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ABSTRACT

The incidence of the vast majority of neurodegeneration, cancer, and metabolic
diseases generally increases exponentially with age. In large-scale biobanks, link-
ing time-to-diagnosis information in electronic health records to multiple genomic
(“multiomics”) measures has the potential to reveal the genes and biological path-
ways involved in the disease onset and progression. To date, association test-
ing has commonly been conducted by testing one variable at a time using semi-
parametric Cox proportional hazards (CoxPH) models, which ignores correla-
tion structure and increases the risk of false discoveries. To address these is-
sues, we introduce a novel fully parametric computational method, vampW, based
on the Bayesian Vector Approximate Message Passing framework applied to a
Weibull model. vampW jointly models correlated features, while providing an
interpretable hazard structure, producing a continuous survival curve, and incor-
porating prior knowledge. In an extensive simulation study, we demonstrate that
joint modeling of proteomics data and time-to-event outcomes using vampW sub-
stantially reduces false discoveries in comparison to marginal testing and other
forms of joint CoxPH models. The application of vampW to 2,924 proteins across
24 diseases in 53,018 individuals from the UK Biobank, identifies 219 protein
associations, the majority of which are not among the top marginal discoveries.
vampW also achieves a significant improvement in the prediction of disease on-
set times: across 14 medical outcomes, it reduces the root mean squared error
by over 32% and 26%, when compared respectively to CoxPH variants and the
deep learning approach DeepSurv. In addition, vampW outperforms deep learning
methods in the data-scarce regime on common survival benchmarking datasets. In
summary, vampW offers accurate and interpretable variable selection and out-of-
sample prediction within a single computational framework, making it a powerful
tool for dissecting the proteomic architecture of human health span.

1 INTRODUCTION

Aging is the primary risk factor for the vast majority of common chronic, noncommunicable diseases
that cause illness and death worldwide. The relationship is generally exponential, where disease risk
and incidence increase sharply with advancing age (Kopp}2024). The potential genes and pathways
involved in disease onset and progression can be identified by associating time-to-diagnosis informa-
tion contained within electronic health records to multiple genomic (“multiomics”) measures (Gadd
et al., 2024; |Sun et al., [2023)). The prognostic biomarkers identified can then provide predictors of
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age at disease onset, facilitating patient screening programs and preventative medicine (Gadd et al.,
2024; Sun et al., 2023)).

To date, the two main tasks in survival modeling of multiomics data—association testing and out-
of-sample prediction of disease onset age—are almost always conducted using semiparametric Cox
proportional hazards (PH) models. More precisely, association testing of disease onset age in ge-
nomic studies has predominantly been conducted with marginal CoxPH testing (Gadd et al.|, [2024;
Gong et al., 2025 Deng et al.l |2025)). This corresponds to analyzing one genomic feature at a time
and it ignores pervasive correlations among genomic measures (Argentieri et al., |2024)), making it
difficult to identify which proteins are most likely driving the observed patterns, with an increased
risk of false discoveries (Fan et al.| 2024)). For prediction tasks, penalized CoxPH models (Tibshi-
rani,|1997) are frequently employed (Gadd et al.| [2024} |[Kuo et al.,|2025)), enabling the simultaneous
modeling of many markers while shrinking or zeroing out a subset of coefficients. Cross-validation
is commonly used to select the optimal level of penalization. Stability selection (Meinshausen &
Biihlmann, |2010) can further be applied to identify the most robust predictors and reduce the impact
of stochastic variability in model fitting. For both tasks (namely, association testing and prediction),
the CoxPH model relies on a partial likelihood that ignores the baseline hazard and the exact spacing
between events. While this makes semi-parametric Cox regression robust and widely applicable, it
is statistically less efficient because it depends only on the ordering of event times rather than their
absolute values. Hence, it does not provide direct predictions of absolute event times. Instead, it
yields relative risk scores with respect to other individuals in the dataset.

Here, we address the limitations of semi-parametric models and the false discoveries of marginal
testing by introducing vampW, a joint estimation procedure based on Vector Approximate Mes-
sage Passing (VAMP) (Rangan et al.l |2019; |Schniter et al.| |2016) that employs a fully parametric
Weibull survival model. Approximate message passing (AMP) (Donoho et al 2009} Feng et al.|
2022)) refers to a family of iterative algorithms with several attractive properties for the proposed
application, namely (i) allowing the use of a wide range of Bayesian priors, (ii) achieving Bayes-
optimal performance in several settings (Barbier et al., 2019} [Montanari & Venkataramanan, 2021}
Mondelli & Venkataramanan, [202 1} Barbier et al.,|2023)), and (iii) enabling association test statistics
to be obtained via state evolution (Bayati & Montanari, 201 1; |Bolthausen, |2014), a low-dimensional
recursion tracking the probability distributions of objects inside the algorithm. (Depope et al., 2026))
have demonstrated the applicability of the AMP framework to genome-wide association studies
(GWAS) and whole genome sequence data (WGS). However, the model considered by (Depope
et al.| [2026)) is linear and the data is not censored, as is standard in GWAS and WGS. Here, in con-
trast, we analyze protein measures from the UK Biobank Pharma Proteomics Project (PPP) dataset
(Sun et al.} |2023)), where the majority of the data is right-censored, see Section@]for details. Fur-
thermore, the Weibull survival model we employ, whose applicability to omics and medical data
is well documented in the literature (Ojavee et al.l [2021}; |Plana et al., 2022; |Duan et al.| 2018)), is
highly non-linear. The methodological novelty of vampW lies in the introduction of Weibull channel
denoisers and in handling right-censoring within VAMP framework. The key differences between
vampW and the marginal CoxPH method are outlined below:

¢ In the vampW framework, all markers are modeled jointly. This allows the modeling of cor-
related features, and it captures combined effects that marginal one-at-a-time tests cannot
detect.

* In vampW, the markers are modeled under the Weibull model, which offers an interpretable
hazard structure. Depending on the value of its shape parameter, the hazard rate can in-
crease, decrease, or remain constant over time.

» vampW is based on the full likelihood, which captures the probability of the observed data
under the complete model specification. In contrast to the partial likelihood used by CoxPH
models, the full-likelihood approach exploits the actual event times directly.

e vampW produces a continuous survival curve, whereas the Cox model paired with the
Breslow estimator yields a piecewise-defined baseline hazard. As a result, the Cox model
cannot extrapolate beyond the last observed event time, while vampW can generate long-
term survival predictions because its parametric form is defined over the full time domain.

» vampW naturally supports the incorporation of prior knowledge or specific information
within a Bayesian framework. The method produces posterior mean estimates together
with credible intervals, allowing for explicit quantification of uncertainty.
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Using large-scale proteomics data linked to electronic health records (Sun et al.l 2023} [Hu et al.,
2025; [Wang et al., [2025)), we conduct extensive simulations and benchmarking analyses to demon-
strate that joint modeling of time-to-event outcomes using vampW substantially reduces false-
positive protein associations, as compared to conventional one-protein-at-a-time testing and other
forms of CoxPH models. Across the 24 outcomes, we discover 219 protein associations and show
that protein—outcome associations are sensitive to the method of age correction. In addition to
identifying several well-established biomarkers, we find novel associations that may point to pre-
viously unrecognized disease pathways. In particular, we identify CXCLI7, previously reported
as a potential biomarker for colorectal cancer and ischemic heart disease, as being associated with
depression. Moreover, across 14 medical outcomes with sufficient prevalence for out-of-sample
evaluation, vampW predicts age at onset with an average root mean squared error which is over
32% and 26% lower than CoxPH variants and the deep learning approach DeepSurv (Katzman
et al.l 2018)), respectively. Finally, we show that vampW outperforms deep learning methods in the
data-scarce regimes on standard survival benchmarking datasets, demonstrating the utility of our
approach across datasets in the life sciences.

2 DATA MODELING AND EXISTING METHODS

2.1 WEIBULL MODEL FOR TIME-TO-EVENT OUTCOMES

We consider a Weibull(«, ) model, one of the most common models in survival analysis, where
«a and n are the shape and scale parameters. We follow a recently proposed formulation of the
model (Ojavee et al 2021), where we aim to estimate mean and variance of the time-to-event
outcome. Let y; be the time at which the individual ¢ experiences the event, and consider the survival
function S(y;) = exp(—(£:)*). In the logarithmic space, the mean and variance of the model can
be separated as follows:

K
Ellog(y:)] = log(mi) — —, (1)
2
Var[log(y;)] = %, (2)

where K is the Euler-Mascheroni constant (= 0.57722). Once the variance is independent of
the scale parameter 7;, one can introduce the vector of underlying latent genetic effects 3 as
n = exp(p + XB + L), resulting in E[log(y)] = p + X3, where X € RV*F is a design
matrix containing observations on N individuals and P biological markers, y = [y1,...,¥yn],
n = [n,...,nn], B is the vector of marker effects, and p represents the model intercept. The
columns of the matrix X are normalized, i.e., they each have zero mean and unit variance. Us-
ing the fact that the logarithm of a Weibull random variable follows a Gumbel distribution and the
Location-Scale property of the Gumbel distribution, we formulate the final model as

w K
log(y) =p+XB+—+ —, 3)
a o«
where w = [wy,...,wy] with each w; following the Gumbel(0, 1) distribution. We note that

in the algorithm and software described below, any arbitrary measurement represented in floating
point can be accommodated as the entries of X. These can be gene expression, methylation, copy
number variants, DNA sequence variation, protein measures, which can all be included alongside
one another.

