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Abstract
Electronic Health Records (EHRs) provide rich opportunities for developing risk 
prediction tools to support clinical decision-making, yet they are inherently incom-
plete because data are recorded selectively during routine care. Such missingness 
may be informative, reflecting clinical judgment and patient status, and missing 
data patterns can shift between model development and real-world deployment. 
These challenges limit the reliability and transportability of predictive models in 
healthcare settings. We propose an imputation-free framework that jointly trains 
Conditional Variational Autoencoders with deep survival models to enable risk pre-
diction directly from incomplete EHR data. We demonstrate the approach using 
the deep survival model DeSurv and evaluate its performance through simulation 
studies and two retrospective cohorts from the Clinical Practice Research Datalink 
primary care database. The proposed framework consistently outperforms conven-
tional missing data methods, achieving superior performance on ground-truth met-
rics in simulations and improved calibration-based survival metrics in real-world 
cohorts. It also demonstrates increased robustness to unseen missingness patterns 
and distributional shifts. By providing a unified strategy for handling missing data 
across development, validation, and deployment, this work advances methodologi-
cal robustness in healthcare informatics and supports more reliable clinical risk 
prediction in practice.

Keywords  Missing data · Electronic health records · Survival prediction · Deep 
learning · Variational autoencoder
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1  Introduction

The adoption of Electronic Health Records (EHRs), primarily designed to improve 
patient management by digitising health data, also enables secondary uses in research. 
However, using EHRs retrospectively for research poses challenges, including the 
inherent incompleteness of these records. These gaps in data do not necessarily reflect 
deficiencies in data quality but rather the nature of clinical workflows and selective 
recording. Clinicians order tests based on individual symptoms and clinical needs 
[1], with patients experiencing severe conditions often having more comprehensive 
records through frequent visits and tests [2, 3], whereas underserved groups may 
have sparser EHRs due to limited healthcare access [4].Consequently, the absence 
of measurements can carry implicit information about a patient’s condition, making 
missingness itself potentially informative of outcomes [5]. Therefore, consideration 
must be given to how patient interactions with the healthcare system influence the 
information recorded in EHR, and data gaps must not be misinterpreted as random 
[6].

Incomplete EHR is commonly approached as a missing data problem, with meth-
ods like imputation applied without careful scrutiny [7]. Imputation is a process 
where missing values are estimated to create complete datasets for model fitting, 
and requires validating a secondary imputation model under untestable missingness 
mechanism assumptions. Effectively applying these methods requires understanding 
the distinction between predictive modelling, which emphasises accurate forecasting 
of outcomes, and inferential modelling, which focuses on uncovering unbiased rela-
tionships within the data [8]. This distinction is important as predictive models can 
exploit missingness patterns that carry predictive information [9] and, unlike inferen-
tial models, can encounter missing data at test time [5, 10]. This contrast is reflected 
in greater emphasis in the literature on inferential modelling, where imputation aims 
to preserve data relationships and usually assumes that missingness can be explained 
by all observed data, including the outcome [11]. This assumption rarely holds in 
EHR, and in predictive modelling, imputation must rely exclusively on observed 
predictors since the outcome is unknown. Transportability poses another challenge, 
requiring imputation models developed during training to be deployable and main-
tainable. For example, QRISK3 [12], a cardiovascular risk prediction model, uses 
Multiple Imputation by Chained Equations (MICE) with outcome during develop-
ment but transitions to a simpler mean imputation based on age and sex at deploy-
ment, highlighting the challenges of using complex imputation strategies [5].

Pattern submodels are an alternative approach to imputation by creating submodels 
for each missingness pattern, while extensions, such as the sharing pattern submodel, 
enables information sharing across submodels [13, 14]. While these methods handle 
outcome-related missingness, i.e. missingness that correlates with outcome, without 
assuming a missingness mechanism, straightforward implementations scale poorly 
with the exponential growth of missing patterns and are computationally impractical 
for large datasets. Moreover, the sharing pattern submodel is limited to linear models, 
restricting its use in modern deep learning frameworks.

Our work builds upon the pattern submodel, introducing an imputation-free 
framework for survival prediction. This utilises Conditional Variational Autoencod-
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ers (cVAEs) combined with deep survival models to directly predict risk from incom-
plete data, without assuming a missingness mechanism. The framework does not 
require cached imputation models or developmental data at deployment, ensuring 
consistency between training and deployment and preserving the validity of model 
evaluations. The framework learns the distribution of missingness patterns within the 
VAE latent space, capturing similarities in a regularised manner, and integrates the 
resulting latent embeddings into the deep survival model, enabling non-linear model-
ling while avoiding combinatorial inefficiencies. This approach is validated through 
simulation studies and retrospective cohorts from the CPRD database, demonstrating 
improved performance in generalising to unseen missingness patterns and to miss-
ingness shifts.

2  Related Work

In Fig. 1 and Table 1, we summarise various strategies for handling missing time-to-
event data in prediction modelling, excluding those specific to binary or continuous 
outcomes beyond our scope. These strategies include approaches like deletion meth-
ods, imputation-based techniques, direct methods, and pattern submodels.

Deletion methods create complete datasets by removing rows (listwise deletion, or 
complete-case, CC) or columns (column-wise deletion, CW) containing missing val-
ues. While CC can be efficient, it often results in substantial data loss and relies on the 
strong assumption that data are Missing Completely at Random (MCAR), meaning 

Fig. 1  Illustration of missing data strategies in prediction models
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missingness occurs purely by chance. CW deletion is useful for excluding irrelevant 
variables, but it can weaken model performance if important predictors are omitted.

Imputation methods aim to generate sensible estimates for missing values, thereby 
creating complete datasets. Univariate imputation methods replace missing values 
with simple summaries such as the mean, median, or mode, but these approaches 
ignore inter-variable relationships. In contrast, multivariate imputation methods 
leverage the correlations among variables to generate more accurate estimates. For 
instance, Regression Imputation (RI) builds predictive models for each variable using 
the observed data, while Imputation by Chained Equations (ICE) iteratively refines 
estimates by cycling through variables, treating each as a dependent variable and 
using updated imputations as predictors until convergence [15]. Multiple Imputation 
by Chained Equations (MICE) [16, 17], widely regarded as the standard approach 
for inference, generates multiple imputed datasets to capture the uncertainty inher-
ent in the imputation process. However, MICE can be computationally prohibitive 
for high-dimensional data with significant missingness and is not suitable for test-
time imputation. This is because it requires refitting the imputation model by com-
bining new and original data, which is often constrained by data access limitations 
[8, 18]. Additionally, the MICE R package does not store intermediate imputation 
model coefficients, as they are theoretically invalidated by the iterative and sequential 
nature of the imputation process [19]. Rubin’s rules [16], commonly used to combine 
parameter estimates from models fitted on each imputed dataset in statistical analy-
ses, also cannot be applied to deep learning models, as neural network weights cannot 
be directly averaged.

