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I Background

A Taxonomy of Missing Data Mechanisms

Rubin classifies missing data into three types: Missing Completely at Random (MCAR), Missing
at Random (MAR), and Missing Not at Random (MNAR)™ These mechanisms describe how
missingness relates to observed and unobserved values. Let m; denote whether data point x; is
observed (m; = 1) or missing (m; = 0).

e MCAR: Missingness occurs purely by chance, independent of both observed and unobserved
data (e.g., data loss due to a power outage).

P(mz =0 | Xobsaxmis) = P(mz = 0)

e MAR: Missingness depends only on observed data but not on the missing values themselves
(e.g., younger patients being less likely to have cholesterol levels recorded).

P(mz =0 | xob57xmis) = P(mz =0 ‘ Xobs)

e MINAR: Missingness is directly related to unobserved values (e.g., heavy drinkers being
less likely to report alcohol consumption).

P(mz =0 | XobSaXmis) = P(mz =0 ‘ Xmis)

*Corresponding author: christopher.yau@wrh.ox.ac.uk



B Kaplan-Meier Estimator

The Kaplan-Meier estimator is a non-parametric method for estimating the survival function
S(t) = P(T > t) from censored time-to-event data.? Given n individuals with observed survival

times t1,to, ..., t,, some of which may be censored, the estimator is defined as:
N d;
S(t) = 1——
m=T(1-%).
t; <t

where t; are observed event times, d; is the number of events at ¢;, and n; is the number at risk
just before t;. This estimator therefore accounts for censoring by only considering individuals at
risk at each event time. The resulting survival curve is a step function that decreases at observed
failure times. While this makes no assumptions about the underlying distribution, its accuracy
declines over time as fewer individuals remain at risk, increasing variance in the estimate.

C Survival Metrics

C.1 Time-Dependent Concordance

The Time-Dependent Concordance Index (Ctd) as defined by Antolini is a discriminative index
used to assess the ordering of predicted risks of pairs of individuals based on the earlier event
time of each pair® This assumes that an individual i experiencing an event at time ¢; should be
assigned a higher cumulative risk at time ¢; than another individual 5 who has not yet experienced
the event at that time. Formally, this is defined as

Ctd = P (F (tilxi) > F (ti]x;)

t; < tj) .
In practice, this quantity is estimated by calculating the proportion of pairs in concordance
iy Lt < t5)- 1 (F (t:]%;) > F(ti|xj)>

> iz Lt < tj) '

Higher values of Ctd indicate better performance up to the maximum value of 1, but sizeable
censoring can lead to an optimistic performance

Ctd ~

C.2 Integrated Brier Score

The Brier score (BS) is a measure of both discrimination and calibration performance as it
quantifies the mean squared error between observed event indicators and predicted probabilities at
a fixed time point.? Censoring is accounted for using inverse probability of censoring weighting ©!”
The Brier score at time u is given by:

) 2
R (1= Fl) 1t < pupe)? 10t > u)
BS(u) = N ; G(tz) + G<U) ’

where G (u) is the Kaplan-Meier estimate (Section of the censoring distribution. The Integrated
Brier Score (IBS) is obtained by averaging the Brier score over a time interval:

1 b2
IBS = / BS(u) du.
ta —1t1 Jy

Lower IBS values indicate better overall predictive performance.



C.3 Integrated Negative Binomial Log-Likelihood

The Negative Binomial Log-Likelihood (NBLL) computes the binomial log-likelihood, negated
for consistency with loss minimisation. Unlike discrimination-based measures, which assess only
ranking, NBLL evaluates the overall likelihood of observed event times under the estimated risk
function, making it sensitive to both calibration and discrimination. Similar to the Brier score,
IPCW is applied to account for censoring.% The IPCW-adjusted NBLL at time u is given by:

1 i log F(u | x) 1{t; < u} | 18 (1= B %)) 1t > u}

NP =y &t &)

i=1

To summarise performance over time, the Integrated Negative Binomial Log-Likelihood (INBLL)
is computed by averaging the NBLL over a time interval:

INBLL =

to
/ NBLL(u) du.
t

ta —1t1 Jy

Lower INBLL values indicate better predictive performance, as they reflect higher likelihood of
observed events under the estimated model.

