cox proportional hazards (CPH) model, where the uni-log-risk functions are parameterized using
Neural Additive Models (NAMs) (Agarwal et al.l [2021). In CoxNAM, a dedicated subnetwork is
learned for each feature, estimating a one-dimensional shape function. See Appendix [A]for further
details on the use of machine learning for survival analysis.

Despite these advances, existing approaches mainly apply general XAI methods to survival models,
rather than tailoring the explanation process to the special characteristics of survival models, that
is, that data might be censored. This work presents an attempt to fulfill this major unmet need:
designing a local feature identification method that inherently accounts for both complete (event)
and incomplete (censored) observations when explaining individual risk predictions.

3 BACKGROUND: SURVIVAL ANALYSIS

Survival analysis is the field that models the relationship between instance-level features and the time
till the occurrence of a specific event. We use the term instance to refer to subjects such as humans,
animals, or mechanical systems. Each instance is represented as (x;, t;, ;), where @; € R4 is the
feature vector, ¢; is the time of event or censoring, and §; € {0, 1} indicates whether the event was
observed (1) or not (0) as in censoring. We focus in this work on right-censoring.

The time-to-event random variable 7' is typically described using three functions: (i) the probability
density function (PDF) f(¢), (ii) the survival function S(¢), and (iii) the hazard function A(t). These
are related mathematically, and each one determines the others.
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The PDF models the likelihood of an event occurring in an infinitesimal interval: f(t) =
lima¢—o P(t+§tt+m). The survival function gives the probability of surviving beyond time ¢:
St) = P(T' > t) = 1—F(t) = [ f(z)dx, where F(t) is the cumulative distribution
function. The hazard function models the event rate at time ¢ when surviving till t: A(t) =

P(t<T<t+AtT>t) f(®)
- At

lima¢—so = Sqy- We use the notation f(t;x), S(t;x), and A(t; x), where x

is the covariate vector (feature vector).

The CPH model assumes hazard proportionality between features, and a log-linear risk function:

d
Alt;z) = Ao(t) - A(x) = Ao(t) - exp (Z ﬂwz’) ; (1)

where Ao(t) is the baseline hazard and j; are learned coefficients (Leel [1992). The Cox model
is trained by maximizing the partial likelihood (PL), which considers the ordering of events and
includes only uncensored instances. Each event’s contribution is conditioned on its risk set—the
group of instances still under observation at the event time. The conditional probability for an event
occurring at time ¢, for instance (,, t,, d,) is given by

(S )
2w mseR(t,) P (imy Biwn)

where R(t,) = {(w;,t;,6;)) € D | t; > t,} is the risk set at time t,. For a dataset with m
uncensored events at distinct times, the partial likelihood is the product over all such instances:

PL(B) = I1o21 Lo(8).

Lo(B) 2

3.1 NOTATION FOR LOCAL EXPLANATIONS

Following the notation proposed in LIME (Ribeiro et al., [2016), let f : R — R be the trained
model to be explained. The explanation model g € G often acts in the domain of simplified samples
2’ € {0,1}%. Local explanation methods often try to enforce g(z') ~ f(hy(z')), where h, is the
mapping function that is specific to the sample x (Lundberg & Leel [2017). LIME tries to explain
the prediction f for an instance x by fitting a human-comprehensible function (e. g., linear model)
locally in the neighborhood of x. To this end, LIME searches for g that minimizes £(f, g, 7.) +
Q(g), where 7, is a distance measure, £ measures how faithful g approximates f near x, and 2(g)
is the complexity of g.

4 METHODOLOGY

The core of our method is to robustly encode and decode patient vectors using a Variational Auto
Encoder (VAE), followed by a masking operation applied to the reconstructed vectors via an at-
tention mechanism. Robustness is enforced by ensuring that the hazard estimated from sparsified
(masked) samples satisfies the same negative log-likelihood objective as the original, unmasked data.
This design enables a local feature identification method that provides faithful, per-sample feature
importance by revealing which input features most strongly influence survival risk predictions. Sim-
ply stated and in LIME’s terminology, we aim for f(g(z)) ~ f(z), that is, the explained samples
(masked and sparsified) should lead to the same survival ranking as the original samples; whereas
LIME aims for g(z') = f(h,(x')), that is, the explainer g should approximate the original model on
the reduced samples (see Section [3.1)). We refer to our method as Double-Pass Survival VAE (DP-
SurVAE). Its architecture and workflow are illustrated in Figure [l The first pass (solid red arrows)
encodes the input x into a latent representation 4, used for both reconstruction and risk predic-

tion. The second pass (dashed red arrows) propagates the masked reconstructed input & through the
encoder to compute a latent representation piz, which helps maintain ranking consistency between
original and reconstructed samples. To enforce correct survival risk orderings, DP-SurVAE intro-
duces two partial ranking-based losses: L for enforcing correct risk orderings between original
samples, and Lgpip for maintaining these orderings under reconstruction and masking. The model
is trained using the ELBO objective, reconstruction loss, mask sparsity regularization £pask, and the
two ranking losses. The method is described in more detail below, where © refers to the set of all
trainable parts and parameters of the proposed framework.
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Figure 1: DP-SurVAE architecture. The Double-Pass Survival VAE (DP-SurVAE) consists of an
encoder-decoder structure for variational inference, combined with a risk prediction head h ()
applied to the latent mean. It incorporates an attention module (right box) to learn sparse feature
masks guided by a quantile and sample-specific threshold.

4.1 VAE EMBEDDING

A VAE (Kingma et al.}[2013)) is a generative model that maps each input data point to a distribution
in a latent space. A decoder then maps samples from this latent distribution back to the input space.
The VAE consists of an encoder Ey4 and a decoder Dg, parameterized by 6 and ¢, respectively.
These components are trained jointly by maximizing the Evidence Lower Bound (ELBO):

Leto (w3 ©) = By, (212) [log pg (z]2)] — KL(gs(z]) [| p(2)),
where g4 (z|x) is the approximate posterior, modeled by the encoder; pg(x|z) is the likelihood of

the data given the latent variable, modeled by the decoder; p(z) is the prior distribution over latent
variables, typically (0, I'); and KL(+||-) is the Kullback-Leibler divergence.

The first term is the reconstruction loss, encouraging the decoder to accurately reconstruct the input
from the latent code. The second term is a regularization loss, ensuring that the learned posterior
q4(z|x) stays close to the prior p(z).

Typically, for the sample az, the encoder’s output models a Gaussian distribution in the latent
space Ey(x) = px,logag:, and the reparameterization trick is used to obtain the embedding
2z = Gauss(pg, o ) where z;, fz, 0 € R! with [ being the size of the latent space. Finally,
the VAE’s output, &, is reconstructed & = Dy(2;).

4.2 RISK PREDICTION

Following the latent embedding, we retain the PH assumption and use a linear layer to model the
log-risk function. Consequently, the time-independent component of the risk function in Eq. (I)
is modeled as a non-linear transformation r(x) = exp(h(u)), where p, denotes the mean of
the posterior distribution (used instead of a sampled latent vector z), and h is a learnable function,
typically a linear layer.

The function A is trained by minimizing the negative Log-Partial Likelihood (LPL) in Eq. (), which
encourages correct event-time ranking despite the presence of censoring. For an uncensored sample
(z,t,0), the likelihood is:

Lip(2;0) = h(uz) —log > exp(hlpa,)),
(,t5,05)€R()
where R(t) = {(x;,t;,0;) € D |t; >t} is the risk set.
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4.3 MASKING

To enable sample-specific feature selection, we apply an attention-based masking mechanism that
modulates the reconstructed output &.

Let Q € R*4 K e RETD*d and V' € R¥*4 denote the query, key, and value matrices, respec-
tively. Let M : R? — R denote the masking head, which produces a sample-specific mask. As
depicted in FigurdI] we compute the attention:
a, = softmax(q 0 k') v € RY,

where © is the Hadamard product. The mask is then generated from the attended features by apply-
ing a sigmoid activation to the masking head’s output: m = o (M (a)).
To promote sparsity, we sharpen the mask using a quantile-based, sample-specific threshold:

T = quantile(m, o), m' =c(B-(m—71))
where « € (0, 1] is the target sparsity level, and 5 > 1 is a sharpening factor. The final masked

reconstruction is obtained via element-wise multiplication: £ = m/’ ® &. To promote sparsity and
interpretability in the mask, we define a masking loss composed of three regularization terms: ¢
sparsity, entropy regularization, and a budget constraint:

Linask(x;0) = A1 - E[lm[] +X2 - E[Hy(m)]  +Xs- (E[m] - a)?, 3)
~—— ——— —_——
L1 sparsity Entropy regularization Budget penalty

where the binary entropy function is defined as Hy(p) = —plog(p +¢) — (1 — p)log(1 — p + €),
applied element-wise, and ¢ is a small stability constant.

4.4 DOUBLE-PASS RISK PREDICTION

After the masking step, the masked decoded output & is re-encoded through the encoder (a process
we refer to as double-passing), yielding a new log-risk prediction /(3 ). For an uncensored sample
(z,t,9), the Double-Pass Log-Partial Likelihood (DPLPL) takes the form

Lap(®:0) = hlpa) + i) —2log > (M=) 4 "2 o)
(x;,t5,0;)€ER
as derived in Appendix We additionally regularize the latent distributions induced by the en-
coder on the original and masked inputs, which is Ey () = (14, log 02) and Ey (z) = (u 4 log O'?c),
by minimizing the KL divergence. This promotes consistency in the latent space across the original
and double-passed inputs.

The need for the double-pass likelihood arises from the degradation of risk consistency caused by
the masking mechanism. This degradation is formally derived in Theorem I} which compares the
consistency of risk predictions when masking is active versus inactive.

Theorem 1 (Double-Pass Risk Consistency for Strong Masking). Assume the encoder Ey and the
risk head h are lg- and ly-Lipschitz, respectively. Let & = D(E(x)) be the VAE reconstruction,
and & the double-masked version (with mask sharpness 3 and sparsity o).

Case 1 (No masking). When masking is not applied (i.e., &= ), the risk difference is bounded by
a constant 8: |r(x) — r(&)| < 0.

Case 2 (With masking). When masking is applied (so & % &), the bound becomes a function of the

sparsity level o: |r(z) —r(&)| < (). However, this bound becomes looser with aggressive sparsi-
fication, degrading the consistency unless the model is explicitly trained to minimize this deviation.