Direct methods address missing entries by substituting them with placeholders, 
rather than attempting to reconstruct the missing data. For example, if the data is 
normalised to [0, 1], an out-of-range constant such as –1 can be used (–1 Enc.). The 
Missing Indicator Method (MIM) augments the dataset with binary indicators for 
missing entries, filling the missing entries themselves with a placeholder (like zero) 
or imputed values. This allows models to directly learn from missingness patterns, 
but can lead to overfitting in high-dimensional datasets by overly relying on these 
patterns [20]. While MIM can be unsuitable for Cox regression due to interpretability 

Method Exploit Outcome 
Related

Deployment Feasibility

Missingness for 
Prediction

CC × Limited to complete test data
CW × Limited to observed variables
RI × Supports deployment
ICE × Supports deployment
MICE × Requires re-fitting to devel-

opment dataset
-1 Enc. ✓ Supports deployment
MIM ✓ Supports deployment
PS ✓ Limited to seen missingness 

patterns
MissCVAE ✓ Supports deployment

Table 1  Missing data strategies 
in prediction models
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challenges, it generally performs well with flexible, non-linear models by accommo-
dating diverse missingness patterns, though the increased dimensionality can intro-
duce instability.

Pattern submodels instead fit separate models to data subsets defined by missing-
ness patterns, bypassing the need for imputation or explicit assumptions about the 
missingness mechanism [13, 21]. This approach can handle outcome-related miss-
ingness, but independent models do not share information resulting in suboptimal 
data usage, particularly when many patterns are present or the patterns are sparse. 
Sharing Pattern Submodels address this limitation by enabling parameter sharing 
across submodels, though this is restricted to linear models [14]. Both approaches, 
however, cannot handle unseen missingness patterns, as they lack the ability to gener-
ate predictions for cases that do not match any of the pre-defined trained submodels.

3  Proposed Framework: MissCVAE

Survival methods model time-to-event, often assuming non-informative censoring, 
where censoring is independent of event time and subject characteristics. Let x be 
a p-dimensional random vector of risk factors and let m ∈ {0, 1}p indicate missing-
ness, where mj = 1 if xj  is observed and 0 if missing. Let xobs denote the subset of 
entries of x for which mj = 1. We define the observed feature vector as x̃ such that

	
x̃j =

{
xj , mj = 1
NA, mj = 0 ,

where NA marks unobserved entries. Thus, ̃x preserves the observed values xobs in their 
original positions while explicitly encoding missing values as NA. The dual survival 
outcome (T, δ) comprises T, the event or censoring time, and δ, and indicator where 
δ = 1 denotes event occurrence and δ = 0 denotes censoring, indicating the subject did 
not experience the event within the observation window. The event time is described 
by the cumulative distribution function F (t) = P(T ≤ t), the corresponding prob-
ability density function f(t), and the survival function S(t) = P(T > t) = 1 − F (t), 
which gives the probability of surviving past time t.

Modern survival models directly estimate survival probabilities without assuming 
proportional hazards, with deep learning approaches framing it as a mapping:

	 S(t|x) = φ(fγ(t, x)),

where fγ  is a function given by a deep learning model parameterised by γ, and φ is 
a link function mapping the output to [0, 1], ensuring interpretability as a probability. 
These models typically maximise the right-censored likelihood under the assumption 
of independent censoring,

	
L =

n∏
i=1

f(ti|xi)�(δi=1)S(ti|xi)�(δi=0),
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where an observed event contributes the density at event time, and a censored obser-
vation contributes the survival at censoring time.

Our proposed MissCVAE approach extends this framework by incorporating 
mechanisms to handle missingness, as illustrated in Fig. 2. The framework employs 
a deep latent variable model to generate embeddings for both x̃ and m, which are 
then used as inputs in place of the original features for survival prediction. Concep-
tually, our estimand of interest is the survival function conditional on the observed 
covariates and their missingness pattern, S(t | xobs, m). Operationally, we encode 
(xobs, m) via (x̃, m) and parameterise the survival function as

	 S(t | x̃, m) = φ
(
fγ

(
t, {hx, hm}

))
,

where hx and hm are learned latent embeddings of x̃ and m, respectively. We use 
pθ(x̃, m) = pθ(x̃, m|hx, hm)pθ(hx, hm), in which the observed data x̃ and missing-
ness pattern m are generated from latent variables hx (data embedding) and hm (miss-
ing embedding). Specifically, we consider the following setup:

	

hm ∼ Normal(0, I),
hx ∼ Normal(0, I),
m ∼ Bernoulli(Dm

θ (hm)),
x̃ ∼ Normal(Dx

θ (hx, hm)),

where Dm
θ  and Dx

θ  are decoder networks parameterised by θ. Here, Dm
θ  outputs the 

mean and variance parameters of the Normal distribution. We apply amortised varia-
tional inference to approximate the posterior distribution pθ(hx, hm|x̃, m) by a fam-
ily of variational distributions {qϕ(hx, hm|x̃, m)}ϕ using

Fig. 2  MissCVAE Architecture. Observed and missing data vectors are separately encoded into latent 
variables which feed into the deep learning-based survival prediction model
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hm|m ∼ Normal(Em
ϕ (m)),

hx|x̃, hm ∼ Normal(Ex
ϕ(x̃, hm)),

where Em
ϕ  and Ex

ϕ  are encoder networks parameterised by ϕ, outputting the mean and 
variance paramters of the Normal distribution.