To allow for a range of effect sizes from different data types, we select the prior on the marker effects
(3 to be distributed as a form of spike and slab distribution, with non-zero signals coming from a
mixture of normal distributions,

L
B~ (1= X+ AD_mi - N(0,07), “
i=1
where (71, ..., 7) denotes the vector of inclusion probabilities for each of the L mixture compo-
nents, do is a dirac spike function at 0, X is the sparsity ratio, and (0%, ..., 0% ) are mixture-specific

variances.
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Finally, we account for the right-censoring issue inherent in time-to-event data. In practical appli-
cations, the true event time y; is often right-censored, meaning that the event of interest has not
occurred for some individuals by the end of the study. Consequently, we do not observe y; directly
for all ¢; instead, we observe the time min(y;, C;) and an indicator §; = I(y; < C;), where C; is the
censoring time and §; = 1 implies the event was observed while §; = 0 implies it was censored.

2.2 UK BIOBANK PROTEIN DATA AND TIME-TO-EVENT PHENOTYPES

To validate our proposed approach, we analyze protein measures from the UK Biobank Pharma Pro-
teomics Project (PPP) dataset (Sun et al., [2023). We use a total of 2,924 unique proteins measured
across 53,018 individuals, obtained using the antibody-based Olink Explore 3072 PEA. We stan-
dardize each protein vector across individuals (ignoring missing values) to obtain zero mean and
unit variance, and then impute the missing values with zeros. We adjust the protein levels by re-
gressing them on the covariates sex and age via the linear model «; - sex + a5 - age. We then use the
resulting residuals, representing the component of protein variation not explained by sex and age.
This follows previous studies which use the same correction factors (Deng et al., 2025} |Gadd et al.,
2024), having shown that adjusting for genetic principal components, protein batch, and study center
has minimal effects on protein levels. Additionally, to explore non-linear effects of age on protein
levels (Sigurdsson et al.| |2025), which have not been previously considered in protein-disease onset
association testing, we perform a covariate adjustment by including an exponential age component,
alongside the linear term, in the model a; - sex + «vp - age + a3 - exp(age). Throughout all analyses,
we use a 90%/10% split for train and test subsets.

The 24 phenotypes under investigation are described in Table [I]deferred to Appendix [A] We choose
not to include schizophrenia because preliminary analyses of its age-at-onset distribution reveal a
substantial deviation from a Weibull model, along with a comparatively uniform hazard rate across
the observed time span, see Figure [] in Appendix [B] We consider an individual’s time of event
from the UK Biobank health records of the first reported occurrence (Category 1712). For major
depression, we combine two data fields into one joint set, particularly the first reported depressive
episode (UK Biobank code 130894) and the first reported recurrent depressive disorder (UK Biobank
code 130896). Similarly, for inflammatory bowel disease, we combine the first reported cases of
Crohn’s disease (UK Biobank code 131626) and ulcerative colitis (UK Biobank code 131628) into
one joint set. In the type 2 diabetes cohort, we exclude individuals who are observed to have type 1
diabetes (UK Biobank code 130706) at the same time.

For cancer phenotypes (Breast, Prostate, Colorectal, Lung, Gynecological, and Brain/CNS), we use
data from the UK Biobank cancer registry. Cases were defined by the presence of disease-specific
ICD-10 (field 40006) or ICD-9 (field 40013) codes across any of the 22 reported instances. The
specific codes for each cancer type are detailed in Table [2|in Appendix |Al For identified cases, the
time-to-event was defined as the minimum age at diagnosis recorded across all matching instances
(field 40008). For individuals without a diagnosis (censored observations), the time-to-event was
calculated as their age at the initial assessment center visit, derived from the date of assessment
(field 53) and year of birth (field 34).

2.3  SIMULATION STUDY

We conduct a simulation study to demonstrate the utility of the vampW method as a prediction
and association-testing tool. We exploit pre-processed (standardized, not adjusted for covariates)
real protein measures from the UK Biobank PPP dataset, described above. We simulate artificial
phenotypic outcomes in different scenarios, varying multiple parameters, namely: (i) the proportion
of variance explained by biological markers o2, € {40%,80%}, (ii) the proportion of censored
individuals C' € {90%, 95%}, (iii) the phenotype distribution (Weibull, ExpGamma), (iv) the prior
distribution of the slab part of the regression coefficients (Normal, Laplace), and (v) the ExpGamma
distribution parameter £ € {0.8,1.2}. This yields 24 scenarios in total, summarized in Table [3|in
Appendix [A] Details on simulating ExpGamma outcomes are in Appendix [F|
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The causal signals are sampled from either an i.i.d. zero-mean Bernoulli-Gaussian or Bernoulli-
Laplace spike and slab distribution:

2
C

2
5‘7 ~ (]_ — )\)50 —+ )\ . Laplace (07 @)7 (6)

where 0% is the target variance explained by biological markers (plasma protein levels). The aim is
to spread the variance explained to a certain number of causal markers Po. We use A = 0.1 which,
given the total of 2,924 markers, corresponds to roughly 292 causal markers. Note that the variance
of the Laplace distribution is determined by its scale parameter. We then generate the phenotypic
outcome y; as either a Weibull or an ExpGamma distribution, as described in Appendix [F}

To simulate data that more closely mimics real-world cohorts, we also account for censoring in the
simulation procedure. Specifically, we randomly select a proportion C' of individuals to be censored.
For each censored individual 7, we multiply the simulated outcome y; with a random factor drawn
from a uniform distribution Unif(0,1). We repeat the simulation 20 times for each scenario to
obtain independent realizations of the simulated data. We also resample train/test sub-splits in ratio
90%/10% across data realizations.

2.4 BENCHMARKING METHODS

We evaluate vampW against state-of-the-art survival analysis approaches, specifically: (i) one-at-
a-time marginal CoxPH testing (CoxPH marginal); (ii) non-penalized CoxPH fitted to all markers
simultaneously (CoxPH); (iii) LASSO-penalized CoxPH (Tibshiranil [1997) with cross-validation
and stability selection (CoxPH LASSO); and (iv) DeepSurv (Katzman et al., [2018)). One-protein-
at-a-time testing (CoxPH marginal) is among the most commonly used approaches for variable
selection. Joint models offer an alternative which fit each marker in the structural context of all
other markers. Furthermore, a penalized model (CoxPH LASSO) enables joint selection of markers
while shrinking or zeroing out some coefficients. Cross-validation is used to determine the optimal
level of penalization, and stability selection is then applied to identify the most robust predictors and
reduce the impact of stochastic variability. DeepSurv represents one of the most commonly used
deep learning approaches for survival analysis, capable of modeling complex nonlinear relationships
among biological markers. For CoxPH and CoxPH marginal, we use the Python lifelines (Davidson-
Pilon, [2019) library with its default settings, which estimates the baseline hazard using the Breslow
estimator and outputs the regression coefficients and corresponding p-values. Bonferroni correction
is applied for multiple testing rejecting the null hypothesis H if the p-value p < 0.05/P, where
P = 2,924 tests correspond to the number of proteins.

For traits where CoxPH with default parameters failed to converge, we follow the guidelines pro-
vided by the lifelines documentation for resolving convergence issues in the Cox Proportional Haz-
ard mode Consistent with these recommendations, we use fixed initialization parameters with
adjusted penalization and step sizes to ensure stability. Specifically, for liver disease, we employ a
penalization of 0.1 and a step size of 0.95; for Alzheimer’s disease, multiple sclerosis, Parkinson’s
disease, systemic lupus erythematosus, vascular dementia, as well as the colorectal, gynecological,
and lung cancer datasets, we employ a penalization of 0.001 with a step size of 0.95; finally, for
inflammatory bowel disease, and brain and CNS cancer, we employ a penalization of 0.001 and a
step size of 0.5.