The consistency of the risk is an enforced property of the model through training, not a result of
encoder and risk head continuity. Even under aggressive masking (e.g., « = 0.99), the model pre-
serves risk prediction fidelity via training, supporting robustness and interpretability of explanations.
The proof of Theorem|I|can be found in Appendix [B.2}

Maximizing Eq. equation A and aligning latent distributions achieve the objectives: (i) The ranking
between masked samples aligns with the ground-truth order of events, and the ranking after mask-
ing remains similar to that before. (ii) The encoder and masking mechanism produce consistent
embeddings that do not degrade the performance of the risk predictor.
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Table 1: C-index comparison on miRNA co- Table 2: C-index comparison on mRNA co-
horts; best value among the last five meth- horts; best value among the last four methods
ods (DP-SurVAE, SurvSHAP, SurvLIME, (DP-SurVAE, SurvLIME, SHAP, LIME) is high-
SHAP, LIME) is in boldface. Standard errors lighted in bold. Standard errors (2nd row),

(2nd row), ranks and one-sided Wilcoxon p- ranks and one-sided Wilcoxon p-values vs. DP-
values vs. DP-SurVAE (last rows). The SurVAE (last rows). The SurvVAE column
SurvVAE column reports the performance reports the performance prior to applying the
prior to applying the double-pass procedure. double-pass procedure.
. : =
“ 23| w2 &
T w § : E % = § m? > ﬁ % E
SR SHRe = = w3 El & £ 5 = -
g5 § & @ = & = Cancer | #* & n| A2 »n W -
25| T|& 2 & E £ Z |[BLCA | Oi1| 703| 702 631 651 .666
Cancer | ¥ &~ n|RS . @ oy - 261 01 02 .02 .02 .01
BLCA | 59.0| .665 | .661 .542 .537 .576 .534 | | BRCA 914 | 744 | 744 .637 .691 .664
52| .02 .03 .03 .03 .02 .04 263 | .03 .03 .03 .03 .03
BRCA | 559 .533 | .536 .510 .547 476 .481 CESC 654 | 714 | .686 .640 .675 .649
34 03| .03 .04 .04 05 .05 181 .03 .04 04 .03 .03
CESC 56.8 | 715 | .696 .565 .570 .633 552 || COAD | 686 | .661| .650 .591 .639 .615
59| .04 .04 .04 .04 .04 .04 183 .04| .03 .05 .04 .05
COAD | 60.8 | .609 | .613 .497 .533 .504 .552 | | ESCA 485 | .531| .519 517 517 .508
46| 03] 04 06 .05 .05 .05 157 .03 03 .04 04 04
ESCA | 61.2| .657 | .652 .530 .580 .573 .607 | | GBM 357 | .625| 579 .590 .629 .594
59| .02 .03 .03 .05 .03 .04 113 02| .04 .02 .03 .03
HNSC | 555 .579 | .579 .521 .516 .548 .529 | | HNSC 749 | 648 | .649 .602 .633 .625
59| 03| .03 .02 .02 .03 .03 214 02| .02 .02 .02 .02
KIRC 51.1 | 711 | .713 .533 517 .636 .543 | | KIRC 815| .691| .690 .577 .660 .628
57| .01} .01 .04 .04 .03 .03 260 .02 .02 .03 .03 .03
KIRP 51.0 | .769 | .763 .595 .620 .731 .691 KIRP 682 | 759 | 735 754 711 .698
49| 05| .04 .05 .08 .06 .06 161 .07 .08 .06 .07 .06
LGG 58.3 | .746 | .745 552 .612 .668 .613 | | LGG 901 | .824 | .825 .753 .823 .791
50| .01 .01 .06 .05 .04 .04 231 .03 .03 .03 .03 .03
LIHC 61.0 | .543 | .538 .486 .526 .552 .524 | | LIHC 865 | .587 | .598 .524 .603 .591
6.1 .03] .03 .05 .04 .04 .04 233 .02 .03 .03 .04 .05
LUAD | 509 | .600 | .593 .546 .521 .612 .587 | | LUAD 711 | 626 | .630 .568 .630 .631
771 .01 .02 .04 .04 .03 .03 241 03| .03 .04 .03 .03
LUSC | 58.7| .546 | .544 .527 476 .553 .526 | | LUSC 994 | 534 | .531 .541 .540 .543
721 03] .03 .03 .03 .03 .02 244 02| .02 .02 .02 .03
MESO | 714 | .637 | .573 .546 478 .605 .577 | | MESO | 349 | .713| .646 .618 .652 .621
42] 03] .05 .06 .04 .05 .06 74| 03] .04 .06 .05 .05
ov 56.8 | .554 | .535 512 .500 .519 482 || oV 669 | .614| .612 .527 .586 .565
10.| .03 .03 .02 .02 .02 .02 187 | .01 01 .02 .02 .02
PAAD | 61.8 | .571 | .567 .546 .502 .519 .549 | | PAAD 420 | 720 | .699 .541 .643 .641
741 05| 05 .05 .04 .06 .05 107 .02 .02 .05 .05 .03
SARC | 55.7| .609 | .621 .514 .477 .604 .563 | | SARC 643 | .690 | .681 .629 .652 .649
74| 04| .04 04 .04 04 .04 212 04| .03 .04 .03 .03
STAD | 53.4| .586 | .588 .532 .514 .523 .527 | | STAD 681 | .615| .608 .622 .582 .577
59| .02] .02 .03 .03 .03 .02 281 03| .03 .03 .03 .05
UCEC | 61.1 | .642 | .629 .533 .617 .505 .496 | | UCEC 867 | .581| .568 .538 .541 .529
40| 04| 03 .05 .07 .04 .04 240 .02 .02 .04 .06 .04
P-value 7e-37 1e-33 le-21 2e-31 | | P-value 8.5¢-29 1.4e-8 1.9e-19 2.8e-36
Rank 1.33 3.83 3.94 2.5 3.39 | [ Rank 1,63 3,42 2,05 2,89

4.5 FINAL OBJECTIVE

The method tries to find the trainable parts, ©, by minimizing the total loss L1, which leads to
maximizing the ELBO and the two partial likelihoods while minimizing the mask loss:

Lol = —Letvo — Lipt + Limask — Ldplpl-
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5 EMPIRICAL EVALUATION

5.1 USED DATASET

The data used in this work are mRNA and miRNA from cancer patients, generated by the TCGA
Research Networkm Detailed information on cancer types (also referred to as cohorts), the number
of patients and events (i. e., deaths) are listed in Table 3| and Table [ in the supplementary material.
Section [C] describes the adopted criteria for inclusion or exclusion of cohorts. Data acquisition and
processing are described in Appendices and [C.2] respectively.

5.2 PRACTICAL DETAILS

We follow the work of InfoVAE (Zhao et al.,[2019), where it is shown that the KL divergence often
leads to latent space collapse to the prior. Instead, they suggest replacing the KL divergence with
the Maximum Mean Discrepancy (MMD) (Gretton et al., [2000). As for the parametrizations, we
use [ = 20 for the latent space, and for the desired sparsity level « (0.99 for miRNA and 0.999 for
mRNA), 3 = 103, and \; = A3 = A3 = 1 for the weights of the mask regularization. In practice,
and for high-dimensional data, we do not use attention matrices for K, V', and M. Instead, we use a
low-rank (bottleneck) approximation followed by a nonlinearity and reconstruction. The bottleneck
size is 20.

5.3 BASELINES

We compare our method on both TCGA datasets (mMRNA and miRNA) against SurvLIME,
SurvSHAP, SHAP, and LIME. Since both SurvLIME and SurvSHAP operate as explainers for sur-
vival functions, and since our method estimates the proportional time-independent hazard function
A(x) in Eq. @), we apply SurvLIME and SurvSHAP to S(t;x) = e 7 ®®) where H(t;x) =
fg h(u; ) du is the cumulative hazard function and ¢ is taken from the interval covering the lifespan
of all patients. SHAP and LIME, on the other hand, are applied directly to the predicted risks.

5.4 RESULTS

For a fair comparison between DP-SurVAE and the other methods, we take the average maximum
number of activated features, K, found by DP-SurVAE and instruct each method to discover the K
most relevant features. The data is then projected onto these features, and the model is evaluated on
the projected data. Moreover, for more baselines, we use the projected data from each method to
train and test a DeepSurv (Katzman et al., |2018)) model. SurvSHAP is skipped on the mRNA data,
since one fold takes 31 hours, implying 123 days of compute time for the full mRNA—which ex-
ceeded our time and compute budget. Results are presented in terms of the C-index, see Section[D.1]

Table 1| reports the C-index for all feature attribution methods across the different miRNA cancer
cohorts; Table 5] shows the C-index of their corresponding DeepSurv (DS). The number of selected
features lies between roughly 2.7% and 3.7% of the full set of 1911 features, reflecting significant
dimensionality reduction achieved by DP-SurVAE. Moreover, it consistently achieves the highest or
near-highest C-index in the majority of cohorts, demonstrating robust predictive accuracy. It ranks
first on average (1.33), substantially outperforming SurvSHAP, SurvLIME, SHAP, and LIME, as
well as their DeepSurv-trained variants. While the DeepSurv baselines (DS variants) sometimes
reach competitive performance, they generally fall short of DP-SurVAE. For a few cohorts, such as
KIRP and LIHC, DS-SHAP or DS-SurvSHAP achieve strong results, but DP-SurVAE still retains
the top overall position.

Similarly, Tables E] and E] shows the C-index across the mRNA cohorts. The number of selected
features amounts to roughly 0.89% to 2.5% of the total 39 205 features, highlighting a considerably
better dimensionality reduction. Our method, DP-SurVAE, performs well on the majority of mRNA
cohorts and achieves the best average rank (1,63). Although DS-SHAP comes out on top in a few
individual cases—such as CESC, LIHC, and MESO, DP-SurVAE remains consistently among the
best-performing approaches overall.

'https://www.cancer.gov/tcga
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Figure 2: The x-axis shows all enriched GO terms that occurred at least in 10 different cohorts for
DP-SurVAE. On the y-axis, all cohorts are listed. The color on the heatmap indicates the p-values
corrected by false discovery rate resampling. Some terms were abbreviated: Regulation (reg.),
transcriptions (tr.), proliferation (pr.)
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Figure 3: Correlation between C-indices and the mean normalized weight of cancer genes among
the top 3 000 most important genes. Each dot represents one cohort. A: our method, DP-SurVAE;
B: LIME; C: SHAP; D: SurvLIME.