This architecture is a two-tiered VAE-cVAE [22]. First, discrete binary missing-
ness indicators are mapped to a continuous embedding space using a secondary 
VAE encoder that captures the distribution of missingness patterns. These missing 
embeddings serve as auxiliary inputs to the primary cVAE, which models the con-
ditional distribution of the data given the missingness pattern. Both the missing and 
data embeddings are then used as inputs to a survival prediction model. The overall 
training objective combines the VAE loss with the survival likelihood, enabling the 
embeddings to accurately represent the input data while being predictive of survival 
outcomes. This joint training optimises the evidence lower bound on the log-likeli-
hood (ELBO), given by:

	

log pθ(xobs, m, t)

= log
ˆ

pθ(xobs, m, t, hx, hm) dhxdhm

≥ Ehx,hm∼qϕ
[log pθ(t|hx, hm)]︸ ︷︷ ︸

Survival Likelihood

+Ehx,hm∼qϕ

[
log pθ(xobs|hx, hm) + log pθ(m|hm)

]
︸ ︷︷ ︸

Reconstruction

− Ehm∼qϕ

[
KL

(
qϕ(hx|hm, xobs)||pθ(hx)

)]

− KL (qϕ(hm|m)||pθ(hm))︸ ︷︷ ︸
KL Regularisation

and the full derivation is provided in Supplementary Section II.
As imputation is not the focus, reconstruction loss is computed only on observed 

values xobs. To improve prediction and prevent Kullback-Leibler (KL) divergence 
vanishing, objective function components can be weighted to balance reconstruction, 
regularization, and survival prediction.

While VAEs have been previously suggested to handle missing data, they are 
typically applied in the context of imputation within unsupervised settings. A few 
exceptions integrate imputation with downstream prediction, bridging missing data 
handling and predictive modelling [23]. In contrast, our approach de-emphasises 
imputation, focusing on prediction directly.

3.1  Relationship with Pattern Submodels

Pattern submodels create distinct submodels fC(m) for each categorical pattern, 
where C(m) = 1 +

∑p
j=1 2p−jmj  encodes the unique combination of missing-

ness indicators. The sharing pattern submodels improves this by enabling informa-
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tion sharing across submodels via shared parameters in linear models. Both rely on 
explicit handling of each pattern which limits scalability. Instead of separate sub-
models, a cVAE conditions the latent representation on categorical patterns C(m), 
enabling a single model to predict survival probabilities. This approach is scalable, 
leverages the flexibility of non-linear networks, and shares information across pat-
terns. However, its dependence on dense categories may limit generalisation to rare 
or unseen missingness patterns.

Our framework extends the cVAE by integrating a probabilistic representation of 
missingness patterns via an auxiliary VAE, which learns the structure of missingness 
and generates missing embeddings to enhance the primary cVAE’s conditional dis-
tribution. This improves generalisation to rare patterns and regularises the influence 
of missingness indicators, unlike -1 Enc or MIM. Our framework therefore offers a 
scalable and robust approach to handling complex missingness scenarios.

4  Experiments

4.1  Simulation

We conduct simulations to address the challenges of using real-world EHRs to 
evaluate new methodologies. Unlike controlled data collection, which is designed 
to systematically capture information across a defined range of health conditions, 
EHRs may reflect patterns of missingness that are influenced by underlying health 
status or healthcare utilisation. This could result in an observed distribution that, 
when conditioned on missingness patterns, deviates from the true population distri-
bution (Fig. 3). As the underlying mechanisms driving missingness in EHRs cannot 
be precisely identified, simulations provide the ability to define and control these 
mechanisms, enabling systematic evaluation of model performance. In addition, in 
survival analysis, real-world data provides observed event indicators but lacks the 
true underlying survival probabilities for each individual. Consequently, survival 

Fig. 3  Example distributions or probability density function (PDF) of the latent health state under 
different missingness patterns. Here, fP

H  represents the population PDF of the health state. The condi-
tional sample PDFs, fC

H|M  and fEHR
H|M , represent latent health distributions conditioned on missing-

ness patterns in controlled and EHR data, respectively
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metrics often evaluate only specific aspects of performance, relying on event indica-
tors and reweighting methods. Simulated data with predefined survival distributions 
enables precise error quantification by directly comparing predicted survival curves 
to true probabilities. We simulate data using latent variables that drive the risk factor, 
outcome and missingness generation, capturing real-world dynamics where unob-
servable factors like health status or lifestyle behaviours affect not only the outcome 
but also data completeness, thereby reflecting the Missing Not At Random (MNAR) 
mechanisms [16] in EHRs. The simulation follows a multi-step framework: 

1.	 Simulate Latent Variables: Simulate d latent variables H = (H1, ..., Hd) from 
a multivariate Normal distribution: 

	 H ∼ N (µH , ΣH).

	  For example, H1 may represent latent health state, with larger values indicating 
better health.

2.	 Simulate Risk Factors: A set risk factors, X = (X1, . . . , Xp), each simulated 
independently conditioned on latent variables from Step 1, inducing correlations 
through their shared dependence: 

	 Xj = fj(H) j = 1, . . . , p.

	  For example, systolic blood pressure can be simulated from N (130 − 20H1, 25), 
increasing as the latent health worsens (Supplementary Table 1).

3.	 Simulate Survival Outcomes: Using the variables from Steps 1 and 2, event 
times TE  are simulated using a proportional hazards model via inverse sampling 

	 λ(TE | H, X) = λ0(TE) exp(β⊤
HH + β⊤

XX),

	  and censoring times TC  are independently sampled from an exponential distri-
bution. The observed time T and event indicator δ are defined as: 

	 T = min(TE , TC), δ = 1(TE ≤ TC).

	  Parameters should be consistent with prior steps, such as ensuring that poorer 
health is associated with worse outcomes (e.g., βH1 < 0) (Supplementary Table 
2).

4.	 Induce Missingness: To simulate realistic missingness patterns, we introduce a 
latent missingness variable Z with the same dimensionality as X: 

	 Z ∼ N (µz, Σz).

	 We define µz = fµ(H), where latent variables from Step 1 influence missing-
ness (Supplementary Table 3). As outcomes are also derived from these latent 
variables, this naturally induces outcome-related missingness (Fig. 4). The cova-
riance matrix Σz encodes how the absence of one risk factor correlates with the 
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absence of others and is represented as a sparse matrix to reflect joint missing-
ness, where frequently co-observed measurements form clusters [24, 25]. For 
example: 

	

Σz =




1 x1
x1 1

1 y1 y2 y3
y1 1 y4 y5
y2 y4 1 y6
y3 y5 y6 1

1 z1 z2 z3
z1 1 z4 z5
z2 z4 1 z6
z3 z5 z6 1




.