For CoxPH LASSO, we use Python’s scikit-survival (Polsterl, |2020) implementation with a grid
search to identify the optimal penalty. We perform 5-fold cross-validation, further splitting the train-
ing data, and sweep over 16 penalizer values in logarithmic space, from 10~* to 10Y. After selecting
the optimal penalizer, we perform stability selection (Meinshausen & Biihlmann, 2010) by fitting
100 parallel penalized regressions, each trained on a random 75% subset of the data. We then retain
only the stable variables appearing in at least 90% of the models. Finally, we fit a non-penalized
CoxPH model from lifelines using only these stable features, estimating the baseline hazard via the
Breslow method to obtain the final refined regression coefficients and their corresponding p-values.

lhttps://lifelines.readthedocs.io/en/latest/Examples.html#problems—wit
h-convergence-in-the-cox-proportional-hazard-model
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For running DeepSurv, we use the code provided by the authors (Katzman et al.| |2018)), using one
hidden layer and turning the batch normalization and standardization on. To optimize performance,
we explore the hyperparameter space via a grid search over the following parameters: ¢3Reg €
{0.01,1, 5}, dropout € {0,0.1}, learning rate (LR) € {0.001,0.0001}, size of the hidden layer
€ {256,512,1024}. Moreover, we fix the LR decay to 0.001, momentum for the Adam optimizer
to 0.9 and number of epochs to 500. During the grid search, the training set is further randomly
split into an 90% sub-train set and a 10% validation subset, optimizing for the best C-index on
the validation set. To predict age at onset using DeepSurv, we use the predicted log-risk scores
from DeepSurv as input to the lifelines CoxPHFitter, which estimates the baseline hazard using the
Breslow estimator and predicts expected onset times. For CoxPHFitter, we set the step size to 0.5.

All benchmarking methods described here, including vampW, operate on the outcome vector y in
the time domain, after standardization on the logarithmic scale, so that log(y) has zero mean and
unit variance. To obtain root mean square error (RMSE) values in units of years for predictions of
UK Biobank outcomes, we rescale the model predictions from the log-standardized space back to
the original time scale, using the mean and standard deviation of log(y¢rqin ), With Y¢rqin denoting
the training part of y. The RMSE is evaluated using only uncensored samples, as the true event
times for censored data are unobserved and the benchmarked methods do not explicitly model the
censoring time distribution.

3  VAMPW ALGORITHM AND ITS IMPLEMENTATION

Our proposed algorithm, vampW, is based on Vector Approximate Message Passing (VAMP) for
generalized linear models (Rangan et al., [2019), (Schniter et al.,|2016)), where the outcome variable
is observed through a noisy and non-linear Weibull channel. It adaptively estimates the prior-specific
parameters © = {\, (m;),, (67)E ,} via a Bayesian Expectation-Maximization procedure, as in-
troduced in EM-VAMP (Fletcher & Schniter, [2017). vampW introduces a novel approach for han-
dling censored data, as well as denoisers derived specifically for Weibull link functions and the
corresponding expectation-maximization updates. We highlight that no existing VAMP method is
able to address the challenge of censored data.

As seen in Algorithm [1| vampW consists of two denoising steps and two (non-linear) minimum
mean square error (MMSE) estimation steps, applied separately to the vector of effect sizes 3 and
to the latent predictor. The denoising step accounts for the prior properties of the model when con-
sidering a noisy estimate of either 3 or the latent predictor, while the MMSE step further refines
the estimates by taking the correlation structure among the columns in the design matrix X into ac-
count. The key feature is the so-called Onsager correction, which is added to ensure the asymptotic
normality, of the noise corrupting the algorithm’s estimates of 3 at every iteration, important for
the subsequent feature selection. A direct application of generalized EM-VAMP to real genomics,
epigenetics and proteomics measures may lead to signal-estimation divergence, primarily due to vio-
lations of right-rotational invariance in the data design matrix, one of the assumptions in the original
EM-VAMP algorithm. To mitigate these stability issues, we perform damping of denoised signals
following (Rangan et al., [2019), as seen on line 11 of Algorithm |1} where p € (0,1) denotes the
damping factor. This approach makes the algorithm take smaller steps when learning 3. In order to
further stabilize convergence and improve prediction performance, we employ damping autotuning
(Vila et al., 2015): we iteratively reduce the damping by the factor ¢, while the training prediction,

using signal estimates from the denoising step 31, increases over the last iteration, measured by
the concordance index (C-index), as seen in line 12 of Algorithm[I] The damping choices affect
the convergence properties when searching over the parameter space, as too strong damping may
cause the algorithm to get stuck in local minima; and thus we propose a grid search of starting pa-
rameters which is facilitated by the efficient implementation of our algorithm. Following (Depope
et al., 2026), we employ the Hutchinson estimator (Hutchinson, [1990) to evaluate the trace of the
inverse of regularized Gram matrices, and we warm-start the conjugate gradient (CG) algorithm ap-
proximating the solution of the linear system (line 32 in Algorithm|[T)). The CG solver is initialized
from the value at convergence in the previous iteration, which leads to reduced computational time.
Compared to the gVAMP algorithm introduced by (Depope et al., |2026)) for a linear model without
censoring, vampW derives a non-linear Weibull model within the AMP framework and incorpo-
rates censoring information into the process (as detailed in the paragraph below), thus requiring two
denoising steps and two non-linear MMSE estimation steps.
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Algorithm 1 vampW

1:

34:
35:

36:

37:
38:
39:
40:
41:
42:
43:

s fort=0,1,...

Input: max number of iterations Ny,

normalized design data matrix of uncensored individuals X € RN*P,
normalized design data matrix of censored individuals X € RNe* P,
vector of measured phenotypes y € RY,

vector of censoring times yc € RMe,

initial noisy signal estimate 71y € R”,

initial signal precision estimate 19 > 0,

initial noisy genetic predictor estimate p;o € RY,

initial genetic predictor precision estimate 79 > 0,

initial set of parameters defining prior distribution Oy,

initial estimate of Weibull model hyperparameters u € R and oo > 0,
damping factor p,

damping reduction factor ¢, < 1,

max damping autotune steps N,_sseps>

flag to enable damping autotuning

7]\]it dO

Denoising of the effect sizes

EM update of the prior distribution parameters ©, called O,

Brew = E[B|r1: = B+ N (0,7 ), 111, O4]

if ¢ = 0 then
ﬂlt = /Bnew
else

if damping autotuning is enabled then
fork=1,..., N, scps do
/Blt :p‘ﬁnew'f(l_p) 'ﬁlt—l .
if C‘indextrain(glt) > C'indextrain(ﬂlt—l) then
break
else
ppcy
end if
end for
else R R
ﬁlf, =p- /Bnew + (1 - p) . /Blt,—l
end if
end if
o = 1t - (Var[Blr; = B+ N (0,75, 1), 71z, ©4])
Yot = V1t - (1 =)oy
ror = (B — anri) /(1 — axy)

Denoising of the genetic predictor (see Appendix|[C)
211 = g-(P1t, T1e)

vig = {11 /(11 +?y* e
Tot = T1g - (1 — v1g) /v1e
P2t = (211 — vip1e) /(1 — v1e)

*Ut(IH»zAn)*K»

EM update of the estimates of Weibull model hyperparameters o and p (see Appendix
Nonlinear censoring MMSE of the effect sizes (see Appendix[D)
) = (120 X7 X + 72ed) " (12e X T Pt + y2em)
Compute By, by solving F/(3) = 0 with initialization B3;,;; = ﬁgz), where
F(8) = 212 + 72 X" X)B + aXF exp(allog(ye) — n — XcB) — K

g = 2791 - Trace([JsF(Ba)] 1)/ P, where J3F(Ba) = 2(vaed + 12: X T X) + aV2g(Ba:)
Yi,t41 = ’YQAt (1 — o) /o
T4 = (B2 — aoeray) /(1 — y)

MMSE of the latent predictor
Zor = X Bot .
Vo = 2+ 7oy - Trace(X - [JaF(B2:)] - XT)/N
T1a41 = Tor - (1 — vag) fvas
D141 = (220 — varpar) /(1 — v2y)
end for
return (31,

Handling right censorship with vampW As disease outcomes are only partially observed, with
data being frequently right-censored, we revise the LMMSE formulation of the standard VAMP
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algorithm for generalized linear models to explicitly incorporate the censored phenotypes. Let C =
{i | 9; = 0} denote the set of indices corresponding to the N¢ censored individuals (|C| = Ng¢),
Ye = [Ye,- -1 Ye,Ne| € RNe the censored observations and z¢ = X3 the corresponding linear
predictors, where X represents the matrix containing only information on individuals in C. We note
that both the data matrix and the phenotype vector are split into censored and uncensored individuals
at runtime, without the need to perform the splits manually beforehand.