Compared to SurvSHAP, SurvLIME, SHAP, and LIME, as well as their DeepSurv-trained variants,
DP-SurVAE demonstrates superior results on both datasets, which are also statistically significant,
with p-values < 1.3 x 10~3 in all cases based on the one-sided Wilcoxon signed-rank test, indicating
that the observed gains are unlikely to be due to chance.

6 BIOLOGICAL RELEVANCE OF FEATURES

After feature selection, whether obtained from DP-SurVAE or from post-hoc baselines, we directly
use the features for biological evaluation. Specifically, we assess faithfulness by examining whether
the identified features correspond to biological processes relevant for tumor formation and progres-
sion, which has direct implications on patients’ survival. We evaluate the selected mRNA fea-
tures from two perspectives. (1) We perform Gene Ontology (GO) analysis to test for each method
whether these sample-wise selected features are enriched in terms related to biological processes. (2)
We perform correlation analysis between the performance of each method and its identified feature
importances of known cancer genes.

6.1 ENRICHMENT OF GENE ONTOLOGY TERMS

GO terms are standardized terms to describe and classify the functions of genes. GO term enrich-
ment analysis aims to investigate whether term associated with genes are statistically enriched in a
selected gene set relative to a reference set (Ashburner et al., 2000). We select the top 3 000 mRNA
features, genes, with the highest mask weight per cohort and perform an enrichment analysis using
the GOATOOLS method (Klopfenstein et al., |2018). The gene reference set comprises all 45671

“https://geneontology.org/, accessed 28.7.25
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annotated genes in NCBIE] In total, we analyzed 18 774 GO terms from the “’biological processes”
category and identified 393 terms for DP-SurVAE that are statistically enriched in at least one cancer
cohort.

Figure 2] shows a heatmap of the p-values, corrected by false discovery rate resampling, for all terms
occurring in at least 10 different cohorts for DP-SurVAE. Many enriched terms refer to processes
allowing tumor growth, such as terms related to RNA processing, thus affecting the regulation of
gene expression and cell proliferation (Hanahan| 2022;|Obeng et al.,2019), as well as DNA process-
ing, which contributes to genome instability and the accumulation of mutations (Hanahan| [2022).
Immune system terms are also present, since tumors modulate their interaction with the immune
system to evade detection (Hanahan| 2022} |Gupta et al., 2023). Another prominent family of terms
refers to signaling, which is connected to many hallmarks of cancer, allowing the tumor to con-
trol cellular processes and its environment to survive and grow (Sever & Bruggel 2015). We also
looked at the 20 terms with the highest corrected p-value mean over all cohorts. While all terms
for DP-SurVAE are related to cell or metabolic functions necessary for tumors (Table [9), there are
some terms for the other methods, which appear to be false positives, such as “nervous system de-
velopment” for SurvLIME (Table [I0) and “antimicrobial humoral immune response mediated by
antimicrobial peptide” for SHAP (Table [IT) and LIME (Table[12).

6.2 CANCER GENE ANALYSIS

We use the list of known cancer genes from OncoKBE] (Chakravarty et al., |2017; |Suehnholz et al.,
2024) and match the gene names with those from HGNC, as described in Section @], to ensure
that no genes are missed due to naming inconsistencies. The list contains 1 192 genes, of which
979 are found in at least one cohort. Each cohort is represented by the 3 000 most highly weighted
genes, with weights normalized for comparison across cohorts. Taking the median of the normal-
ized weights for cancer and non-cancer genes, we observe that in 12 out of 21 cohorts, the cancer
genes’ medians surpass those of the non-cancer genes. Figure [3] shows that a higher mean of the
normalized weights correlates with an increased C-index for our method (0.40 Pearson correlation)
while no or no positive correlation can be observed for the other methods (-0.18, -0.48 and 0.14
for LIME, SHAP and survLIME, respectively). A higher C-index means better performance, which
is supported by a higher masking weight, that is, feature importance, of cancer genes. A positive
correlation shows that our method considers known cancer genes more often for cohorts for which
it achieves better performance. This implies that for these cohorts the method learns the underlying
biological relevance of the selected genes better. The selected genes and their expression profile can
be converted into gene expression signatures (Giampietri et al., 2022).

These findings increase confidence in the ability of our method to detect novel gene expression
signatures for diagnostic or treatment purposes. Traditionally, these signatures are established by
considering known genes only (Giampietri et al., [2022) but it has already been shown that machine
learning approaches are capable of detecting novel signatures (Tschodu et al., 2023). However,
previous studies focus on very narrowly defined subsets of cancer patients and ignore the censoring
problem, which our method addresses (Giampietri et al., 2022; [T'schodu et al., 2023)).

7 CONCLUSION

In this work, we presented a novel approach that equips survival analysis with interpretable feature
importance and provides risk consistency guarantees. Our method, DP-SurVAE, introduces a sec-
ond pass through the VAE (double-pass) and optimizes a novel double-pass log-partial likelihood
objective, which explicitly accounts for the event partial ranking between censored and uncensored
samples. Empirical and biological evaluations on the TCGA dataset demonstrate that DP-SurVAE
achieves superior C-index performance compared to existing methods. Moreover, the model more
effectively identifies biologically relevant genes, enhancing the interpretability of risk predictions.
The confirmation of biological relevance increases confidence in our method and its prediction abil-
ity, as well as in the potential to use its masking weight to identify gene expression signatures for
diagnostic and therapeutic purposes.

*https://www.ncbi.nlm.nih.gov/gene, downloaded 7.5.25
*https://www.oncokb.org/cancer-genes, downloaded 11.6.25
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8 ETHICS STATEMENT

Our data analysis procedures strictly follow the GDPR regulations for collecting and processing
personal data, as detailed in Data Compliance with GDP While the TCGAE] dataset is already
anonymized, we perform an additional anonymization step to further ensure that no link can be
established between the original samples and the inputs used in our analyses.

9 REPRODUCIBILITY STATEMENT

For reproducibility, we provide our code in an anonymous Git repository. The implementation files
are shared under an anonymous license and may be used for reviewing purposes onlyﬂ The data
anonymization procedure is included in the shared implementation. Details of the parametrizations
used in our method and the baselines are provided in Appendix [G} The proof of Theorem [I] is
given in Appendix and the derivation of the Double-Pass Partial Likelihood is presented in

Appendix [B.T]

REFERENCES

Rishabh Agarwal, Levi Melnick, Nicholas Frosst, Xuezhou Zhang, Ben Lengerich, Rich Caruana,
and Geoffrey E Hinton. Neural additive models: Interpretable machine learning with neural nets.
Advances in neural information processing systems, 34:4699-4711, 2021.

Rayhaan MM Ali, Stuart A Mclntosh, and Kienan I Savage. Homologous recombination deficiency
in breast cancer: Implications for risk, cancer development, and therapy. Genes, Chromosomes
and Cancer, 60(5):358-372, 2021.

Michael Ashburner, Catherine A. Ball, Judith A. Blake, David Botstein, Heather Butler, J. Michael
Cherry, Allan P. Davis, Kara Dolinski, Selina S. Dwight, Janan T. Eppig, Midori A. Harris,
David P. Hill, Laurie Issel-Tarver, Andrew Kasarskis, Suzanna Lewis, John C. Matese, Joel E.
Richardson, Martin Ringwald, Gerald M. Rubin, and Gavin Sherlock. Gene Ontology: tool for
the unification of biology. Nature Genetics, 25(1):25-29, May 2000. ISSN 1061-4036, 1546-
1718. doi: 10.1038/75556. URL https://www.nature.com/articles/ng0500_25, Publisher: Springer
Science and Business Media LLC.

Debyani Chakravarty, Jianjiong Gao, Sarah Phillips, Ritika Kundra, Hongxin Zhang, Jiaojiao Wang,
Julia E. Rudolph, Rona Yaeger, Tara Soumerai, Moriah H. Nissan, Matthew T. Chang, Sarat
Chandarlapaty, Tiffany A. Traina, Paul K. Paik, Alan L. Ho, Feras M. Hantash, Andrew Grupe,
Shrujal S. Baxi, Margaret K. Callahan, Alexandra Snyder, Ping Chi, Daniel C. Danila, Mrinal
Gounder, James J. Harding, Matthew D. Hellmann, Gopa Iyer, Yelena Y. Janjigian, Thomas Kaley,
Douglas A. Levine, Maeve Lowery, Antonio Omuro, Michael A. Postow, Dana Rathkopf, Alexan-
der N. Shoushtari, Neerav Shukla, Martin H. Voss, Ederlinda Paraiso, Ahmet Zehir, Michael F.
Berger, Barry S. Taylor, Leonard B. Saltz, Gregory J. Riely, Marc Ladanyi, David M. Hyman,
José Baselga, Paul Sabbatini, David B. Solit, and Nikolaus Schultz. OncoKB: A Precision On-
cology Knowledge Base. JCO Precision Oncology, (1):1-16, November 2017. ISSN 2473-4284.
doi: 10.1200/P0O.17.00011. URL https://ascopubs.org/doi/10.1200/PO.17.00011.

Chan Chung, Hee Jin Cho, ChaeEun Lee, and JaeHyung Koo. Odorant receptors in cancer. BMB
reports, 55(2):72, 2022.

David Roxbee Cox. Regression models and life tables. Journal of the Royal Statistical Society B,
34:187-220, 1972.

Wendie D den Brok, Kasmintan A Schrader, Sophie Sun, Anna V Tinker, Eric Yang Zhao, Samuel
Aparicio, and Karen A Gelmon. Homologous recombination deficiency in breast cancer: a clinical
review. JCO Precision Oncology, 1:1-13, 2017.

SRegulation (EU) 2016/679 of the European Parliament and of the Council of 27 April 2016 on the protec-
tion of natural persons with regard to the processing of personal data and on the free movement of such data,
and repealing Directive 95/46/EC (General Data Protection Regulation) (Text with EEA relevance).