	  Here, blanks are zeroes and off-diagonal entries represent correlations within 
clusters, such as groups of anthropometric measurements or routine tests.

	 To induce missingness, a threshold is applied to Z

	 Mj = 1(Zj > 0), j = 1, . . . , p,

	  where Mj = 1 indicates that the j-th feature is observed, and Mj = 0 indicates 
it is missing.

We design three simulations (baseline, unseen missingness, missingness shift) 
of 50,000 samples each, using two latent variables, one representing the patient’s 
underlying health state and another for their lifestyle behaviour. Each simulation 
includes five fully observed risk factors and 15 partially observed ones, resulting in 
215 = 32, 768 possible missingness patterns. Full details are given in Supplementary 
Section III.

Fig. 4  Example simulation output where a latent health variable is simulated, with higher values in-
dicating healthier patients, influencing both outcome and data completeness. (Left) Five absolute risk 
curves corresponding to five quantiles of latent health. (Right) Density distributions of the latent health 
variable stratified by three distinct missingness patterns represented as a binary string, where ‘1’ de-
notes an observed variable and ‘0’ denotes a missing variable
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4.2  Real-World Primary Care Data

We also investigate performance using EHR from the CPRD Aurum database [26]. 
This comprises anonymised primary care data collected from general practices across 
the UK. Eligible participants for research are extracted using the Data Extraction 
for Epidemiological Research tool (DExtER) [27, 28], including participants that 
are actively registered after 1 January 2005 for at least 12 months (index date), with 
follow-up until 30 May 2022. From this dataset, we generate three cross-sectional 
datasets for our experiments. All datasets include complete risk factors such as sex, 
ethnicity, index of multiple deprivation (IMD), smoking, treatment indicators and 
prior conditions, and laboratory measurements. For patients with multiple assess-
ments, values closest to the prediction reference date within an appropriate window 
are used.

The first dataset considers cardiovascular disease (CVD) prediction in individu-
als diagnosed with Type 2 diabetes (T2D) between ages 60 to 80 without prior CVD 
diagnosis, starting from the T2D diagnosis date [29, 30]. Only individuals whose 
T2D diagnosis occurred after their index date are included, resulting in a maximum 
follow-up of 17.5 years. The dataset includes 36,457 London-registered patients, a 
9.1% incidence rate, and nine laboratory measurements recorded within [-365, +30 
days] of T2D diagnosis. Figure 5 shows measurement observation proportions and 
CVD incidence for missing and observed measurements. Of 29 = 512 possible miss-
ingness patterns, 306 are observed.

Fig. 5  Mean event incidence for patients with missing versus observed values, shown separately for 
each laboratory measurement
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The second dataset studies Chronic Kidney Disease (CKD) stages 3–5 in indi-
viduals registered in London, aged 65–75 at their index dates, with at least two of 
the following conditions: hypertension, osteoarthritis, T2D, CVD, depression, anxi-
ety, or cancer, resulting in a maximum follow-up period of 17.5 years. Twenty-eight 
laboratory measurements are extracted within a [-540, +30 days] window around 
their index date. This broader window is chosen as there is no direct diagnosis date 
to anchor measurements, necessitating a longer period to ensure more data avail-
ability. The dataset contains 77,175 observations with an incidence rate of 22.6%. Of 
228 = 268, 435, 456 possible missingness patterns, 9,505 are observed.

The third dataset examines a broader non–disease-specific outcome, namely all-
cause mortality (ACM) in individuals aged 65–70 on 1 January 2005, which serves 
as the prediction time zero. All individuals are registered in London, and follow-up 
continues until 31 December 2019, providing a maximum horizon of 15 years. As 
with the CKD dataset, twenty-eight laboratory measurements are collected within a 
[-540, +30]-day window around 1 January 2005. It contains 64,586 individuals with 
an ACM incidence rate of 21.8%. Of the 228 possible missingness patterns, 4,440 are 
observed.

The full set of features and data summary is available in Supplementary Tables 4 
and 5.

4.3  Baseline and Metrics

The experiments are benchmarked against nine alternatives, including common 
imputation methods, column-wise deletion with a missingness mask (CW + M), and 
two MICE variants (MICE O and MICE). All non-MICE imputation methods are 
fitted using covariates only (no outcome labels). MICE O includes outcome infor-
mation (Nelson-Aalen estimate and event indicator) during imputation following 
established recommendations [31, 32], while MICE excludes it. For all non-MICE 
imputers, the imputation model is fitted on the training set and subsequently applied 
to the validation and test sets via transform. MICE methods are instead jointly fitted 
on the training and validation sets; at test time, the learned regression imputation 
models are used to impute missing values, since MICE’s iterative procedure cannot 
be directly applied to new observations. MICE methods were averaged over five 
imputations and five simulation runs. Model performance is evaluated using standard 
survival metrics:

	● Time-Dependent Concordance Index (Ctd) [33] A discrimination metric as-
sessing the ordering of predicted risks. Higher values (maximum 1) indicate bet-
ter performance.

	● Integrated Brier Score (IBS) The Brier score [34] measures the mean squared 
error between observed outcomes and predicted probabilities, adjusted for cen-
soring. IBS averages this over time, with lower values indicating better perfor-
mance.

	● Integrated Negative Binomial Log-Likelihood (INBLL) Measures binary pre-
diction performance using the negative log-likelihood, adjusted for censoring and 
integrated over time. Lower values indicate better performance.
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	● Negative Right-Censored Log-Likelihood The survival log-likelihood which is 
a proper scoring rule [35], with lower values indicating better model fit.

	● Integrated Square Error (ISE) Measures the average discrepancy between ob-
served and predicted risk curves over a time interval.

We place greater emphasis on the negative right-censored log-likelihood and ISE, 
since the Ctd is not a proper scoring rule, and IBS is only proper when the inverse 
probability of censoring weights (IPCW) are correctly specified [35].