We reformulate the problem by incorporating the survival function of the standard Gumbel distribu-
tion Sy, into the likelihood term of the optimization problem. We recall that the survival function of
the standard Gumbel distribution evaluated at « (log(y.;) — 1 — (XeB):) — K reflects the proba-
bility that the censored individual 4 survived longer than the censoring time y. ;. Motivated by this
interpretation, the final optimization task at hand becomes:

B = arg min {72t||7'2t = B35 + 72ellp2e — X B3
BERP

e )
— > log S (a (log(yes) — 1 — (X)) — K) }
=1

This objective function represents a Maximum A Posteriori (MAP) estimator for the current VAMP
iteration. The quadratic terms incorporate the extrinsic information passed from the VAMP factor
graph (approximated as Gaussian priors with precisions s, and 7o), while the logarithmic term ex-
plicitly handles the non-Gaussian nature of the censored data by maximizing the survival probability
S for the unobserved event times. Following the derivation described in Appendix [D] we obtain the
following formulae for the Onsager correction terms at iteration ¢:

2y - Trace([JgF (B2)] ") 2.7y - Trace(X - [JgF(Bar)] - XT)
= P and Vot = N )

Qo

where I/ : RP — R” is the gradient of the objective function defined as

F(B) =2(yaid + 72 X" X)B + a X exp (a(log(yc) — p — XcB) — K).

Initialization. The vampW framework allows several parameters to be specified before running
the algorithm. Some of these are estimated from the data, while others influence convergence behav-
ior. In our simulations, we intentionally initialize vampW with a mis-specified prior to demonstrate
that the algorithm can adapt and learn the prior from the data. Following the prior definition in
Equation [4 we initialize the slab part of the prior with unit variance and sparsity A = 0.3. While
the majority of traits utilize a unit slab part variance, a smaller variance of 0.01 is applied to specific
diverged scenarios. In our analysis, we observe better stability of the algorithm when using only
1 slab component (L = 1). Furthermore, we initialize the o parameter in the Weibull model to 3
(Equation [3). We fix the damping factor at 0.3 and train the algorithm for 30 iterations. Based on
our observations, this number of iterations is sufficient for the hyperparameters to stabilize. Finally,
we choose the best iteration based on train concordance index after 5 warm up iterations.

We initialize vampW for all 24 UK Biobank traits with a consistent prior structure, setting the initial
shape parameter a = 3 and sparsity rate A = 0.3 and only one mixture component in the slab part.
While the majority of traits utilize a slab variance of 0.01, a wider variance of 1 is applied to specific
phenotypes such as hypertension and death. The global shrinkage parameter p is initialized between
0.3 and 1.0 depending on the trait, with an adaptive p strategy enabled for a subset of runs, including
depression, Parkinson’s disease, and several cancer endpoints, to allow for dynamic adjustment of
update speed. More details can be found in Tables @}f5]in Appendix [A] As in the simulations, we
choose the final iteration based on the best training concordance index after 5 warm-up iterations.

Association testing. To evaluate the statistical relevance of the markers and test their associations
with the traits under investigation, vampW provides Bayesian Posterior Inclusion Probabilities (PIP).
Following Algorithm T} PIPs are calculated using the noisy signal estimates r; ; and the associated
precision 7y; ¢ at iteration ¢, relying on the interpretation of those quantities within AMP frameworks
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in the standard setting with no censoring. We employ the PIP formulation in (Depope et al.,|2026),
ie.,

At Zle Tt 'N((Tl,t)j; ngi2,t =+ ’71_151)
MYy i N((r00)550,02, 4 00) + (1= M) - N ((r100)530,914 )

where ; is the posterior probability that marker j has a non-zero effect, and {\, (m;)Z |, (¢2)L_;}
are prior parameters (Equation ) adaptively learned throughout the vampW iterations. The PIP can
be viewed as the Bayesian analogue of a p-value. We use a PIP threshold of 0.95, which represents
strong evidence that a variable is associated with the outcome and corresponds to a 5% probability

of false discovery in a calibrated setting.

G =

®)

Computational efficiency. vampW can be run as a single-threaded program on an HPC cluster,
requiring approximately 64 GB of random-access memory (RAM) per trait and an average of 12.7
CPU hours (measured on AMD EPYC 9654 Processor) to complete a single trait analysis. This
corresponds to approximately 7.3 GBP when run on a cloud-computing DNAnexus virtual machine
(mem3_ssd3_x8)°| which is required due to data protection. The CoxPH LASSO approach can be
parallelized, requiring a total of 160 GB of RAM when using 10 parallel CPU cores. With an
average of 60.8 CPU hours required per trait, this corresponds to 10.5 GBP per trait when run on
a mem3_ssd3_x24 machine. In comparison, CoxPH requires an average of 0.3 CPU hours per trait,
and marginal CoxPH requires 0.1 CPU hours per trait, however those methods score lowest in our
benchmarks in out-of-sample prediction and variable selection as we show in Section 4]

Benchmarking in data-scarce regime We conduct a comparison of vampW with deep learn-
ing survival methods on several commonly used datasets, namely METABRIC, GBSG, SUPPORT,
and SAC3, obtained from the pycox python library (Havard Kvamme), [2024). Following the study
(Monod et al.|, [2025), we examine vampW in the data-scarce regime by subsampling the datasets to
100 samples for training and 25 samples for testing. We recreate the exact subsets used in (Monod
et al.,2025]), enabling a direct comparison of our results with those reported in the central analysis of
the study. We report results for several recent and more traditional deep learning methods, namely:
Multi-Task Logistic Regression (MTLR) (Yu et al., [2011)), DeepHit (Lee et al., [2018)), DeepSurv
(Katzman et al.| 2018)), LogisticHazard (Gensheimer & Narasimhan, [2019), CoxTime (Kvamme
et al., 2019), CoxCC (Kvamme et al.,[2019), PMF (Kvamme & Borgan, |2019), PCHazard (Kvamme
& Borgan, |2019), BCESurv (Kvamme & Borgan, 2023), DySurv (Mesinovic et al.,2024), SumoNet
(Rindt et al., [2022), DQS (Yanagisawal 2023)), and NeuralSurv (Monod et al.| 2025). Here, we ini-
tialize the vampW prior with one slab component of unit variance and 50% probability. We set the
initial parameter « to 3 and the damping factor to 0.3, allowing for automatic damping tuning over
a maximum of 4 iterations.

4 RESULTS

4.1 SIMULATION STUDY IN UKB PPP

We begin by benchmarking vampW against several state-of-the-art variable selection approaches
within a semi-synthetic simulation study. Using the 2,924 observed protein levels from the UKB
PPP dataset measured in 53,018 individuals, we simulate artificial phenotypic outcomes in the 24
scenarios described in Section We report the false discovery rate (FDR) and true positive rate
(TPR) in 4 representative scenarios in Figure([1} where FDR = FP/(FP+TP) and TPR = TP/(TP+
FN), with FP denoting number of false discoveries, TP the number of true positive discoveries, and
FN the number of false negative discoveries. FDR—TPR plots for all 24 simulation scenarios are
reported in Figure[]in Appendix

The results of Figure [T| show that joint variable selection under the Weibull model of our vampW
approach achieves a calibrated false discovery rate, while outperforming both marginal and joint
CoxPH models in terms of true positive rate. More precisely, marginal one-at-a-time association
testing using the Cox model produces over 80% false positives across all simulated scenarios, even
with a Bonferroni correction. This is due to the fact that, when testing each protein individually,

2https://documentation.dnanexus.com/developer/api/runninq—analyses/inst
ance—-types
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Figure 1: Simulation study of variable selection and out-of-sample prediction performance
using protein data from the UK Biobank. We present four representative simulation scenar-
ios (out of the 24 in total presented in Figures [5}j§] in Appendix [B]), covering low signal-to-noise
ratios, model mis-specification, and high censoring rates. Specifically, subplots (a, b, ¢, d) corre-
spond to simulation scenarios (m, o, q, t), as described in Table El Across all subplots, we use
the following color convention: vampW in blue, marginal CoxPH in black, joint CoxPH in orange,
LASSO-penalized CoxPH in green, and DeepSurv in red. In the first row, we show variable se-
lection performance as the relationship between false discovery rate (FDR = FP/(FP + TP)) and
true positive rate (TPR = TP/(TP + FN)). For vampW, we use posterior inclusion probabilities
(PIP) detailed in Section 3] while for the other methods, p-value testing across multiple thresholds
is employed, detailed in Section[2.4] Colored dots indicate the 0.95 threshold for vampW PIP and
the Bonferroni-corrected 0.05 threshold for the other methods. The second row presents prediction
performance measured by the concordance index (C-index) on a held-out test set. The last row
presents prediction performance measured by the Root Mean Squared Error (RMSE) between the
true and predicted survival times in the logarithmic domain, on uncensored individuals. The error
bars (black lines in the bar plots and gray shaded areas in FDR-TPR plots) represent the standard
deviation across 50 simulation replicates.

correlations can inflate false discoveries as the estimated effect is confounded by other correlated
proteins. Modeling the data using a single joint CoxPH model substantially reduces false positives,
leading to well-calibrated association testing with a false discovery rate below 0.05%. Furthermore,
employing a LASSO-penalized CoxPH model with 5-fold cross-validation and stability selection
increases power over the joint CoxPH model, while maintaining a well-calibrated false discovery
rate in most scenarios. However, the TPR achieved by the LASSO-penalized CoxPH model with
stability selection is still lower than that of vampW across all settings. The complete results for all
the 24 simulation scenarios in Figure[5are vastly similar. Overall, the TPR of vampW is higher, with
comparable or improved FDR to CoxPH approaches. This holds even under model mis-specification
(generalized Gamma distribution with shape parameter « € {0.8,1.2}) or when the prior distribution
of simulated regression coefficients follows a spike-and-slab prior with slab component being a
Laplace distribution which has heavier tails than the Gaussian slab prior used by vampW.