®https://www.cancer.gov/tcga

"https://anonymous.4open.science/r/review-2E3D/

10


https://www.nature.com/articles/ng0500_25
https://ascopubs.org/doi/10.1200/PO.17.00011
https://www.cancer.gov/tcga
https://anonymous.4open.science/r/review-2E3D/

Under review as a conference paper at ICLR 2026

Amna Fayyaz, Aleena Haqqi, Rashid Khan, Muhammad Irfan, Khushbukhat Khan, Zeljko Reiner,
Javad Sharifi-Rad, and Daniela Calina. Revolutionizing cancer treatment: the rise of personalized
immunotherapies. Discover Oncology, 15(1), December 2024. ISSN 2730-6011. doi: 10.1007/
s12672-024-01638-1. URL https://link.springer.com/10.1007/s12672-024-01638-1. Publisher:
Springer Science and Business Media LLC.

Claudia Giampietri, Francesca Scatozza, Elena Crecca, Virginia Vigiano Benedetti, Pier Giorgio
Natali, and Antonio Facchiano. Analysis of gene expression levels and their impact on sur-
vival in 31 cancer-types patients identifies novel prognostic markers and suggests unexplored
immunotherapy treatment options in a wide range of malignancies. Journal of Translational
Medicine, 20(1):467, October 2022. ISSN 1479-5876. doi: 10.1186/s12967-022-03670-7. URL
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-022-03670-7.

Arthur Gretton, Karsten Borgwardt, Malte Rasch, Bernhard Scholkopf, and Alex Smola. A kernel
method for the two-sample-problem. Advances in neural information processing systems, 19,
2006.

Ishita Gupta, Ola Hussein, Konduru Seetharama Sastry, Salim Bougarn, Neha Gopinath, Evonne
Chin-Smith, Yashi Sinha, Hesham Mohamed Korashy, and Cristina Maccalli. Deciphering the
complexities of cancer cell immune evasion: Mechanisms and therapeutic implications. Ad-
vances in Cancer Biology - Metastasis, 8:100107, October 2023. ISSN 2667-3940. doi: 10.1016/
j.-adcanc.2023.100107. URL https://linkinghub.elsevier.com/retrieve/pii/S2667394023000217.
Publisher: Elsevier BV.

Douglas Hanahan. Hallmarks of Cancer: New Dimensions. Cancer Discovery, 12
(1):31-46, January 2022. ISSN 2159-8274, 2159-8290. doi:  10.1158/2159-8290.
cd-21-1059. URL  |https://aacrjournals.org/cancerdiscovery/article/12/1/31/675608/

Hallmarks-of-Cancer-New-DimensionsHallmarks-of.  Publisher: American Association for
Cancer Research (AACR).

Frank E Harrell, Robert M Califf, David B Pryor, Kerry L Lee, and Robert A Rosati. Evaluating the
yield of medical tests. Jama, 247(18):2543-2546, 1982.

Zhuting Hu, Patrick A. Ott, and Catherine J. Wu. Towards personalized, tumour-specific, therapeutic
vaccines for cancer. Nature Reviews Immunology, December 2017. ISSN 1474-1733, 1474-1741.
doi: 10.1038/nri.2017.131. URL http://www.nature.com/doifinder/10.1038/nr1.2017.131.

Hemant Ishwaran and Udaya B Kogalur. Random survival forests for r. R news, 7(2):25-31, 2007.

Edward L. Kaplan and Paul Meier. Nonparametric estimation from incomplete observations. Journal
of the American Statistical Association, 53(282):457-481, 1958. ISSN 01621459.

Sazzli Kasim, Putri Nur Fatin Amir Rudin, Sorayya Malek, Khairul Shafiq Ibrahim, Wan Azman
Wan Ahmad, Alan Yean Yip Fong, Wan Yin Lin, Firdaus Aziz, and Nurulain Ibrahim. Ensemble
machine learning for predicting in-hospital mortality in asian women with st-elevation myocardial
infarction (stemi). Scientific Reports, 14(1):12378, 2024.

Jared L Katzman, Uri Shaham, Alexander Cloninger, Jonathan Bates, Tingting Jiang, and Yuval
Kluger. Deepsurv: personalized treatment recommender system using a cox proportional hazards
deep neural network. BMC medical research methodology, 18(1):1-12, 2018.

Faisal M Khan and Valentina Bayer Zubek. Support vector regression for censored data (svrc): a
novel tool for survival analysis. In 2008 Eighth IEEE International Conference on Data Mining,
pp- 863-868. IEEE, 2008.

Diederik P Kingma, Max Welling, et al. Auto-encoding variational bayes, 2013.

D. V. Klopfenstein, Liangsheng Zhang, Brent S. Pedersen, Fidel Ramirez, Alex Warwick Vesztrocy,
Aurélien Naldi, Christopher J. Mungall, Jeffrey M. Yunes, Olga Botvinnik, Mark Weigel, Will
Dampier, Christophe Dessimoz, Patrick Flick, and Haibao Tang. GOATOOLS: A Python li-
brary for Gene Ontology analyses. Scientific Reports, 8(1), July 2018. ISSN 2045-2322. doi:
10.1038/s41598-018-28948-z. URL https://www.nature.com/articles/s41598-018-28948-z. Pub-
lisher: Springer Science and Business Media LLC.

11


https://link.springer.com/10.1007/s12672-024-01638-1
https://translational-medicine.biomedcentral.com/articles/10.1186/s12967-022-03670-7
https://linkinghub.elsevier.com/retrieve/pii/S2667394023000217
https://aacrjournals.org/cancerdiscovery/article/12/1/31/675608/Hallmarks-of-Cancer-New-DimensionsHallmarks-of
https://aacrjournals.org/cancerdiscovery/article/12/1/31/675608/Hallmarks-of-Cancer-New-DimensionsHallmarks-of
http://www.nature.com/doifinder/10.1038/nri.2017.131
https://www.nature.com/articles/s41598-018-28948-z

Under review as a conference paper at ICLR 2026

Maxim S Kovalev, Lev V Utkin, and Ernest M Kasimov. Survlime: A method for explaining ma-
chine learning survival models. Knowledge-Based Systems, 203:106164, 2020.

Mateusz Krzyzifiski, Mikotaj Spytek, Hubert Baniecki, and Przemystaw Biecek. Survshap (t): time-
dependent explanations of machine learning survival models. Knowledge-Based Systems, 262:
110234, 2023.

Harold W Kuhn and Albert William Tucker. Contributions to the Theory of Games. Number 28.
Princeton University Press, 1953.

Changhee Lee, William Zame, Jinsung Yoon, and Mihaela Van Der Schaar. Deephit: A deep learn-
ing approach to survival analysis with competing risks. In Proceedings of the AAAI conference
on artificial intelligence, volume 32, 2018.

Elisa T. Lee. Statistical Methods for Survival Data Analysis. John Wiley & Sons, Inc., Hoboken,
NJ, USA, 2nd edition, 1992.

Jiachang Liu, Rui Zhang, and Cynthia Rudin. Fastsurvival: Hidden computational blessings in
training cox proportional hazards models. Advances in Neural Information Processing Systems,
37:87712-87765, 2024.

Yilun Liu and Stephen C West. Distinct functions of brcal and brca2 in double-strand break repair.
Breast Cancer Research, 4(1):9, 2001.

Scott M Lundberg and Su-In Lee. A unified approach to interpreting model predictions. Advances
in neural information processing systems, 30, 2017.

Shirin Masjedi, Laurence J Zwiebel, and Todd D Giorgio. Olfactory receptor gene abundance in
invasive breast carcinoma. Scientific reports, 9(1):13736, 2019.

Arturo Moncada-Torres, Marissa C van Maaren, Mathijs P Hendriks, Sabine Siesling, and Gijs
Geleijnse. Explainable machine learning can outperform cox regression predictions and provide
insights in breast cancer survival. Scientific reports, 11(1):6968, 2021.

Esther A. Obeng, Connor Stewart, and Omar Abdel-Wahab. Altered RNA Pro-
cessing in Cancer Pathogenesis and Therapy. Cancer Discovery, 9(11):1493—
1510, November 2019. ISSN 2159-8274, 2159-8290. doi:  10.1158/2159-8290.
cd-19-0399. URL  |https://aacrjournals.org/cancerdiscovery/article/9/11/1493/10323/
Altered-RNA-Processing-in-Cancer-Pathogenesis-and. Publisher:  American Association
for Cancer Research (AACR).

Antonio Passaro, Maise Al Bakir, Emily G. Hamilton, Maximilian Diehn, Fabrice André, Sinchita
Roy-Chowdhuri, Giannis Mountzios, Ignacio I. Wistuba, Charles Swanton, and Solange Peters.
Cancer biomarkers: Emerging trends and clinical implications for personalized treatment. Cell,
187(7):1617-1635, March 2024. ISSN 0092-8674. doi: 10.1016/j.cell.2024.02.041. URL https:
/Mlinkinghub.elsevier.com/retrieve/pii/S0092867424002447. Publisher: Elsevier BV.

Marco Tulio Ribeiro, Sameer Singh, and Carlos Guestrin. ” why should i trust you?”” explaining the
predictions of any classifier. In Proceedings of the 22nd ACM SIGKDD international conference
on knowledge discovery and data mining, pp. 1135-1144, 2016.

Rachel Royfman, Emma Whiteley, Olivia Noe, Susan Morand, Justin Creeden, Laura Stanbery,
Danae Hamouda, and John Nemunaitis. Brcal/2 signaling and homologous recombination defi-
ciency in breast and ovarian cancer. Future Oncology, 17(21):2817-2830, 2021.

Kara-Louise Royle, David Meads, Jennifer K. Visser-Rogers, Ian R. White, and David A. Cairns.
How is overall survival assessed in randomised clinical trials in cancer and are subsequent treat-
ment lines considered? A systematic review. Trials, 24(1), November 2023. ISSN 1745-
6215. doi: 10.1186/s13063-023-07730-1. URL https://trialsjournal.biomedcentral.com/articles/
10.1186/s13063-023-07730- 1. Publisher: Springer Science and Business Media LLC.

Ralph Scully. Role of brca gene dysfunction in breast and ovarian cancer predisposition. Breast
Cancer Research, 2(5):324, 2000.