4.4  Experimental Setup

We split the data into 64% training, 16% validation, and 20% testing. The validation 
set is used for model selection and early stopping, and the test set for final evalu-
ation. Simulations use 5 random seeds to assess average performance, while real-
world EHR data is evaluated via 5-fold cross-validation. In MissCVAE, the ELBO 
is adjusted by upweighting survival loss and downweighting KL loss to enhance 
prediction and prevent KL vanishing:

	

ELBOmodified = α · Survival Loss
+ β · Reconstruction Loss
+ γ · KL Loss

where α = 10, β = (βM , βX) and βM = βX = 0.1, γ = (γM , γX) and 
γM = γX = 0.1.

The proposed framework is designed to work with any model, provided all com-
ponents can be trained end-to-end, enabling joint optimisation across the entire 
architecture. For our experiments, we demonstrate its application using DeSurv [36], 
which offers continuous survival curves and incorporates a well-justified competing 
risks component (full model details are provided in the Supplement Section I.D.). 
We conduct an ablation study to assess the framework’s performance independent of 
specific parameter configurations (see Supplementary Table 6). Key analyses include 
removing the missing embedding as input to the prediction network, adjusting ELBO 
weights, and varying latent space dimensions both smaller and larger than the base-
line. Details are provided in the Supplementary Section V.

4.5  Evaluation Scenarios

We comprehensively assess model performance across multiple scenarios. As ∆
-adjustment methods in pattern–mixture models are not directly applicable to our 
non-imputation framework, we instead assess robustness through missingness shift 
simulations and distributional shifts across datasets.

	● Baseline. Models are trained and tested on datasets with the same distribution of 
missingness, providing a reference across all experiments.

	● Unseen Missingness Patterns. Models are trained on a subset of missingness pat-
terns (e.g., A, C, D) and evaluated on unseen ones (e.g., B) withheld from training 
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and validation. These unseen patterns are created through structured, non-random 
removal of cases exhibiting specific configurations of observed variables (e.g., 3 
or 4 observed out of 5), reflecting systematic missingness mechanisms.

	● Missingness Shift (Simulation). Models are trained on datasets with shifted 
missingness (via Step 4) but identical Steps 1–3. Testing is done on the baseline 
test set.

	● Distribution Shift (Real World Datasets). Models are trained on data from Lon-
don and tested on data from North East England.

5  Results

5.1  Simulation

Table 2 and Supplementary Table 7 shows the results from the three simulation sce-
narios. In our simulations, the variables are designed to be both intrinsically informa-
tive and for their absence to carry predictive information about the outcome. Under 
these conditions, the CW method exhibits the worst performance and incorporating 
missing indicator (CW + M) leads to modest improvements. The proposed MissC-
VAE framework and its variant that excludes hm (labelled as MissCVAE (hx)) as 
input to the survival head, achieve performance comparable to the strongest alterna-
tive method across all scenarios, according to standard survival metrics (Ctd, IBS, 
INBLL). We note however that these standard metrics are not proper scoring rules 
[35] which means that the true distribution may be scored worse than incorrect dis-
tributions and can lead to inaccurate inferences about performance. Therefore, when 
using negative right-censored survival log-likelihood, as well as the ground-truth data 
using the ISE metric, the utility of MissCVAE - which achieved lower ISE through-
out - is more clearly demonstrated (this is something to note when considering the 
real data analysis when the ISE metric is unavailable).

In Simulation A, the MIM method which flexibly incorporates missingness 
information scores best amongst all metrics, particularly in log-likelihood and ISE, 
against existing imputation methods. However, MissCVAE achieves competitive 
performance, with no statistically significant difference detected compared to base-
lines, especially when training is weighted towards predictive performance (α = 10). 
In Simulations B, when models are tested on missingness patterns that were unseen 
during training, MICE-O was competitive with MIM but, on log-likelihood and ISE, 
MissCVAE showed better performance. However, when moving to Simulation C, we 
observe that methods that leverage informative missingness exhibit prediction deg-
radation under missingness shift. For example, in terms of ISE, MIM degrades from 
0.158 to 0.171, whereas our proposed method demonstrates greater robustness, with 
a smaller drop from 0.158 to 0.163. Despite this, it still outperforms all other bench-
marks, with the next-best method RI achieving an ISE of 0.166. Overall, while the 
performance of existing missingness handling is sensitive to the actual mechanisms 
at play, the behaviour of MissCVAE appears consistent across the different scenarios.

These results align with our findings on how varying missingness patterns affect 
predictions for the same individual (see Supplementary Section V). By masking 
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Simulation Method Ctd↑ IBS ↓ INBLL ↓ -Loglikeli-
hood ↓

ISE ↓

A: CW 0.699 (0.004) 0.161 (0.001) 0.486 (0.003) 0.255 (0.003) 0.512 
(0.004)

Baseline CW + M 0.721 (0.003) 0.154 (0.002) 0.469 (0.004) 0.239 (0.005) 0.374 
(0.004)

Mean 0.747 (0.004) 0.144 (0.002) 0.444 (0.005) 0.213 (0.006) 0.176 
(0.002)

ICE 0.747 (0.004) 0.144 (0.002) 0.444 (0.006) 0.213 (0.006) 0.175 
(0.006)

RI 0.747 (0.004) 0.144 (0.002) 0.443 (0.006) 0.211 (0.006) 0.167 
(0.003)

MICE O 0.746 (0.004) 0.144 (0.002) 0.444 (0.005) 0.214 (0.005) 0.182 
(0.003)

MICE 0.743 (0.004) 0.146 (0.002) 0.448 (0.004) 0.217 (0.005) 0.206 
(0.005)

-1 Enc. 0.742 (0.004) 0.146 (0.002) 0.449 (0.005) 0.218 (0.006) 0.214 
(0.008)

MIM 0.749 (0.004) 0.143 (0.002) 0.441 (0.005) 0.210 (0.006) 0.158 
(0.005)

MissCVAE 0.750 (0.003) 0.143 (0.002) 0.442 (0.005) 0.211 (0.005) 0.158 
(0.005)

MissCVAE 
(hx)

0.750 (0.003) 0.143 (0.002) 0.442 (0.004) 0.211 (0.005) 0.159 
(0.004)

B: CW 0.677 (0.009) 0.185 (0.003) 0.545 (0.008) 0.234 (0.005) 0.718 
(0.023)

Unseen CW + M 0.694 (0.012) 0.173 (0.004) 0.515 (0.009) 0.205 (0.008) 0.490 
(0.024)