We investigate the ability of vampW to recover signals from highly correlated proteins, by annotating
proteins based on their correlation structure (the top 100 correlated proteins are shown in Figure [f]
in Appendix [B). If the correlation of a particular protein with any other protein is greater than 0.5
in terms of the absolute value of the Pearson correlation coefficient, it is categorized as a highly
correlated protein, with remaining proteins categorized as low-correlated. Figure [/| in Appendix
[B] shows that, among true-positive predictions with PIP > 0.95, the fraction of highly versus low-
correlated proteins closely matches the corresponding fraction among ground-truth in the simulation.
Thus, vampW has equivalent detection power across proteins of different correlation structure.
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Figure 2: Protein-coding genes discovered by vampW and their genomic positions. We show
proteins identified by vampW with a posterior inclusion probability (PIP) greater than 0.95. For
each chromosome, the top finding by PIP is labeled with the corresponding protein name. Disease
outcomes are categorized into four groups: neurological diseases, cardiovascular diseases, cancer
types, and other disease-related outcomes.

We then compare the out-of-sample prediction accuracy across approaches, using two metrics: (i)
Harrell’s concordance index (C-index), which measures the proportion of concordant pairs, defined
as C-index = (n. + 0.5 - ny)/ng, where n. is the number of pairs which are in the same order in
predictions in comparison to the observation, n; is the number of tied pairs, and n, is all possi-
ble admissible pairs; and (ii) root mean squared error (RMSE), which represents the average error
between the predicted times and the actual diagnosis times for uncensored individuals, defined as
RMSE(y,9) = (N~} Zfil(yz — 9;)?)Y/2, where 7 is the predicted outcome time and y is the
ground-truth for the uncensored individuals. For the simulation results (Figures[I]and 8], the RMSE
is computed on log(y), which is the quantity standardized to zero mean and unit variance by all
methods. For the results on real data (Figure[3] discussed in Section4.2), the RMSE is computed on
y, which represents the actual time of onset and hence provides a more interpretable quantity.

Prediction accuracies for different methods are presented in Figure [1|for 4 representative scenarios
and in Figure[8](in Appendix[B]) for all 24 simulation scenarios. These plots show that, in comparison
to CoxPH LASSO, vampW achieves higher C-index point estimates across all simulation scenarios,
as well as lower RMSE in most scenarios. We additionally compare vampW to DeepSuryv, a deep
learning extension of the CoxPH model developed for risk prediction. DeepSurv performs better
than the standard CoxPH in terms of both metrics, but is outperformed by vampW in all simulation
scenarios in terms of C-index. We refrain from comparing association testing performance with
DeepSurv, as the latter was primarily developed for prediction tasks (where it does not improve
upon vampW) and it does not provide variable selection within the current framework.

4.2 ANALYZING 24 DISEASE-RELATED OUTCOMES IN UK BIOBANK

We apply vampW to the age-at-diagnosis of 24 disease outcomes derived from medical records in
the UK Biobank, linked to protein measurements from blood samples. In Figure[2] we show vampW-
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discovered proteins that pass a PIP threshold of 0.95. For 9 of the 24 traits, no association passes
the PIP threshold. We also run marginal CoxPH, joint CoxPH, and LASSO-penalized CoxPH anal-
yses, all using Bonferroni-corrected p-value testing. Marginal testing identifies tens of times more
associations compared with joint vampW testing, consistently across most traits (exceptions being
Alzheimer’s disease, vascular dementia, brain/CNS disorders, and prostate disease). However, our
simulation study indicates inflated false discoveries when using marginal testing, which often selects
features that appear significant individually but are correlated with each other, whereas joint test-
ing produces a more biologically meaningful set of discoveries, reducing the need for unnecessary
follow-up experiments. The set of vampW discoveries is largely independent of the top-x marginal
discoveries, where x corresponds to the number of vampW discoveries. Specifically, the overlap
between vampW and the top-x marginal CoxPH results is 37 out of 219 vampW associations. This
indicates that vampW identifies largely novel associations, and that its joint testing capability cannot
be replicated simply by tightening the marginal testing p-value threshold. In comparison with joint
CoxPH and LASSO-penalized CoxPH, 61 and 110 associations, respectively, overlap with vampW.
The overlap indicates that vampW is not overly conservative in variable selection, as it identifies
proteins that are also detected by LASSO.

One of the leading associations we identify is the protein-coding gene CGA, which is associated with
multiple diseases, including endometriosis, T2D, depression, ischemic heart disease, liver disease,
Parkinson’s disease, gynecological cancer, prostate cancer, and colorectal cancer. Notably, plasma
levels of CGA are highly influenced by age and sex in non-linear ways and rank among the top
six protein-coding genes (alongside FSHB, SOST, GDF15, MLN, and PTN) exhibiting the most
significant age-dependent changes (Deng et al.| 2025} |Sigurdsson et al.| [2025). This suggests that
plasma levels of these proteins may be associated with these outcomes simply because both the
proteins and the time-to-diagnosis both vary exponentially with age.

To explore this further, we conduct an additional covariate adjustment including exponential age
effects along the linear ones, as described in Section[2.2] We re-analyze four representative traits in
Figure 0] (Appendix [B)), initializing vampW with the same priors as in the main analysis. This yields
associations of plasma protein levels with disease onset beyond age-related variation. The protein-
coding gene CGA, previously reported as age-associated, disappears from ischemic heart disease,
colorectal disease, and mortality associations when non-linear effects of age on protein levels are
taken into account. Moreover, for certain outcomes, the signal becomes attributed to a different
set of proteins, revealing new underlying biological structure. For example, we find the chemokine
CXCLI17 as associated with colorectal cancer, which is previously reported as a potential biomarker
for the diagnosis of colon cancer (Ohlsson et al.,|[2016).

Variation in the APOE protein, especially the alleles €3 and €4, has been widely established as
a risk factor for late-onset disease across multiple large cohorts (Williams et al., |2026). Regard-
less of adjustment for non-linear age effects, we find APOE to be significantly associated with
Alzheimer’s disease progression. Additionally, we find ACE to be associated with both hyperten-
sion and ischemic heart disease, supporting a role in blood pressure regulation (Zambrano et al.,
2023)). Prostate-specific antigen (PSA) is the most widely used clinical biomarker for identifying
men at risk of prostate cancer prior to symptom onset, and its mechanisms have been extensively
studied (Pellegrino et al., 2021)). PSA is encoded by the KLK3 gene, which exhibits the strongest
association with prostate cancer among all cancer associations in our study. Growth differentia-
tion factor 15 (GDF15) reduces food intake and represents a promising therapeutic target for the
treatment of type 2 diabetes (Aguilar-Recarte et al., |[2022). It is also a useful biomarker for identi-
fying individuals at increased risk of diabetes (Aguilar-Recarte et al.,|2022), and vampW exhibits a
strong association between GDF15 protein levels and type 2 diabetes. We also highlight the discov-
ery of collagen alpha-1(IX) COL9AI in type 2 diabetes, which was also identified by the standard
joint CoxPH model but not by CoxPH LASSO. Although it has previously been reported among
top plasma proteins (Deng et al.l [2025), it is not well established as a biomarker and may provide
novel insights into the biological pathways underlying the disease. Furthermore, we identify SOST
as a novel candidate associated with endometriosis, a potential biomarker that has not been widely
studied in this context.