12


https://aacrjournals.org/cancerdiscovery/article/9/11/1493/10323/Altered-RNA-Processing-in-Cancer-Pathogenesis-and
https://aacrjournals.org/cancerdiscovery/article/9/11/1493/10323/Altered-RNA-Processing-in-Cancer-Pathogenesis-and
https://linkinghub.elsevier.com/retrieve/pii/S0092867424002447
https://linkinghub.elsevier.com/retrieve/pii/S0092867424002447
https://trialsjournal.biomedcentral.com/articles/10.1186/s13063-023-07730-1
https://trialsjournal.biomedcentral.com/articles/10.1186/s13063-023-07730-1

Under review as a conference paper at ICLR 2026

Mark Robert Segal. Regression trees for censored data. Biometrics, pp. 35-47, 1988.

R. Sever and J. S. Brugge. Signal Transduction in Cancer. = Cold Spring Harbor Per-
spectives in Medicine, 5(4):a006098-a006098, April 2015. ISSN 2157-1422. doi: 10.
1101/cshperspect.a006098.  URL http://perspectivesinmedicine.cshlp.org/lookup/doi/10.1101/
cshperspect.a006098. Publisher: Cold Spring Harbor Laboratory.

Ammar Shaker and Carolin Lawrence. Multi-source survival domain adaptation. In Proceedings of
the AAAI conference on artificial intelligence, volume 37, pp. 9752-9762, 2023.

Rodney A Sparapani, Brent R Logan, Robert E McCulloch, and Purushottam W Laud. Nonpara-
metric survival analysis using bayesian additive regression trees (bart). Statistics in medicine, 35
(16):2741-2753, 2016.

Sarah P. Suehnholz, Moriah H. Nissan, Hongxin Zhang, Ritika Kundra, Subhiksha Nandaku-
mar, Calvin Lu, Stephanie Carrero, Amanda Dhaneshwar, Nicole Fernandez, Benjamin W. Xu,
Maria E. Arcila, Ahmet Zehir, Aijazuddin Syed, A. Rose Brannon, Julia E. Rudolph, Eder
Paraiso, Paul J. Sabbatini, Ross L. Levine, Ahmet Dogan, Jianjiong Gao, Marc Ladanyi, Alexan-
der Drilon, Michael F. Berger, David B. Solit, Nikolaus Schultz, and Debyani Chakravarty.
Quantifying the Expanding Landscape of Clinical Actionability for Patients with Cancer. Can-
cer Discovery, 14(1):49-65, January 2024. ISSN 2159-8274, 2159-8290. doi: 10.1158/
2159-8290.CD-23-0467. URL https://aacrjournals.org/cancerdiscovery/article/14/1/49/732527/
Quantifying-the-Expanding-Landscape-of-Clinical.

Dimitrij Tschodu, Jiirgen Lippoldt, Pablo Gottheil, Anne-Sophie Wegscheider, Josef A. Kis, and
Axel Niendorf. Re-evaluation of publicly available gene-expression databases using machine-
learning yields a maximum prognostic power in breast cancer. Scientific Reports, 13(1):16402,
October 2023. ISSN 2045-2322. doi: 10.1038/s41598-023-41090-9. URL https://www.nature.
com/articles/s41598-023-41090-9.

Apostolia M. Tsimberidou, Elena Fountzilas, Mina Nikanjam, and Razelle Kurzrock. Review of
precision cancer medicine: Evolution of the treatment paradigm. Cancer Treatment Reviews, 86:
102019, June 2020. ISSN 0305-7372. doi: 10.1016/j.ctrv.2020.102019. URL https://linkinghub.
elsevier.com/retrieve/pii/S0305737220300578. Publisher: Elsevier BV.

Ping Wang, Yan Li, and Chandan K Reddy. Machine learning for survival analysis: A survey. ACM
Computing Surveys (CSUR), 51(6):1-36, 2019.

Liangchen Xu and Chonghui Guo. Coxnam: An interpretable deep survival analysis model. Expert
Systems with Applications, 227:120218, 2023.

Weijia Zhang, Chun Kai Ling, and Xuanhui Zhang. Deep copula-based survival analysis for de-
pendent censoring with identifiability guarantees. In Proceedings of the AAAI Conference on
Artificial Intelligence, volume 38, pp. 20613-20621, 2024.

Shengjia Zhao, Jiaming Song, and Stefano Ermon. Infovae: Balancing learning and inference in
variational autoencoders. In Proceedings of the aaai conference on artificial intelligence, vol-
ume 33, pp. 5885-5892, 2019.

13


http://perspectivesinmedicine.cshlp.org/lookup/doi/10.1101/cshperspect.a006098
http://perspectivesinmedicine.cshlp.org/lookup/doi/10.1101/cshperspect.a006098
https://aacrjournals.org/cancerdiscovery/article/14/1/49/732527/Quantifying-the-Expanding-Landscape-of-Clinical
https://aacrjournals.org/cancerdiscovery/article/14/1/49/732527/Quantifying-the-Expanding-Landscape-of-Clinical
https://www.nature.com/articles/s41598-023-41090-9
https://www.nature.com/articles/s41598-023-41090-9
https://linkinghub.elsevier.com/retrieve/pii/S0305737220300578
https://linkinghub.elsevier.com/retrieve/pii/S0305737220300578

Under review as a conference paper at ICLR 2026

Supplementary Material

Survival VAE:
Robust Local Explanations via Double-Pass Risk Consistency
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A RELATED WORK: MACHINE LEARNING FOR SURVIVAL ANALYSIS

The Kaplan—-Meier (KM) estimator (Kaplan & Meier, [1958)) is a nonparametric method that es-
timates the survival function without assuming any underlying distribution and is effective for
moderate-sized datasets. The CPH model addresses this limitation by assuming proportional haz-
ards between individuals and modeling the log-risk as a linear function of the covariates. Various
machine learning techniques have been adapted to survival data. Tree-based methods have played
a central role in survival analysis, offering flexible, nonparametric approaches for censored data.
Early work adapted classical decision trees to the survival setting using splitting rules based on
log-rank test|Segal| (1988). Random Survival Forests (RSF) (Ishwaran & Kogalur, 2007) leverage
ensemble learning to handle censoring, Bayesian additive regression trees (Survival BART) offer a
probabilistic framework for nonparametric survival modeling |Sparapani et al.| (2016). Support Vec-
tor Regression for Censored data (SVRC) (Khan & Zubek, 2008) adapts support vector machines to
the survival setting; see also the comprehensive survey by Wang et al.|(2019).

Tremendous advances in deep learning have led to significant progress in survival analysis.
DeepSurv leverages a neural network trained with a loss aligned to the PH assumption, retain-
ing hazard proportionality while replacing the log-linear risk with a more expressive nonlinear
model—resulting in strong performance gains. In contrast, DeepHit (Lee et al., 2018)) relaxes the
PH assumption by learning time-varying survival distributions and supporting competing risks and
multiple events per patient. [Liu et al.| (2024)) apply copulas to model dependent censoring with iden-
tifiability guarantees. Building on hidden mathematical structures of the Cox model. [Zhang et al.
(2024) propose an efficient optimization procedure that fits the Cox model by minimizing surrogate
functions. Shaker & Lawrence| (2023) introduce a multi-source domain adaptation framework for
survival analysis.

B MATHEMATICAL PROOFS

B.1 DOUBLE-PASS PARTIAL LIKELIHOOD

For a dataset with m uncensored events occurring at distinct times, the partial likelihood is given by
the product of the individual partial likelihoods for each event:

For an uncensored sample (x,t,0), the log-risk is given by h(u,) for the original sample, and

by h(u;) for the same sample after masking a (denoted Z) and applying the double-pass. The
conditional probability for an event occurring at time ¢ takes into account the relative ranking of
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both h(fi4) and h(s;) versus the ranking of all other samples in the extended risk set:
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where R(t) = {(x1,t;,8,) € D | t; >t} U{(a,4,6;) € D | t; > t} is the extended risk set, which
includes each sample twice — once before and once after masking — provided its survival time is
greater than or equal to that of the sample « under consideration.

Therefore, Double-Pass Log-Partial Likelihood (DPLPL) for « becomes:

Lapipt (25 0) = h(pe) + h(pz) — 2log Z (eh(uwj) n eh(%f)) )
(xj,t;,0;)€ER

L(z;0) =

B.2 DOUBLE-PASS RISK CONSISTENCY

The following theorem demonstrates that the risk consistency is not derived from continuity as-

sumptions alone, due to the discontinuous behavior of ||& — || under masking. Instead, consistency
emerges from explicit optimization of double-pass likelihood objective Lgpipi. This explains the
robustness of the risk prediction even under coarse masking, where a large portion of features is
dropped.

Theorem 1 (Double-Pass Risk Consistency for Strong Masking). Assume the encoder E4 and the
risk head h are lg- and lp-Lipschitz, respectively. Let & = D(FE(x)) be the VAE reconstruction,

and & the double-masked version (with mask sharpness 3 and sparsity o).

* When masking is not applied (i.e., =2 ), the risk difference is bounded by a constant §:

(@) —r(@)] <6

* When masking is applied (so & % &), the bound becomes a function of the sparsity level o
r(z) —r(2)] < 6(c)

However, this bound becomes looser with aggressive sparsification, degrading the consis-
tency unless the model is explicitly trained to minimize this deviation.

Proof of Theorem([l] In the following, we show the proof for the settings when the masking is active
or not.

» Case 1 (No Masking): We list the Lipschitz continuity assumptions for inactive masking
(x = x):

A1l Encoder Lipschitz continuity: The encoder Fy is [ g-Lipschitz:
1Eg(x1) — Eg(@2)|| < lp - [[@1 — 22|
A2 Risk head Lipschitz continuity: The risk head £ is I -Lipschitz:
|h(z1) — h(z2)| <l - [l — 22|
From the triangle inequality, we observe:

& —z| <z -2+ |2 — 2| <eer,
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where e, is the VAE’s reconstruction error, implemented as the squared ¢ norm. From
assumption [A1], it follows that:

1Es(2) = Eg(@)|| <lp- & — ]| < lp - cer -

Finally, applying the Lipschitz continuity of the risk head h and assuming that
|h(Ey(x))| < C for any &, we obtain:

r(@) — r(@)| = |exp(h(uz)) — exp(h(uz))]
< exp(C) - |hpg) — hpa)|
< eXp(C) : lh : lE cEerr — )

where the exponential function is e®-Lipschitz continuous on any bounded interval

—C,C).