Patterns Mean 0.724 (0.007) 0.160 (0.003) 0.481 (0.007) 0.171 (0.014) 0.254 
(0.013)

(Subset) ICE 0.689 (0.034) 0.185 (0.024) 0.691 (0.247) 0.495 (0.454) 0.730 
(0.454)

RI 0.725 (0.006) 0.159 (0.002) 0.480 (0.005) 0.170 (0.011) 0.231 
(0.015)

MICE O 0.726 (0.006) 0.159 (0.001) 0.481 (0.005) 0.171 (0.009) 0.222 
(0.010)

MICE 0.724 (0.007) 0.161 (0.002) 0.486 (0.005) 0.175 (0.006) 0.256 
(0.016)

-1 Enc. 0.716 (0.009) 0.164 (0.003) 0.494 (0.007) 0.184 (0.006) 0.344 
(0.020)

MIM 0.727 (0.007) 0.159 (0.001) 0.481 (0.004) 0.169 (0.011) 0.224 
(0.020)

MissCVAE 0.728 (0.008) 0.158 (0.001) 0.477 (0.003) 0.168 (0.010) 0.196 
(0.010)

MissCVAE 
(hx)

0.728 (0.007) 0.159 (0.001) 0.479 (0.003) 0.169 (0.011) 0.207 
(0.013)

C: CW 0.699 (0.004) 0.161 (0.001) 0.486 (0.003) 0.255 (0.003) 0.512 
(0.004)

Missingness CW + M 0.716 (0.004) 0.158 (0.002) 0.479 (0.005) 0.248 (0.006) 0.444 
(0.013)

Table 2  Comparison of model performance in the simulation studies, reported as mean (standard devia-
tion) over 5 simulations. The best performing benchmark is highlighted in bold, with MissCVAE variants 
that perform comparably or outperform the best benchmark score also highlighted in bold
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input features and passing incomplete data through trained models, we observe that 
methods explicitly modelling missingness exhibit the greatest prediction variability, 
reflecting their reliance on the missingness signal. Among them, our proposed method 
shows the smallest variation, indicating greater robustness and a balance between 
leveraging missingness and avoiding overfitting (Supplementary Fig. 2). In contrast, 
imputation-based methods appear more stable but can be unreliable in extreme cases, 
where imputations deviate significantly from true values (Supplementary Table 14). 
This can lead to underestimation of risk in severely ill patients or overestimation in 
very healthy ones when there are high levels of missingness. Despite not explicitly 
modelling missingness, these methods can still implicitly encode its structure, result-
ing in prediction curves similar to models that do.

In our ablation studies, we find that assigning a higher weight to the survival pre-
diction term α in the ELBO is essential for maintaining strong performance. Across 
all simulation scenarios, removing the missingness representation hm from the pre-
diction head consistently leads to degraded performance, consistent with the presence 
of informative missingness in the simulated data. When using a higher α (or lower 
β or γ), most parameterisations perform at least as well as imputation-based bench-
marks in Simulation A (though not as well as MIM), outperform the best benchmark 
in Simulation B and surpass MIM in Simulation C in terms of ISE.

5.2  Real-World Primary Care Data

We next considered the analysis of the CPRD-derived data sets and results are shown 
in Tables 3, 4, and 5, as well as Supplementary Table 11. On the CKD dataset, the CW 
method performed worst across all metrics, and its performance deteriorated further 
when the missingness mask was included (CW+M), indicating potential overfitting 
to missingness patterns. Among existing approaches, ICE, RI, and MIM performed 

Simulation Method Ctd↑ IBS ↓ INBLL ↓ -Loglikeli-
hood ↓

ISE ↓

Shift Mean 0.747 (0.003) 0.144 (0.002) 0.444 (0.004) 0.213 (0.005) 0.176 
(0.004)

ICE 0.747 (0.004) 0.144 (0.002) 0.444 (0.005) 0.213 (0.005) 0.175 
(0.006)

RI 0.748 (0.003) 0.144 (0.002) 0.443 (0.005) 0.211 (0.006) 0.166 
(0.005)

MICE O 0.746 (0.003) 0.144 (0.002) 0.444 (0.005) 0.213 (0.005) 0.178 
(0.004)

MICE 0.744 (0.003) 0.145 (0.002) 0.447 (0.004) 0.216 (0.005) 0.202 
(0.006)

-1 Enc. 0.739 (0.005) 0.148 (0.003) 0.455 (0.006) 0.223 (0.007) 0.251 
(0.012)

MIM 0.748 (0.004) 0.144 (0.002) 0.443 (0.005) 0.212 (0.006) 0.171 
(0.009)

MissCVAE 0.749 (0.004) 0.144 (0.002) 0.443 (0.004) 0.213 (0.006) 0.163 
(0.006)

MissCVAE 
(hx)

0.749 (0.004) 0.144 (0.002) 0.443 (0.005) 0.212 (0.006) 0.165 
(0.010)

Table 2  (continued) 
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well under unseen missingness patterns, while MICE O and the -1 encoding method 
were also competitive under distribution shift. However, both variants of MissC-
VAE achieved competitive performance under Ctd, IBS, and INBLL, and obtained 
improved likelihood scores in both scenarios, demonstrating an ability to exploit 

Experiment Method Ctd↑ IBS ↓ INBLL 
↓

-Likeli-
hood ↓

Unseen 
Patterns

CW 0.610 
(0.005)

0.185 
(0.003)

0.545 
(0.007)

0.323 
(0.006)

CW + M 0.611 
(0.009)

0.185 
(0.002)

0.544 
(0.005)

0.326 
(0.006)

Mean 0.775 
(0.006)

0.144 
(0.002)

0.445 
(0.008)

0.217 
(0.010)

ICE 0.780 
(0.007)

0.143 
(0.003)

0.442 
(0.009)

0.211 
(0.011)

RI 0.780 
(0.006)

0.143 
(0.003)

0.441 
(0.008)

0.210 
(0.012)

MICE O 0.778 
(0.007)

0.144 
(0.003)

0.442 
(0.007)

0.213 
(0.012)

MICE 0.776 
(0.007)

0.145 
(0.002)

0.446 
(0.005)

0.216 
(0.012)

-1 Enc. 0.758 
(0.009)

0.151 
(0.003)

0.463 
(0.010)