In Figure[3] we show the absolute values of C-index and RMSE metrics across traits with more than
100 uncensored individuals present in the test set. In terms of RMSE, vampW outperforms all other
methods across all traits: on average, it reduces the RMSE by 33% with respect to CoxPH, by 32%
with respect to CoxPH LASSO and by 26% with respect to DeepSurv. Figure 3| gives the RMSE in
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Figure 3: Out-of-sample performance comparison for CoxPH, LASSO-penalized CoxPH,
DeepSurv, and vampW. We evaluate time-to-diagnosis predictions for 14 health-related outcomes
in the UK Biobank (traits with > 100 cases in the test set) using protein measurements adjusted
for age and sex. Model accuracy is assessed using the Concordance Index (C-index), which mea-
sures the probability of correctly ranking patient risks, and the root mean squared error (RMSE),
representing the average error in years between predicted and actual diagnosis times for uncensored
individuals. Training is performed on data that is first log-transformed and standardized to zero
mean and unit variance, and then scaled back using an exponential transformation. To represent
actual survival times, we rescale the predictions back to years using statistics from the training set.
A sensitivity analysis shows that using test-set statistics for this rescaling impacts results negligibly
and preserves the ordering of methods in terms of their performance. In terms of RMSE, vampW
significantly improves over all other methods. In terms of C-index, vampW outperforms CoxPH,
and it performs on par with CoxPH LASSO and DeepSurv.

the actual scale of years, and we also present the RMSE in the logarithmic time domain, assuming
standardized log(y), in Figure (Appendix @), which shows that the relative performance ranking
of the methods remains unchanged. In terms of out-of-sample C-index performance, vampW shows
an improvement over CoxPH in 11/14 traits, over LASSO-penalized CoxPH in 6/14 traits and over
DeepSurv in 9/14 traits. Furthermore, on average, the C-index of vampW is 0.5% better than that
of DeepSurv, 4% better than that of CoxPH, and 1.3% worse than that of LASSO-penalized CoxPH.
Finally, we note that the largest deviations from the Weibull distribution, as shown in Figure []
(Appendix [B)), occur for asthma and inflammatory bowel disease, for which vampW has limited
power for association testing but still demonstrates improved time-prediction performance over the
various baselines.

To demonstrate the wider applicability of our algorithm outside of the proteomics domain, we addi-
tionally benchmark vampW in data-scarce regimes using common survival benchmarking datasets,
following the study (Monod et al,2025). As shown in Figure[IT|(Appendix [B]), vampW outperforms
all deep learning methods on the METABRIC, SUPPORT, and SAC3 datasets, and outperforms 6
out of 13 benchmarking methods on the GBSG dataset.

5 DISCUSSION AND CONCLUDING REMARKS

In this work, we develop a novel algorithm, dubbed vampW, for Bayesian variable selection un-
der the Weibull model. Applying our approach to the largest proteomics data available to date, we
demonstrate its capability to jointly fit thousands of plasma proteomics markers across tens of thou-
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sands of individuals from the UK Biobank, revealing new disease biomarkers. Our simulation study
shows that vampW outperforms state-of-the-art methods for variable selection, reducing false dis-
coveries compared to marginal testing and improving the true positive rate relative to multiple forms
of CoxPH models. When analyzing real health-related outcomes from the UK Biobank, vampW
identifies 219 associations between protein levels and human complex diseases. For out-of-sample
prediction of the outcome ranking (C-index), vampW outperforms the standard CoxPH model and
achieves performance comparable to penalized versions of CoxPH and to the deep learning-based
method DeepSurv. For the prediction of disease onset times in uncensored individuals, vampW
yields more accurate predictions, measured by RMSE, as compared to all other benchmarked meth-
ods. We also show that vampW achieves strong out-of-sample prediction performance in other
non-proteomics data-scarce regimes, outperforming deep learning methods on most of the exam-
ined survival benchmarking datasets, even when trained on very small sample size.

There are several potential avenues for future work. First, plasma protein levels, as well as other
multi-omics markers, may be influenced by multiple confounding factors, such as medication use,
sex, and age, including non-linear effects of age on protein levels, as suggested by our ablation study.
In this context, a key direction for future work is to leverage the medical records of individuals in
the UK Biobank, which would allow adjustments for a broader set of potential confounders. More-
over, to examine whether variation in protein levels reflects disease predisposition or the disease
state itself, one possible approach is to restrict the analysis to individuals who experience events
after the date of blood sampling and assessment, rather than incorporating both prospective and
historical events. With more samples available covering a larger portion of the population preva-
lent with a certain disease, studying associations between survival time and protein levels during
the follow-up period represents a viable approach. Finally, our future work will also focus on im-
proving the computational efficiency of the vampW algorithm through parallelization and reduced
memory requirements, which has the potential to enable large-scale analyses involving millions of
omics markers.

In summary, vampW is a novel approach for selecting multiomics markers associated with human
diseases and for predicting disease onset times. With increasing sample sizes and expanding data
coverage in the world’s largest biobanks, joint vampW analyses have the potential to advance our
understanding of the genomic architecture of complex human diseases by enabling interpretable
identification of disease associations and providing accurate predictions of disease onset.
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A  SUPPLEMENTARY TABLES

Table 1: Description of traits under investigation from the UK Biobank health records. For
cancer traits, cases are defined by the presence of disease-specific ICD-10 codes (field 40006) or
ICD-9 codes (field 40013) across all instances. For the non-cancer traits, we analyze time-to-event
derived from the first reported occurrence of each disease (category 1712). The column ‘Cases’ re-
ports the total number of individuals who experienced the event (non-censored observations) within

the study cohort.

ABBREVIATION PHENOTYPE UK BIOBANK CODE CASES
CNS Brain/CNS cancer 100092 (cancer register) 115
MS Multiple sclerosis 131042 508
MD Major depression 130894 OR 130896 7,128
SLE Systemic lupus erythematosus 131894 579
ENDO Endometriosis 132122 1,031
VD Vascular dementia 130838 297
GC Gynecological cancer 100092 (cancer register) 664
ALS Amyotrophic lateral sclerosis 42028 508
IBD Inflammatory bowel disease 131626 OR 131628 1,014
LC Lung cancer 100092 (cancer register) 598
LD Liver disease 131658 268
AD Alzheimer’s dementia 130836 546
CD Colorectal cancer 100092 (cancer register) 988
CYS Cystitis 132054 2,169
RA Rheumatoid arthritis 131850 1,556
PD Parkinson’s disease 131022 963
IS Ischemic stroke 131368 1,255
BC Breast cancer 100092 (cancer register) 1,983
PC Prostate cancer 100092 (cancer register) 1,671
COPD COPD 131492 3,394
T2D Type 2 diabetes 130708 (T1D 130706 absent) 4,760
IHD Ischemic heart disease 131306 6,438
DEATH Death 100093 (death register) 5,765
HTN Hypertension 131286 22,408

19



Machine Learning for Genomics Explorations Workshop at ICLR 2026

Table 2: ICD-9 and ICD-10 codes used to define cancer phenotypes in the UK Biobank. Cases
were identified by matching these codes against the UK Biobank cancer registry records (ICD-10
field 40006 and ICD-9 field 40013) to determine the age at diagnosis.

PHENOTYPE ICD-10 CODE ICD-9 CODE

Breast Cancer C500, C501, C502, C503, C504, 1740, 1741, 1742, 1743, 1744,
C505, C506, C508, C509 1745, 1746, 1748, 1749, 175

Prostate Cancer Co61 185

Colorectal Cancer C180, C181, C182, C183, C184, 1530, 1531, 1532, 1533, 1534,

C185, C186, C187, C188, C189, 1535, 1536, 1537, 1538, 1539,
C19, C20, C210, C211, C212, 1540, 1541, 1542, 1543, 1548

C218
Lung Cancer C33, C340, C341, C342, C343, 1620, 1622, 1623, 1624, 1625,
C348, C349 1628, 1629

Gynecological Cancer C51, C510, C518, C519, C52, 179, 1800, 1801, 1808, 1809, 181,
C530, C531, C539, C540, C541, 1820, 1828, 1830, 1832, 1840,
C542, C543, C549, C55, C56, 1841, 1844, 1848, 1849
C570, C571, C574, C571, C578,
C579

Brain/CNS Cancer C700, C709, C710, C711, C712, 1910, 1911, 1912, 1914, 1916,
C713, C714, C715, C716, C717, 1917, 1918, 1919, 1920, 1921,
C718, C719, C720, C722, C723, 1922
C724, C725, C729
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Table 3: Description of parameters varied in the simulation study. We simulate 24 artificial
phenotypic outcomes covering a broad range of parameterizations, varying the variance explained
by protein levels (o), the censoring ratio (C), the phenotype distribution, the ExpGamma parameter

(), and the distribution of regression coefficients (3).