« Case 2 (With Masking): When masking is applied, & # &, and the deviation 0(cv, ) :=

|& — || is non-negligible and depends on target sparsity level  and sharpening factor /3.
While the two Lipschitz assumptions in Case 1 remain valid, the following changes:

|z — x| < [l&— &l + |2 — 2| < (e, B) + £arr -
It follows that:

r(@) = r(@)| = |exp(h(z)) — exp(h(pa))]
< exp(C) - [h(pg) — h(pa)|
<exp(C) - ln - lg - (€en + (v, B)) -

This shows clearly that the risk consistency degrades when masking is activated and no
countermeasure is used. This motivates the introduction of the loss term Lgpipi, since it
explicitly trains the model to enforce:

|h(pz) = hpe)| < e(a),

ensuring that e(a)) < I, - [ even when 6(a, ) is large.

B.3 DISCUSSION ON ALTERNATIVE EVALUATION MEASURES

Besides, the c-index, there are metrics such as the Brier score. For survival analysis, this would mean
evaluating a proper scoring rule such as the Continuous Ranked Probability Score (CRPS), which
is the continuous analogue of the Brier score, while employing Inverse Probability of Censoring

Weighting (IPCW): CRPSipew =[5~ w(t), (S(t) — 1T > t)2, dt.

Having that said, the following highlights the obstacles and the potential bias that would be added if
our risk predictor were evaluated using IPCW. Let us assume the function f: X — X that comprises
our method DP-SurVAE except for the risk head, i.e., f(z) maps the sample x to the masked sample
. The log-risk head h takes any sample from X and maps it to its risk. Hence, h(f(z)) maps the
sample to its masked sample and then computes the risk. Every post-hoc method (SHAP, SurvSHAP,
LIME, SurvLIME) tries to substitute f(x) with a better feature-importance explanation function
g(x). The correctness of the ranking is evaluated using the C-index, as shown in the manuscript.
In order to compute CRPS, however, we would need to compute the full survival curve: S (t) =
exp (— Ho(t) exp(h(f(z)))). for DP-SurVAE, and S(t) = exp ( — Ho(t) exp(h(g(z)))) for every
other method. While the C-index depends only on the ranking, CRPS additionally depends on the
baseline cumulative hazard Hy(t), which requires extra steps involving survival-curve calibration
that we do not cover in our solution. Importantly, the calibrated Hy(t) is independent of the model
components h, and f, as well as the baseline models g, and is therefore not part of the quantities we
compare across approaches. An evaluation using CRPS/IBS would therefore not only evaluate our
feature-importance strategy but also the calibration component, which is out of scope at this stage.
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C DAtA

The data used in this work are mRNA and miRNA from cancer patients, generated by the TCGA
Research Networkﬂ Detailed information on cancer types (also referred to as cohorts), the number
of patients and events (i. e., deaths) are listed in Table [3| and E} In both datasets, we include only
cohorts with at least 25 events (deaths) and more than 80 samples; this results in 19 mRNA cohorts
and 18 miRNA cohorts. Discrepancies between number of cohorts and samples per cohort are
caused by differences in experiments done for each patient. The mRNA dataset contains 39 205
gene expression features, while the miRNA dataset includes 1 911 miRNA expression features.

C.1 ACQUISITION

We downloaded manifest files from Genomic Data Commonﬂ (GDC) by selecting cohorts from
TCGA using the condition:

cases.project.program.name in ["TCGA"] and
files.access in ["open"] and
files.experimental_strategy

in ["RNA-Seq", "miRNA-Seq"]

and cases.samples.sample_type

in ["primary tumor"]

in the advanced search option of the gdc-client tool. Clinical annotation, which includes information
about days from diagnosis to event or last follow-up, was downloaded in a similar way using the
default repository search with data category "clinical™.

C.2 DATA PROCESSING AND ANNOTATION

We normalize the raw gene expression data using:
y =log(z + 1),

where adding 1 prevents taking the logarithm of zero. Furthermore, we link the clinical and gene
expression data by retrieving and matching the file identifiers using the GDC API. To allow further
analysis of the mRNA dataset, which relies on gene names, we map gene names to the HGNC-
approved gene names, also called symbols, by using alias and previous symbols of the HUGO Gene
Nomenclature Committee{f] (HGNC). Genes that could not be mapped were removed.

D ADDITIONAL RESULTS

D.1 C-INDEX

The Concordance-index (C-index) (Harrell et al.l [1982) measures how well the rank of predicted
risks agrees with the order of the observed outcomes. To this end, for each uncensored instance, it
counts how often the model ranks it at higher risk than instances who survive longer:

1
C-index(r; D) = - E E Ifr(x:) > r(z;)], O
(®4,t3,0;)€ED (=j,t;,6;)€D
AS;=1 A>T

where Z is the total number of comparable pairs and I[-] is the indicator function. The function r(-)
denotes the model’s risk score. A higher C-index shows better agreement between predicted risks
and actual survival times.

In terms of runtime, a direct comparison between DP-SurVAE and the other methods is challenging,
as our approach includes both full model training and the additional cost of learning the explanatory

8https://www.cancer.gov/tcga
“https://portal.gdc.cancer.gov, downloaded 18.10.23
"https://www.genenames.org, downloaded 6.3.25
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ID | Cancer Acronym Cancer Name Primary Site Instances (count) | § =1
1 BLCA Bladder Urothelial Carcinoma Bladder 412 112
2 BRCA Breast Invasive Carcinoma Breast 1110 104
3 CESC Cervical Squamous Cell Carcinoma Cervix 304 60
4 COAD Colon Adenocarcinoma Colon 479 56
5 ESCA Esophageal Carcinoma Esophagus 184 57
6 GBM Glioblastoma Multiforme Brain 156 103
7 HNSC Head and Neck Squamous Cell Carcinoma | Head and Neck 520 167
8 KIRC Kidney Renal Clear Cell Carcinoma Kidney 541 160
9 KIRP Kidney Renal Papillary Cell Carcinoma Kidney 290 32
10 LGG Brain Lower Grade Glioma Brain 515 92
11 LIHC Liver Hepatocellular Carcinoma Liver 371 89
12 LUAD Lung Adenocarcinoma Lung 539 128
13 LUSC Lung Squamous Cell Carcinoma Lung 502 158
14 MESO Mesothelioma Pleura 87 58
15 ov Ovarian Serous Cystadenocarcinoma Ovary 421 234
16 PAAD Pancreatic Adenocarcinoma Pancreas 178 59
17 SARC Sarcoma Soft Tissue 259 75
18 STAD Stomach Adenocarcinoma Stomach 412 79
19 UCEC Uterine Corpus Endometrial Carcinoma Uterus 553 45

Table 3: Summary of the number of instances and events (§ = 1) for each cancer type in the mRNA
dataset, including their TCGA identifier (ID) and primary tumor site.

ID | Cancer Acronym Cancer Name Primary Site Instances (count) | 6 =1
1 BLCA Bladder Urothelial Carcinoma Bladder 417 112
2 BRCA Breast Invasive Carcinoma Breast 1095 102
3 CESC Cervical Squamous Cell Carcinoma Cervix 307 60
4 COAD Colon Adenocarcinoma Colon 453 55
5 ESCA Esophageal Carcinoma Esophagus 186 57
6 HNSC Head and Neck Squamous Cell Carcinoma | Head and Neck 523 169
7 KIRC Kidney Renal Clear Cell Carcinoma Kidney 544 160
8 KIRP Kidney Renal Papillary Cell Carcinoma Kidney 291 32
9 LGG Brain Lower Grade Glioma Brain 511 91
10 LIHC Liver Hepatocellular Carcinoma Liver 372 88
11 LUAD Lung Adenocarcinoma Lung 519 125
12 LUSC Lung Squamous Cell Carcinoma Lung 478 147
13 MESO Mesothelioma Pleura 87 58
14 oV Ovarian Serous Cystadenocarcinoma Ovary 487 269
15 PAAD Pancreatic Adenocarcinoma Pancreas 178 59
16 SARC Sarcoma Soft Tissue 259 76
17 STAD Stomach Adenocarcinoma Stomach 446 85
18 UCEC Uterine Corpus Endometrial Carcinoma Uterus 545 44

Table 4: Summary of the number of instances and events (§ = 1) for each cancer type in the miRNA
dataset, including their TCGA identifier (ID) and primary tumor site.

components (e.g., double-pass and masking). Despite this, DP-SurVAE—including model train-
ing—consistently outperforms all other methods in terms of speed, with the exception of SHAP.
Tables [7]and [§] present the runtimes in seconds.

We additionally considered the 20 terms with the highest corrected p-value mean across all cohorts.
For DP-SurVAE, all terms are related to cell or metabolic processes essential for tumors (Table E])
In contrast, some terms from the other methods appear to be false positives, such as “nervous system
development” for SurvLIME (Table and “antimicrobial humoral immune response mediated by
antimicrobial peptide” for SHAP (Table [IT)) and LIME (Table[12).

Below, we present a list of Tables that depict the runtime on the mRNA and miRNA data, and the

enriched GO terms of the different methods on the mRNA data.

mRNA dataset, including their TCGA identifier (ID) and primary tumor site.
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E A& 0m

= = z

< L)
= = 72 — = =
88 = z 2 5 =
g = 3 S 5 = =
SE( % 2 @2 @ &
AW~ v v @
Cancer |3 =| & a2 A A =)
BLCA |59.0].661 .567 .587 .635 .581
52]1.03 .03 .03 .03 .03
BRCA |55.9].536 .515 .566 .528 .456
341 .03 .04 .03 .02 .04

CESC |56.8|.696 561 .593 .643 .526
COAD |60.8|.613 554 607 .552 .570
ESCA |61.2].652 587 .635 .620 .645
HNSC |55.5(.579 536 542 .554 .544
KIRC |51.1].713 601 .591 .653 .536
KIRP |51.0|.763 .628 .630 .792 747

LGG |58.3|.745 .663 .663 .724 .685
50[.01 .04 .03 .02 .02
LIHC |61.0|.538 .533 .536 .588 .562
6.11.03 .04 .04 .03 .03
LUAD |50.9|.593 .548 .565 .602 .549
7.71.02 .03 .03 .02 .03
LUSC |58.7|.544 537 .491 .551 .525
721.03 .02 .03 .02 .03
MESO | 71.4|.573 .582 .565 .588 .602
421.05 .06 .05 .04 .03
ov 56.81.535 .539 504 .531 .495
10.1 .03 .02 .02 .02 .02
PAAD |61.8|.567 .557 .501 .600 .547
741.05 .05 .05 .05 .04
SARC |55.7].621 .541 .493 .616 .604
741.04 04 04 .04 .03
STAD |53.4|.588 .575 .526 .545 .550
591.02 .03 .03 .03 .04
UCEC |61.1|.629 .523 .552 .547 .526
40| .03 .06 .04 .03 .06
P-value - 4e-23 Se-23 3e-5 3e-19
Rank 1.61 3.89 3.72 228 3.5

Table 5: C-index comparison on miRNA cohorts with reduced columns (DP-SurVAE and DS vari-
ants only). Standard errors (2nd row), ranks and one-sided Wilcoxon p-values vs. DP-SurVAE (last
TOWS).