0.234 
(0.017)

MIM 0.781 
(0.005)

0.143 
(0.003)

0.440 
(0.010)

0.211 
(0.011)

MissCVAE 0.781 
(0.006)

0.142 
(0.002)

0.438 
(0.007)

0.209 
(0.014)

MissCVAE 
(hx)

0.781 
(0.008)

0.142 
(0.002)

0.439 
(0.006)

0.206 
(0.014)

Distribution 
Shift

CW 0.630 
(0.002)

0.173 
(0.001)

0.513 
(0.002)

0.346 
(0.003)

CW + M 0.636 
(0.003)

0.173 
(0.001)

0.514 
(0.003)

0.365 
(0.008)

Mean 0.758 
(0.001)

0.145 
(0.001)

0.445 
(0.001)

0.285 
(0.002)

ICE 0.762 
(0.001)

0.144 
(0.001)

0.443 
(0.002)

0.282 
(0.001)

RI 0.762 
(0.001)

0.762 
(0.001)

0.443 
(0.000)

0.282 
(0.001)

MICE O 0.761 
(0.001)

0.144 
(0.000)

0.441 
(0.001)

0.280 
(0.001)

MICE 0.758 
(0.001)

0.145 
(0.001)

0.443 
(0.001)

0.283 
(0.001)

-1 Enc. 0.755 
(0.002)

0.145 
(0.001)

0.444 
(0.002)

0.281 
(0.005)

MIM 0.762 
(0.001)

0.144 
(0.000)

0.444 
(0.001)

0.284 
(0.001)

MissCVAE 0.761 
(0.003)

0.144 
(0.001)

0.441 
(0.003)

0.268 
(0.013)

MissCVAE 
(hx)

0.761 
(0.001)

0.144 
(0.000)

0.441 
(0.001)

0.254 
(0.005)

Table 3  Comparison of model 
performance in the CKD data-
set, reported as mean (standard 
deviation) over 5 folds. The 
best performing benchmark 
is highlighted in bold, with 
MissCVAE variants that per-
form comparably or outperform 
the best benchmark score also 
highlighted in bold
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missingness structure while remaining robust to overfitting. Consistent findings were 
observed in the baseline analysis in the Supplementary Materials.

In the CVD experiments, all models achieved similarly low concordance scores 
(circa 0.57), and even methods using complete features only performed comparably 
with other approaches. This suggests that the predictors in this dataset contain lim-

Experiment Method Ctd↑ IBS ↓ INBLL 
↓

-Likeli-
hood ↓

Unseen 
Patterns

CW 0.555 
(0.019)

0.111 
(0.006)

0.363 
(0.015)

0.230 
(0.010)

CW + M 0.557 
(0.015)

0.110 
(0.006)

0.362 
(0.016)

0.229 
(0.011)

Mean 0.575 
(0.018)

0.112 
(0.007)

0.366 
(0.017)

0.229 
(0.012)

ICE 0.577 
(0.019)

0.112 
(0.007)

0.366 
(0.017)

0.229 
(0.011)

RI 0.575 
(0.019)

0.112 
(0.006)

0.366 
(0.017)

0.229 
(0.012)

MICE O 0.574 
(0.019)

0.111 
(0.006)

0.365 
(0.017)

0.229 
(0.011)

MICE 0.573 
(0.018)

0.111 
(0.006)

0.366 
(0.016)

0.230 
(0.011)

-1 Enc. 0.560 
(0.014)

0.111 
(0.006)

0.365 
(0.016)

0.229 
(0.011)

MIM 0.576 
(0.008)

0.111 
(0.006)

0.365 
(0.017)

0.229 
(0.012)

MissCVAE 0.576 
(0.016)

0.111 
(0.006)

0.365 
(0.015)

0.231 
(0.010)

MissCVAE 
(hx)

0.579 
(0.017)

0.111 
(0.006)

0.364 
(0.015)

0.230 
(0.011)

Distribution 
Shift

CW 0.563 
(0.005)

0.126 
(0.000)

0.402 
(0.001)

0.242 
(0.000)

CW + M 0.572 
(0.003)

0.126 
(0.000)

0.401 
(0.001)

0.241 
(0.001)

Mean 0.565 
(0.004)

0.127 
(0.000)

0.406 
(0.001)

0.242 
(0.001)

ICE 0.567 
(0.003)

0.127 
(0.000)

0.405 
(0.001)

0.242 
(0.000)

RI 0.567 
(0.004)

0.127 
(0.000)

0.406 
(0.001)

0.242 
(0.000)

MICE O 0.566 
(0.002)

0.127 
(0.000)

0.404 
(0.001)

0.242 
(0.000)

MICE 0.566 
(0.002)

0.127 
(0.000)

0.403 
(0.001)

0.242 
(0.000)

-1 Enc. 0.572 
(0.004)

0.126 
(0.000)

0.401 
(0.001)

0.241 
(0.001)

MIM 0.572 
(0.004)

0.127 
(0.001)

0.404 
(0.002)

0.241 
(0.001)

MissCVAE 0.574 
(0.004)

0.126 
(0.000)

0.402 
(0.001)

0.241 
(0.001)

MissCVAE 
(hx)

0.574 
(0.004)

0.127 
(0.000)

0.403 
(0.001)

0.241 
(0.000)

Table 4  Comparison of model 
performance in the CVD data-
set, reported as mean (standard 
deviation) over 5 folds. The 
best performing benchmark 
is highlighted in bold, with 
MissCVAE variants that per-
form comparably or outperform 
the best benchmark score also 
highlighted in bold
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ited intrinsic signal, and consequently the choice of missingness strategy has little 
influence on predictive performance. This example reinforces that the effectiveness 
of missingness-handling approaches is ultimately constrained by the predictive infor-
mation available in the underlying features.