LABEL o2 C PHENOTYPE DISTRIBUTION & PRIOR 3 DISTRIBUTION
a 40% 90%  Weibull - Normal
b 80% 90% Weibull - Normal
c 40% 90% ExpGamma 0.8 Normal
d 80% 90% ExpGamma 0.8 Normal
e 40% 90% ExpGamma 1.2 Normal
f 80% 90% ExpGamma 1.2 Normal
g 40% 90% Weibull - Laplace
h 80% 90% Weibull - Laplace
i 40% 90% ExpGamma 0.8 Laplace
j 80% 90% ExpGamma 0.8 Laplace
k 40% 90% ExpGamma 1.2 Laplace
1 80% 90% ExpGamma 1.2 Laplace
m 40% 95%  Weibull - Normal
n 80% 95% Weibull - Normal
0 40% 95% ExpGamma 0.8 Normal
p 80% 95% ExpGamma 0.8 Normal
q 40% 95% ExpGamma 1.2 Normal
r 80% 95% ExpGamma 1.2 Normal
S 40% 95% Weibull - Laplace
t 80% 95% Weibull - Laplace
u 40% 95% ExpGamma 0.8 Laplace
v 80% 95% ExpGamma 0.8 Laplace
w 40% 95% ExpGamma 1.2 Laplace
X 80% 95% ExpGamma 1.2 Laplace
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Table 4: Prior initialization configurations for vampW. For analyzing real UK Biobank traits,
we use several vampW initializations, varying the damping factor (p), the initial Weibull shape
parameter («v), and the prior variances and probabilities.

LABEL o INITIAL @ VARIANCES PROBABILITIES ADAPTIVE p

a 03 3 0,0.01 0.7,0.3 No
b 05 3 0,0.01 0.7,0.3 No
c 05 3 0,0.01 0.7,0.3 Yes
d 05 3 0,1 0.7,0.3 Yes
e 06 3 0,1 0.7,0.3 No
f 08 3 0,0.01 0.7,0.3 No
g 08 3 0,0.01 0.7,0.3 Yes
h 1.0 3 0,1 0.7,0.3 No
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Table 5: Initialization settings used per UK Biobank trait. We use different prior initializa-
tions, described in Table [ across the various traits. The ‘Initialization Label” links each specific
disease outcome to the corresponding hyperparameter configuration defined in Table [} ensuring
reproducibility of the analysis settings.

TRAIT INITIALIZATION LABEL

Alzheimer

Asthma

COPD

Cystitis

Death

Depression
Endometriosis
Hypertension
Inflammatory Bowel Disease
Ischemic Heart Disease
Ischemic Stroke

Liver Disease

Multiple Sclerosis
Parkinson

Rheumatoid Arthritis
Schizophrenia
Systemic Lupus Erythematosus
Type 2 Diabetes (T2D)
Vascular Dementia
Breast cancer

Brain CNS cancer
Colorectal cancer
Gynecological cancer
Lung cancer

Prostate cancer
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Figure 4: Analysis of age-at-onset distributions for UK Biobank Traits. The histograms display
the empirical distribution of age-at-onset for cases across various phenotypes in the training set. The
blue bars represent the density of observed onset ages, while the solid red line indicates the fitted
Weibull probability density function (PDF). Outliers were excluded from the fitting process using
the Interquartile Range (IQR) method. The title of each subplot provides goodness-of-fit metrics,
including the Kolmogorov-Smirnov statistic (KS), Wasserstein distance (W), and Total Variation
distance (TV).
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Figure 5: Simulation study of variable selection performance using protein data from the UK
Biobank. We simulate artificial phenotypic outcomes under 24 scenarios, corresponding to the
parameterizations described in Table [3] varying the proportion of variance explained, level of cen-
soring, phenotype distribution, and distribution of regression coefficients. We compare the variable
selection performance of vampW against several benchmarking methods (CoxPH, CoxPH LASSO
and CoxPH marginal) in terms of the relationship between the false discovery rate (FDR) and true
positive rate (TPR). For vampW, we use posterior inclusion probabilities (PIPs), with colored dots
indicating a 0.95 threshold. For the other methods, p-value testing across multiple thresholds is
employed, with colored dots indicating a Bonferroni-corrected 0.05 threshold. vampW maintains
a calibrated FDR and consistently outperforms CoxPH-based models in TPR across all simulation
scenarios, including those involving model misspecification. The error bars (gray shaded areas)
represent the standard deviation across 50 simulation replicates.
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Figure 7: Protein annotation based on correlation structure. For simulation scenarios, described
in Table[3] we visualize the relative proportion of highly and low-correlated true positive discoveries

with

respect to all true positive discoveries (blue), and compare this to the proportion of highly and

low-correlated causal proteins with respect to all causal proteins (orange). If the correlation of a
particular protein with any other protein is greater than 0.5 (absolute value of Pearson correlation
coefficient), it is categorized as a highly correlated protein. The remaining proteins are categorized
as low-correlated. The black bars show 1 standard error over 30 simulation replicas. The results sug-
gest that vampW detects causal signals even for proteins with correlations above the 0.5 threshold.
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Figure 8: Simulation study of out-of-sample prediction performance using protein data from
the UK Biobank. We evaluate predictive performance for time of onset across 24 simulated phe-
notypic outcomes corresponding to the parameterizations in Table 3] We compare vampW with
CoxPH, CoxPH LASSO, and DeepSurv in terms of concordance index (C-index) and root mean
squared error (RMSE). The RMSE is evaluated in the logarithmic domain, assuming standardized
outcomes with zero mean and unit variance. Across all simulated scenarios, VAMPW consistently
demonstrated a clear improvement in the C-index when compared to both DeepSurv and the stan-
dard CoxPH model. When compared to CoxPH LASSO, the point estimate of C-index values for
VAMPW improve, although they remain within overlapping error bars across all scenarios. In terms
of RMSE, VAMPW strictly outperformed the standard CoxPH model in six scenarios and improved
upon CoxPH LASSO in five scenarios. In all remaining comparisons, the predictive performance of
the evaluated methods fell within each other’s error margins. The reported error bars represent the
standard deviation across 50 simulation replicates (black lines at the top of the colored bars).
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Figure 9: Adjusting for non-linear effects of age on protein levels. In addition to the standard
linear adjustment (blue) for the age covariate, we evaluate the vampW model using protein data
adjusted for exponential age effects (orange). In column (a), we show significant protein-coding
genes at their corresponding DNA positions that pass a PIP threshold of 0.95 for four representative
outcomes, namely Alzheimer’s disease, ischemic heart disease, colorectal cancer, and death. In
column (b), we show the relationship between PIPs passing a threshold of 0.9 across the two models,
where PIP;,, and PIP.,,, denote the standard linear and exponential age adjustments, respectively.
Notably, the gene CGA, previously reported as age-associated in recent work, disappears from the
discoveries when considering non-linear effects of age on protein levels.
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Figure 10: Out-of-sample performance comparison in terms of RMSE on the log-normalized
times for CoxPH, LASSO-penalized CoxPH, DeepSurv, and vampW. We evaluate time-to-
diagnosis predictions for 14 health-related outcomes in the UK Biobank (traits with > 100 cases
present in the test set) using protein measurements adjusted for age and sex. The accuracy of the
model is assessed using the root mean squared error (RMSE). The training is performed on data
that is first log-transformed and standardized to zero mean and unit variance, and then scaled back
using an exponential transformation. The RMSE calculation presented in this figure is performed on
the logarithmic scale in which the data is standardized, and it includes only uncensored individuals
across traits.

30



Machine Learning for Genomics Explorations Workshop at ICLR 2026

10
- vampW

0.9
MTLR
08 e DeepHit
0.7 DeepSurv
- L osi sticHazard

06
s B-mdBAuBBl  SBFPEREEREREBR"  EBREUBREBREE B o mm = wmcomme
- c cc
04 PMF
0.3 e PCHazard
02 BCESurv
01 m— DySurv
s muN t
~
&
&

C-index

0.0
Neura\Surv

O
<
&
\xio o

Figure 11: Out-of-sample performance comparison in terms of the Concordance index for
vampW and deep learning methods. We compare predictions of vampW with common deep learn-
ing methods on several widely used survival benchmarking datasets, namely METABRIC, GBSG,
SUPPORT, and SAC3. The benchmarking results for deep learning are reported in a recent Neural-
Surv study Monod et al.| (2025), which addresses prediction in data-scarce regimes. vampW outper-
forms all deep learning methods on METABRIC, SUPPORT, and SAC3 datasets, and outperforms
6 out of 13 benchmarking methods on the GBSG dataset.
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C DETAILS ON DENOISER FOR WEIBULL LINK FUNCTION

We assume observations are independent, allowing for component-wise Maximum A Posteriori es-
timation. Proceeding with the construction of an age-at-onset denoiser for individual ¢, we express
the posterior as follows, excluding terms independent of z;:

N N2,
argmaX{eXp(— az; — yi - exp(—ap + z) —K)> ~exp(— W)}

Let us define g, : R — R as

- 2
otz ) — Zi —p1i)® T
g-(2i) az —yd e alpitz)—K _ %

Then, taking the derivative with respect to z;, one obtains

Tl Ky (2 — 1) =0,

—a+ ae
which can be solved using fixed-point iterations. In addition, we note that
g (z) = —a? -y e Witz =K _ 020 forall z;,

and, hence, g is a strictly concave function (see a visualization in Figure @

-5 L LS . -

Figure 12: Visualization of a function g.(z;) fora=1,71 =1,p=5,u; =0,y; = 1

Furthermore, by invoking the Implicit Function Theorem, we can compute the derivative of the
denoiser as

dz T1

dpy 7+ a2yl - e-amita) K
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D DETAILS ON NON-LINEAR MMSE HANDLING RIGHT-CENSORSHIP

Lemma 1. Differentiating the function inside the optimization problem (7)) with respect to 3 and
equating the result to zero yields

2v2¢(B — ro1) + 27 X7 (X B — pat) + a X h(a(log(yc) — p— XeB) — K) =0,

where h : R — R is the standard hazard function of the Gumbel model given by h(x) = e*, and the
notation h(v) withv € RY denotes the component-wise application of the function h. Furthermore,
the Onsager corrections for the denoiser and nonlinear MMSE step are equal to

2y - Trace([JF (B2:)] ") nd o 27y - Trace(X - [JgF(B2r)] ! - XT)
- P 2t — N .