2. Table[d]summarizes the number of instances and events (6 = 1) for each cancer type in the
miRNA dataset, including their TCGA identifier (ID) and primary tumor site.

3. Table [3 reports the C-index comparison on miRNA cohorts with reduced columns (DP-
SurVAE and DS variants only). Standard errors (2nd row), ranks and one-sided Wilcoxon
p-values vs. DP-SurVAE (last rows).

4. Table E] reports the C-index comparison on mRNA cohorts; standard errors (2nd row),
ranks and one-sided Wilcoxon p-values vs. DP-SurVAE (last rows); "DS” = DeepSurv
post-trained.

5. Table [7| shows the time lapsed (in seconds) for the explanation methods in the mRNA
cohorts.
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S | =
= < 2 A =
g3l |z = S
g5 =B S = -
SE % | @ 2 =
n g A 72 n 72
Cancer | = =| & a a a
BLCA [911.2| .702 | .587 .699 .665
261 | .02 03 .02 02
BRCA [914.4| .744 | 526 .639 .653
263| .03 05 .03 02

CESC [653.9| .686 | .604 .721 .701
181 .04 04 03 .04
COAD | 6859 .650 | .576 .635 .613
183| .03 05 .04 .05
ESCA [4854| .519 | .525 .552 .491
157| .03 03 .04 .04
GBM [357.1] .579 | 542 .600 .605
113| .04 04 03 .04
HNSC |748.9| .649 | .538 .633 .631
214 | .02 03 .02 .02
KIRC [815.3| .690 | .600 .710 .687
269 | .02 .03 .01 .02
KIRP |681.8| .735 | .706 .727 .716
161| .08 08 .06 .06
LGG 901.3| .825 | .648 .797 .784
231| .03 04 .03 .03
LIHC [865.0] .598 | .551 .612 .600
233| .03 03 .03 .04
LUAD |711.2| .630 | .542 .632 .631
241 | .03 04 .04 .03
LUSC [994.1| .531 | .507 .508 .520
244 | .02 .03 .02 .03
MESO [348.6| .646 | .653 .687 .656
74| .04 .03 .03 .03
oV 669.1| .612 | 512 .592 .584
187| .01 02 .02 .02
PAAD [429.0| .699 | 591 .689 .656
107 | .02 .04 .03 .03
SARC |643.2| .681 | .595 .652 .639
212| .03 03 .02 .04
STAD |680.6| .608 | .574 .605 .620
281 | .03 04 .04 .04
UCEC |867.1| .568 | .536 .495 .570
240| .02 05 .04 .05
P-value 8.5e-29 | 2.8e-36 1.3e-3 3.4e-8
Rank 1.84 | 379 195 242

Table 6: C-index comparison on mRNA cohorts; standard errors (2nd row), ranks and one-sided
Wilcoxon p-values vs. DP-SurVAE (last rows); "DS” = DeepSurv post-trained.

10.

. Table [8| shows the time lapsed (in seconds) for the explanation methods in the miRNA

cohorts.

. Table [0 reveals the top 20 most significantly enriched (mean of corrected p-values) GO

terms associated with the 3 000 highest weighted genes of DP-SurVAE.

. Table |10| reveals the top 20 most significantly enriched (mean of corrected p-values) GO

terms associated with the 3 000 highest weighted genes of SurvLIME.

. Table |11 reveals the top 20 most significantly enriched (mean of corrected p-values) GO

terms associated with the 3 000 highest weighted genes of SHAP.

Table [I2] reveals the top 20 most significantly enriched (mean of corrected p-values) GO
terms associated with the 3 000 highest weighted genes of LIME.
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DP-SUI‘VAE(Ours)
SurvLIME
SHAP

LIME

Cancer
BLCA 271.7 | 4006.5 | 24.3 | 13568.6
BRCA 592.2 | 4109.5 | 26.3 | 32683.6
CESC 189.8 | 3639.1 | 19.8 | 10016.9
COAD | 235.6|2449.1 |24.5| 132854
ESCA 146.5 | 3177.2 | 10.2 | 5848.7
GBM 62.4 | 2671.5| 7.7 | 4420.3
HNSC 284.8 | 3527.5 [ 27.0 | 15349.4
KIRC 175.3 | 2403.1 | 22.7 | 14680.0
KIRP 115.1 | 3128.0 | 14.6 | 8316.6
LGG 361.9 | 3716.6 | 32.6 | 17341.8
LIHC 1610.0 | 2667.4 | 19.6 | 8771.3
LUAD 2272 12841.5 | 24.5 | 15604.1
LUSC 357.3 1 3904.7 | 30.2 | 16054.1
MESO 58.4 24209 | 3.8 | 2395.8
ov 167.8 | 2820.5 | 19.3 | 10538.4
PAAD 180.312953.0| 9.4 | 5076.2
SARC 152.9 | 3069.0 | 13.8 | 8197.7
STAD 261.2 | 3837.8 | 24.8 | 13466.7
UCEC 247.5|3745.2 | 24.5 | 14509.4

Table 7: Elapsed time (in seconds) for explanation methods across mRNA cohorts.

DP-SurVAE©©urs)
SurvSHAP
SurvLIME

Cancer
BLCA 28.4 | 1013.3
BRCA 54.6 | 1170.3
CESC 17.6 | 1070.1 .
COAD | 195.5|1821.0|252.5|12.0|1124.3
ESCA 16.0| 9383 | 422| 32| 178.7
HNSC 32.811039.0| 45.0| 7.5| 468.1
KIRC |102.7|1189.2| 943 | 9.7| 7278
KIRP 16.7 | 1004.1 | 422 | 4.8| 2528
LGG 31.0| 993.6| 418 | 7.5| 459.7
LIHC 242 921.3| 40.5| 56| 3128
LUAD |226.5|2233.9 |454.4 | 18.1 | 1470.0
LUSC 26.6 | 1071.5| 46.7| 7.6 | 433.2
MESO 79| 7692 | 347 | 14 72.2
oV 289 | 9984 | 428 | 7.5\ 417.7
PAAD | 138.6 2373.0 (4622 | 7.8| 630.0
SARC 16.0 | 940.9| 40.5| 4.1 | 219.5
STAD 245| 9542 | 446 70| 3974
UCEC 353 |1106.5| 51.8| 84| 543.6

oY N
et
S =N
~J
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N
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Table 8: Elapsed time (in seconds) for explanation methods across miRNA cohorts.
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GO term

corr. p-value

signal transduction

regulation of transcription by RNA polymerase IT
regulation of DNA-templated transcription

negative regulation of transcription by RNA polymerase II
cell differentiation

immune system process

positive regulation of transcription by RNA polymerase 11
G protein-coupled receptor signaling pathway

positive regulation of DNA-templated transcription

lipid metabolic process

innate immune response

cell adhesion

apoptotic process

monoatomic ion transport

positive regulation of cell population proliferation
transmembrane transport

protein transport

DNA damage response

negative regulation of DNA-templated transcription
intracellular signal transduction

0.000006
0.000089
0.000248
0.001398
0.001896
0.002177
0.002704
0.003047
0.005269
0.005456
0.006759
0.009451
0.010136
0.010327
0.010548
0.011755
0.012208
0.012284
0.014061
0.021577

Table 9: Top 20 most significantly enriched (mean of corrected p-values) GO terms associated with
the 3 000 highest weighted genes of DP-SurVAE.

GO term

corr. p-value

positive regulation of transcription by RNA polymerase II
positive regulation of DNA-templated transcription

signal transduction

intracellular signal transduction

cell differentiation

regulation of DNA-templated transcription

cell adhesion

regulation of transcription by RNA polymerase 11

protein transport

apoptotic process

lipid metabolic process

monoatomic ion transport

negative regulation of transcription by RNA polymerase 11
protein phosphorylation

protein ubiquitination

nervous system development

positive regulation of cell population proliferation
positive regulation of gene expression

cell migration

negative regulation of apoptotic process

5.572385e-35
6.164510e-34
2.829912e-33
3.754660e-25
5.119051e-25
1.771394e-24
1.789299e-24
2.825522e-24
1.444897e-23
1.000598e-22
1.659174e-21
4.292173e-20
4.755415e-20
2.063416e-16
2.171184e-16
3.341211e-16
1.852121e-15
7.611382e-14
7.778473e-14
8.155840e-14

Table 10: Top 20 most significantly enriched (mean of corrected p-values) GO terms associated with
the 3 000 highest weighted genes of SurvLIME.
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GO term

corr. p-value

immune response

inflammatory response

cell-cell signaling

nervous system development

antimicrobial humoral immune response mediated by antimicrobial peptide
signal transduction

cell adhesion

positive regulation of gene expression

cell differentiation

chemotaxis

extracellular matrix organization

positive regulation of cell population proliferation

killing of cells of another organism

proteolysis

cell surface receptor signaling pathway

chemokine-mediated signaling pathway

negative regulation of cell population proliferation

monoatomic ion transmembrane transport

transmembrane transport

positive regulation of phosphatidylinositol 3-kinase/protein kinase B signal transduction

1.140518e-13
9.357942e-12
1.374636e-11
7.774137e-11
1.926833e-09
3.257645e-09
4.555095e-09
1.471969¢-08
5.476285e-08
6.125405e-08
1.979039e-07
2.331090e-07
7.360719e-07
8.561255e-07
9.124258e-07
1.900924e-06
8.903195e-06
3.421388e-05
4.731696e-05
5.233693e-05

Table 11: Top 20 most significantly enriched (mean of corrected p-values) GO terms associated with

the 3 000 highest weighted genes of SHAP.