Experiment Method Ctd↑ IBS ↓ INBLL 
↓

-Likeli-
hood ↓

Unseen 
Patterns

CW 0.689 
(0.008)

0.096 
(0.002)

0.314 
(0.005)

0.406 
(0.008)

CW + M 0.688 
(0.009)

0.097 
(0.002)

0.318 
(0.006)

0.423 
(0.010)

Mean 0.692 
(0.009)

0.096 
(0.001)

0.316 
(0.005)

0.421 
(0.013)

ICE 0.698 
(0.008)

0.095 
(0.002)

0.312 
(0.005)

0.412 
(0.011)

RI 0.693 
(0.007)

0.095 
(0.002)

0.314 
(0.005)

0.416 
(0.011)

MICE O 0.687 
(0.007)

0.097 
(0.002)

0.318 
(0.004)

0.424 
(0.005)

MICE 0.694 
(0.009)

0.095 
(0.002)

0.313 
(0.004)

0.412 
(0.008)

-1 Enc. 0.691 
(0.008)

0.095 
(0.002)

0.314 
(0.005)

0.415 
(0.009)

MIM 0.696 
(0.007)

0.096 
(0.001)

0.316 
(0.004)

0.422 
(0.006)

MissCVAE 0.699 
(0.008)

0.094 
(0.002)

0.311 
(0.005)

0.410 
(0.011)

MissCVAE 
(hx)

0.700 
(0.009)

0.094 
(0.002)

0.311 
(0.004)

0.408 
(0.011)

Distribution 
Shift

CW 0.695 
(0.001)

0.102 
(0.000)

0.327 
(0.000)

0.460 
(0.001)

CW + M 0.693 
(0.001)

0.102 
(0.000)

0.327 
(0.000)

0.466 
(0.001)

Mean 0.705 
(0.003)

0.100 
(0.000)

0.322 
(0.001)

0.462 
(0.002)

ICE 0.702 
(0.003)

0.101 
(0.000)

0.323 
(0.001)

0.460 
(0.002)

RI 0.702 
(0.003)

0.101 
(0.000)

0.323 
(0.001)

0.461 
(0.001)

MICE O 0.696 
(0.002)

0.102 
(0.001)

0.328 
(0.002)

0.475 
(0.003)

MICE 0.699 
(0.002)

0.101 
(0.000)

0.325 
(0.001)

0.468 
(0.001)

-1 Enc. 0.698 
(0.002)

0.101 
(0.000)

0.324 
(0.001)

0.463 
(0.002)

MIM 0.706 
(0.003)

0.100 
(0.001)

0.321 
(0.002)

0.466 
(0.003)

MissCVAE 0.700 
(0.001)

0.101 
(0.000)

0.323 
(0.001)

0.460 
(0.001)

MissCVAE 
(hx)

0.701 
(0.002)

0.101 
(0.000)

0.323 
(0.001)

0.460 
(0.001)

Table 5  Model performance in 
the All-Cause Mortality dataset, 
reported as mean (standard 
deviation) over 5 folds. The 
best performing benchmark is 
highlighted in bold, with all 
MissCVAE variants that per-
form comparably or outperform 
the best benchmark score also 
highlighted in bold
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In the ACM study, CW attained the strongest survival likelihood despite perform-
ing worse on the standard survival metrics. This dataset contains a substantially 
higher proportion of missingness than the previous two, and Fig. 2 suggests that the 
missingness pattern itself carries predictive signal. In this case, simple deletion may 
outperform more complex handling because the remaining observed values can be 
more informative than potentially noisy imputations. The CW+M variant performed 
notably worse, indicating that directly incorporating the missingness mask may lead 
to overfitting rather than effectively exploiting this signal. In contrast, MissCVAE 
remained competitive across all metrics in both scenarios, demonstrating robustness 
to high missingness and the ability to leverage its structure without overfitting.

In our ablation studies (Supplementary Tables 12 and 13), we observe that nearly 
all parameterisations except those with a lower α weight or smaller latent dimen-
sionality, outperform the best benchmark across the IBS, INBLL, and negative log-
likelihood metrics in the CKD experiments. In the CVD experiments, the ablation 
that uses only hx for prediction (i.e., excluding hm) performs best under the unseen 
missingness patterns. Our approach does not outperform other methods in the CVD 
setting. This slightly lower performance is likely attributable to stronger regularisa-
tion and reduced flexibility in the proposed framework, which may limit its ability to 
capture weak predictive signals in this dataset.

Overall, Fig. 6 shows how often each method ranked first (including ties) across 
all simulation and real-world studies, with MissCVAE most frequently achieving top 
performance. This evidence supports MissCVAE as a reliable and broadly effective 
approach for handling missingness in survival prediction.

6  Conclusion

In this article, we emphasise the importance of deploying predictive models that can 
effectively handle missing data in real-world predictions. Poor handling of missing-
ness can compromise model accuracy, leading to suboptimal or even harmful clini-

Fig. 6  Total count of top rank (including ties) across simulation and real data analysis scenarios
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cal decisions. It is crucial that, in contrast to inference methods, prediction models 
trained and validated on historical data must be directly applicable to new predictions 
without modification.

We propose an imputation-free deep learning framework as a practical alternative 
to handling missing data in survival risk prediction. Unlike traditional approaches 
that rely on imputation, our framework directly models missingness patterns, ensur-
ing a more seamless and reliable integration of incomplete data. The framework is 
designed for end-to-end compatibility with any differentiable neural network used for 
survival prediction.

A key limitation of real-world survival analysis is the absence of ground-truth 
survival probabilities. Unlike simulations where true risk functions are known, real-
world data only provide observed event or censoring times, which are step-function 
realisations of an underlying stochastic process. Predicted survival curves, on the 
other hand, approximate the full probability distribution, and this mismatch makes it 
difficult to directly assess individual level predictions. As a result, evaluation relies 
on metrics such as Ctd, IBS, or negative log-likelihood, which cannot assess full 
fidelity to the true survival function. We note that only the likelihood-based metric is 
a proper scoring rule, while the C-index is non-proper and the properness of the IBS 
depends on correctly specified censoring weights.

Future work will extend the framework to additional feature types and modali-
ties. Another direction is to learn shared structure across related patterns of missing-
ness, for example through hierarchical regularisation or gated mechanisms, to better 
capture commonalities without overfitting. Finally, incorporating attention or trans-
former based architectures into MissCVAE may help capture time dependent patterns 
of missingness and improve modelling of long range dependencies in EHR data.

Supplementary information  Supplementary material is available at Journal of 
Healthcare Informatics Research online and is structured as follows: Section I intro-
duces the technical background in survival analysis; Section II details the proposed 
model mathematical derivations; Section III presents additional simulation details; 
Section IV provides further information on the real-world data sets; and Section V 
outlines experimental implementation settings and additional results.
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