Q¢
Proof. Let us define the function g : R” — R with

Nc
9(8) = — Z log S(a(log(ye,i) — n — (XeB):i) — K),

where N¢ is the number of censored individuals in the study and X is the design matrix corre-
sponding to those individuals. By performing differentiation, it follows that

dg9(B)
98,

Nc¢
= Za ~h(a(log(ye,i) — 1 — (XeB)i) — K) - (Xe)ij

i=1
= a(h(a(log(ye,i) — p— (XcB)i) — K), (Xc):j)-
Hence,

Vpg(B) = a- X h(a(log(ye: — p— (XcB)i) — K).
Furthermore,

99(B) _ 0
0BrOB; OBk

Nc
[Za ~h(a(logye — p— XeB) — K) - (Xe)ij

Nc
=a) H(a(logye: — p— (XcB)i) — K) - (Xe)ij - (Xc)in
i=1

= a(l/ (a(logyei — p — (XeB)i) — K) - (Xe).j - (Xe):k)s
with b/ (z) = e*. Tt directly follows that
V?9(B) = X¢ Diag(h'(a(logye — n — XeB) — K))Xc.
We now define F : R — R as
F(B) = 2(yal + m2: X" X)B + a X h(a(log(ye) — 1 — XeB) — K),
which means that a solution ,égt to the optimization problem (7)) satisfies
Bor = F (27221 + 272: X ' pay).
Note that
div,,, (F71(2’}/2t7’2t + QTQtXTpgt)) = Trace(JﬂFfl(Q*ygtrgt + QTthTth)) - 2704
= Trace([Js F(F ™" (2vaerar + 272: X poe))] ™) - 2920
= Trace([JsF(Ba:)] 1) - 2721,
where

JsF (Bar) = 2(v2el + 10: XTX) + aV2g(Bar).
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Finally, we conclude that

2 Yo ~Trace([J5F(ﬁ2t)]_l)
5 .

Qo =
Similarly, we derive
divy,, (XEF1 (2940 + QTthTpgt)) = Trace(XJgF*1 (27v2¢Tot + 2T2tXTp2t))
= Trace(XJgFfl(Bfgt) 279 - X T
= 279 - Trace(X - [JF (B2)] ' - X 7)),
which gives the Onsager correction

2 -7y - Trace(X - [J3F(Bar)] "' - XT)
~ .

Vot =
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E DETAILS ON EM HYPERPARAMETER UPDATES

We present the derivation of the expectation-maximization update formulae for the hyperparameters
w1 and « under the Weibull model for non-censored phenotypic outcomes. We define the E-step and
M-step of the EM algorithm at iteration ¢ of vampW in the following way:

1. E-step: The approximation of the posterior distribution typical for E-steps happens im-
plicitly in VAMP-type algorithms, where the following approximate posterior probability
distribution for the genetic component, z = X (3, is obtained:

b (2) = N (= 23/ In /6).
2. M-step: We aim to maximize the evidence likelihood over 1 and «

(@D pH) = argmax, (LD (, )},

where we define

N
L9 (p, ) = Z/bfvt)(zz-) ~log p(yilzi, v, ) dz;
=1

N
= / Nz 29, 1/6W) log plyilzi, a, pdz;.
=1

Here, bgt) (2;) is the marginal distribution of the i-th component of z obtained from b (z)
and N (x; p, 02) denotes the probability density function of a Gaussian with mean p and
variance o2 evaluated at x. Furthermore, note that

log p(yi|zi, o, i) = log(a) + alogy; — pu — z;) — K — e(losvimn==) =K,

Update formula for a:

By taking the derivative of L(u, «) with respect to « and equating to zero we obtain:

OLW (p, ) al 1
—— V0= . 3(t) ®y.Jd = o — ). _ a(logyi—p—=z;)—K )
e 0 ;/N(z“z ,1/6%) {a + (logyi — p — 2;) [1 e ]}dzz~

Separating the term in brackets results in

> [a +logy; —p— 21@] =-*t > llogy — - 2]
i=1 =1

N
S N (i 20, 1/60) - (log s — p — z) - @BV 1)K g,

i=1

N
= Z /N(log Yi — b — ¢i; 25”; 1/6®) . ¢y - e K g,
=1

N 2
— oK. 2 o . S O NI
=e Z;eXp(a(log yi—p— %)+ 25@) ((log yi—p— %)+ g(t))
1=
Finally, we define f;(a) := e®®+b°/2 . (q; + ab), where a; = logy; — p — %) and b = 5%,) It
follows that

Fla) = et /2(42 1 b4 2aba + b2a?) >0 forall o > 0,

i.e. the function is strictly increasing in a. This implies that the first derivative with respect to a: of
o . ’,
the likelihood function L®)" is

aL(t)(Nva) N -K =
T—const—i—g—e Zfi(a).

i=1
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The second derivative is then given by
92L® (u, N N
# =-=- e*KZfZ-'(a) <0, foralla>0.
We thus have that the second derivative with respect to « is negative on the considered domain and
hence the root of 9,L® (a, p) = 0 attains a unique global maximum on the considered domain.
We solve for the global maximizer o* using numerical methods (SciPy optimize).

Update formula for p:

Similarly, by taking the partial derivative of L(*) (1, o) with respect to ;1 and equating it to zero, we
obtain

(t) N
e aif’a) =0=>_ / Nz 20, 1/60) - a - [elosvimn==0-K _q]az,,
=1

where we use that
3logp(§l(/{;|zz, a, IU/) = —a+ aea(logyi—u—zi)—K.
w

By separating the term in brackets it follows that

(1) 1 a(logy; zi)—K _ A(t) 1
0—a§ :/./\[(Z27 2 t)) g Yi—p— dz; ag N\ 23 2 §(t dz;
= E K+ -2 4 aflogyi — 29
fa.ilexp — +@+Q(Ogy172’i *‘u)

— alN exp ( K+ 2§(t) au) Zexp ( (logy; — Zz( )))

2

N o - L
=N K—&-%(t) ozu—i—log<§:exp(a(logyZ Z; )))

i=1
= log N.

Hence, the update formula for p satisfies
_—K () 1
W= 7 2§(t 1og (Zexp( (logy; — %; )) alogN.

Furthermore, the maximization problem at hand is concave:

9?LW
2 = —aexp < f(t) oz,u) Zexp ( (logy; — z(t))) —N<0 foralla>0

Therefore, (1 satisfying aé—}(;) = 0 attains the global maximum of L(®)(1).
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F DETAILS ON WEIBULL AND EXPGAMMA OUTCOMES

For the Weibull model, we calculate the scaling factor

C_ﬂgl)wgm? o
el Ow

where 02 = 72/6 is the variance of Gumbel distribution. Then, we generate time-to-event pheno-
types as:

log(y) =p+ XB+c- (w+ k). (10)

This formulation means that, in the phenotype log(y), the targeted proportion of variance is ex-
plained by markers.

For ExpGamma-distributed phenotypes, we exploit the fact that if 2 ~ ExpGamma(k, 6, i), then
ax + b ~ ExpGamma(k, ad, aft + b). Then, we rewrite the model as follows:

logyi = p+@! B+ 0(w; =9 (%)), w; ~ExpGamma(x, 1,0),

with shape parameter s, scale parameter 6, and location parameter 1. We note that

Ellogy] = 0 (r) + i1,
Var[log ;] = 6°¢") (k),

where (™) (+) stands for the polygamma function of order m. Using the parametrization

B 1 Var(X 3)
- ﬂag - 1) 00(n) a

we obtain the time-to-event phenotypic outcomes, with the desired proportion of variance explained
by the simulated markers.
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