GO term

corr. p-value

antimicrobial humoral immune response mediated by antimicrobial peptide
signal transduction

cell adhesion

cell-cell signaling

cell differentiation

killing of cells of another organism

positive regulation of transcription by RNA polymerase 11
immune response

negative regulation of transcription by RNA polymerase II
epithelial cell differentiation

inflammatory response

positive regulation of gene expression

regulation of DNA-templated transcription

monoatomic ion transport

nervous system development

positive regulation of cell population proliferation
anatomical structure morphogenesis

regulation of transcription by RNA polymerase II

defense response to bacterium

proteolysis

3.969633e-07
1.459593e-06
2.140080e-06
7.302211e-06
1.025566¢-05
3.235012e-05
3.539859¢-05
1.113486¢-04
2.375783e-04
3.531834e-04
3.603819e-04
4.353938e-04
5.461153e-04
5.518000e-04
9.175706e-04
9.430675e-04
9.772116e-04
9.807193e-04
9.959883e-04
1.105775e-03

Table 12: Top 20 most significantly enriched (mean of corrected p-values) GO terms associated with
the 3 000 highest weighted genes of LIME.
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Table 13:

DP-SurVAE Ours)
SurvLIME

AP
LIME

=
Cancer ©n
BRCA [0.63[0.53 0.55 0.56
0.01 {0.01 0.01 0.01

C-index comparison on mRNA BRCA METABRIC; standard errors (2nd row).

E BREAST CANCER (METABRIC)

We carefully re-examined the Breast Cancer (METABRIC, Nature 2012 & Nat Commun 2016E]
dataset to ensure full anonymization in accordance with the strictest GDPR requirements. After ob-
taining the necessary legal approval, we evaluated our method on the METABRIC gene-expression
data (20603 genes). We repeated all experiments five times, and the results (Table[I3])) below demon-
strate that our method consistently outperforms the baseline approaches by a substantial margin.

E.1 BIOLOGICAL ANALYSIS OF ToP-10 GO TERMS FOR EACH METHOD

For each method, the top-10 GO terms were selected based on their p-values:

* DP-SurVAE

regulation of transcription by RNA polymerase I1,7.987514e-35

signal transduction,5.396556e-34

positive regulation of transcription by RNA polymerase 11,9.676124e-26
regulation of DNA-templated transcription,2.672800e-24

cell differentiation,1.552473e-19

negative regulation of transcription by RNA polymerase II,1.552473e-19
G protein-coupled receptor signaling pathway,3.941524e-17

apoptotic process,1.235891e-16

nervous system development,2.293632e-16

DNA damage response,1.382339¢-15

e SurvLIME

signal transduction,1.416493e-26

regulation of transcription by RNA polymerase 11,4.806091e-19
regulation of DNA-templated transcription,2.696511e-18

positive regulation of transcription by RNA polymerase II,1.590828e-15
cell differentiation,3.208257e-14

protein ubiquitination,3.208257e-14

lipid metabolic process,6.890910e-14

G protein-coupled receptor signaling pathway,1.985122e-13
monoatomic ion transport,1.241796e-12

apoptotic process,1.008454e-11

* SHAP

signal transduction,4.825692¢-66

G protein-coupled receptor signaling pathway,6.444372e-59

detection of chemical stimulus involved in sensory perception of smell,1.877696e-34
sensory perception of smell,4.307382e-33

regulation of transcription by RNA polymerase 11,3.078287¢e-29

https://www.cbioportal.org/study/summary?id=brca_metabric
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cell differentiation,1.861322¢-23

regulation of DNA-templated transcription,8.272321e-22

monoatomic ion transport,9.019970e-18

positive regulation of transcription by RNA polymerase II,1.485996e-17
lipid metabolic process,1.591441e-15

* LIME

— signal transduction,8.256411e-37

— regulation of transcription by RNA polymerase II,1.682700e-30

— negative regulation of transcription by RNA polymerase 11,3.991687e-23
— regulation of DNA-templated transcription,8.770774e-23

— positive regulation of transcription by RNA polymerase 11,4.495912e-20
— G protein-coupled receptor signaling pathway,3.198767e-18

— cell differentiation,4.669038¢e-18

— positive regulation of DNA-templated transcription,3.222355e-17

— cell adhesion,6.064152e-17

— apoptotic process,3.103161e-15

The most relevant biological processes for BRCA (breast cancer) are

1. DNA damage / homologous recombination repair defects (Royfman et al., 2021;den Brok
et al., |2017; |Liu & West, 2001): pathways like DNA damage response, DNA repair, cell
cycle, transcription regulation, and apoptosis are highly characteristic.

2. Transcriptional dysregulation (den Brok et al., |2017; [Scully, 2000): Breast cancer is
strongly driven by transcriptional rewiring (e.g., ER/PR signaling, MYC amplification).

3. Cell differentiation changes (Scully, 2000; |Al1 et al., 2021): Loss of normal epithelial dif-
ferentiation is a core phenotype.

4. GPCR or olfactory-receptor pathways (Chung et al., [2022} [Masjedi et al.l 2019): frequent
false positives in GO analyses

Method Key Terms / Features BRCA Relevance Notes
DP-SurVAE | DNA damage response, tran- | ++++ Extremely relevant | Strong biological alignment
scription regulation, cell dif- with BRCA; only method with
ferentiation, apoptosis, GPCR DNA damage response
pathway
SurvLIME | Transcription regulation, | + Moderately relevant | Missing DNA damage re-
metabolism, GPCR pathway sponse; weaker overall for
BRCA
SHAP Olfactory/sensory  perception | - Weak / artifact-prone | Dominated by olfac-
pathways, transcription regula- tory/sensory terms  (noise);
tion, cell differentiation not good for BRCA
LIME Transcription regulation, cell ++ Good Missing DNA damage path-
differentiation, apoptosis ways; slightly weaker than DP-
SurVAE

Table 14: Comparison of key terms relevance for BRCA across interpretation methods.

Conclusion: DP-SurVAE is the most biologically plausible method for BRCA breast cancer analysis.

F METHOD PARAMETERIZATION

Below, we detail the parameter settings used for DP-SurVAE (our method) and the baseline com-
petitors:

¢ DP-SurVAE (this work):
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Learning rate: [r = 1 x 10~*

Latent space dimension: | = 20

Desired sparsity level a: 0.99 for miRNA, 0.999 for mRNA
Mask regularization weights: 3 = 103, and \y = o = A3 =1
e SurvLIME (Kovalev et al.,[2020):

— mRNA: Number of samples M = 5, number of neighborhood samples N = 10
— miRNA: Number of samples M = 10, number of neighborhood samples N = 20

SurvSHAP (Krzyzinski et al., [2023):

— mRNA: Number of samples M = 20, number of background samples N = 5

— miRNA: Number of samples M = 20, number of background samples N = 5
SHAP (Lundberg & Leel 2017):

— We use GradientExplainer

— mRNA: number of background samples N = 100

— miRNA: the entire training set is used as the background
LIME (Ribeiro et al.| 2016):

— Weuse LimeTabularExplainer

— The entire training data is used as the neighborhood for both mRNA and miRNA

For each experiment and each fold, the fold number is used as a seed for the number generator.

G METHOD PARAMETERIZATION

We conducted additional experiments, averaged over five runs across the 18 miRNA TCGA cohorts
(Table[T3)), to assess the contributions of different components:

* Loss ablation: Removing the double-pass loss Lgpip reduces the C-index by 17% on aver-
age, confirming its substantial contribution.

» Masking ablation: Replacing the current masking scheme with random masking decreases
the C-index by 11% on average.

* MMD vs. KL divergence: Substituting MMD with KL divergence results in a 6% drop in
performance.

* 1 vs. z: At test time, using z from the parametrization trick instead of the mean leads to an
11% decrease in C-index. These results consistently highlight the importance of our design
choices for robust survival prediction.

H THE USE OF LARGE LANGUAGE MODELS (LLMS)

We have used ChatGPT as a general-purpose assisting tool: (i) for grammar checking of certain
paragraphs, (ii) for discussing and better understanding related work, and (iii) for code formatting
in a few Python modules.
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No DPLPL

Z TRICK TEST
No MMD
Random Masking]
DP-SurVAE ©Ours)

Cancer
BLCA | 0.483 0.553 0.640 0.576 0.661
0.04 0.05 0.03 0.05 0.03
BRCA | 0.524 0.536 0.533 0.562 0.536
0.03 0.03 0.03 0.03 0.03
CESC | 0.511 0.541 0.489 0.550 0.696
0.06 0.05 0.06 0.06 0.04
COAD | 0.467 0.528 0.558 0.521 0.613
0.06 0.06 0.04 0.05 0.04
ESCA | 0.516 0.598 0.526 0.527 0.652
0.07 0.05 0.05 0.06 0.03
HNSC | 0.508 0.547 0.582 0.535 0.579
0.03 0.03 0.03 0.03 0.03
KIRC | 0.503 0.564 0.704 0.605 0.713
0.05 0.05 0.01 0.05 0.01
KIRP 0.487 0.630 0.575 0.609 0.763
0.07 0.06 0.08 0.08 0.04
LGG 0.492 0.645 0.735 0.657 0.745
0.06 0.07 0.02 0.06 0.01
LIHC | 0.543 0.517 0.514 0.523 0.538
0.03 0.04 0.03 0.04 0.03
LUAD |0.5227 0.551 0.592 0.529 0.593
0.03 0.04 0.02 0.05 0.02
LUSC | 0.510 0.516 0.543 0.479 0.544
0.03 0.02 0.03 0.03 0.03
MESO | 0.480 0.519 0.513 0.548 0.573
0.05 0.06 0.04 0.04 0.05
oV 0.515 0.519 0.525 0.492 0.535
0.02 0.02 0.02 0.02 0.03
PAAD | 0.461 0.512 0.525 0.502 0.567
0.04 0.05 0.05 0.05 0.05
SARC | 0.512 0.500 0.525 0.551 0.621
0.05 0.05 0.05 0.05 0.04
STAD | 0.525 0.517 0.583 0.502 0.588
0.04 0.03 0.04 0.03 0.02
UCEC | 0.483 0.535 0.685 0.545 0.629
0.04 0.05 0.03 0.05 0.03
Wins 1 0 2 1 14

Table 15: Ablation study: c-index comparison on miRNA cohorts; standard errors (2nd row).
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