C.4 Integrated Square Error (ISE)

Simulation studies provide a controlled setting to evaluate the calibration of absolute risk
predictions, as the true risk functions are known. The Integrated Squared Error (ISE) quantifies
the discrepancy between the estimated and true cumulative risk functions over time by computing
the squared difference at each time point and integrating over the time interval. Averaging across
N observations gives:

1 L e 5 2
ISE = N;/tl (F(u\xi)—F(u|xi)) du.

This metric provides a global assessment of the accuracy of the estimated risk, with larger values
indicating greater deviation from the true risk over time.

D DeSurv

We illustrate our framework with the deep survival model DeSurv in our experiments” DeSurv
provides continuous absolute risk curve predictions, where absolute risk curves correspond to
cumulative distribution functions (CDFs), F'(¢,x). Since a valid CDF is a monotonic function
bounded within [0, 1], its derivative is always non-negative.

Leveraging this property, DeSurv models the gradient of an underlying function u(t,x),
ensuring monotonicity by constraining the neural network output to be positive via a final
softplus activation. The gradient function is then integrated using Gauss-Legendre quadrature,
yielding a strictly increasing function u(t,x). To obtain a valid CDF, the underlying function is
rescaled from [0, co] to [0, 1] using a hyperbolic tangent activation:

d
dirl: = SOftphlS(NN(t> X3 9))

F(t,x) = tanh(u(t,x))

The model is trained using a right-censored survival likelihood as the objective function.



II Proposed Model

A ELBO Derivation

The VAE-cVAE framework in MissCVAE is trained by maximising the marginal likelihood of
the observed observations under the model. The Evidence Lower Bound (ELBO) is derived by
expanding the log marginal likelihood and using Jensen’s Inequality:

IOg Do (XObsa m, t) = 10g / Do (XObs> m, t, hxa hm) dhzdhm
hahum

q¢(h9€7 hm|XObsa m)
qp(hy, hm‘XObs, m)
[pp(x°P%, m, t, h,, hm)}>
L qd’(hx’ hm‘XObS’ m)
[po(x°P%, m, t, h,, hm)}>
L q¢>(hw7 hm‘XObs7 m)
= En, b~y <1og [ (X[, o )po ([ )y (¢, hm)pe(hx)]?a(hmﬁ )
L qp ([ By, x°P%) g (hin [ m)
= En, by~ 108 po(t/hy, hyy,)]
Survival Likelihood
+ Ehm,hmw% [logpg (XObS|hx, hm) + log pg (m|hm)]

= log / po(x°5, m, t,h,, h,,) dh,dh,,
h;.h,,

= log <Ehm,hm~q¢

> Eng hyn~as (log

Reconstruction
— Bhypgy [KL (6 (e B, x°%) |pg (ha)) | — KL (g (hy [m)||pg (hy))

KL Regularisation




IIT Simulation

A Simulating Survival Time

The Weibull proportional hazards model is a widely used parametric survival model due to its
flexibility in capturing different hazard shapes. This, along with its closed-form expressions,
makes it a common choice for simulating survival data. The hazard function is defined as

B(t]x) = Apt? exp(57x),

where ¢ represents survival time, A > 0 is the baseline hazard rate, p > 0 is the shape parameter,
and [ is the corresponding vector of regression coefficients. The survival function follows as

S(t|x) = exp <— /th(u|x) du) = exp (—AtP exp(87x)) .

Observed event times tp are generated using inverse transform sampling. Given F'(¢|x) is a CDF
and the survival function is defined as S(t|x) = 1 — F(t|x), setting

S(tg|x) =U, U ~ Uniform(0,1)

yields
exp (—th exp(87x)) = U.

Aexp(BTx

To simulate right censoring, a maximum follow-up time #,,,x is introduced with an independent
censoring time to drawn from an exponential distribution. The observed survival time and event
indicator are then

Solving for tg results in

T = min(tEu to, tmax)7
0 = 1(tg < min(tc, tmax))-



B Simulation Parameters

Step 1: Simulate Latent Variables

H 0\ /0.09 0.10
(B) NMVN((O) ’ <0.10 0.16>> p~083

Step 2: Simulate Risk Factors

Table 1: Risk Factors

Variable Distribution
Age Niruncatea( =50 — 10 x H,o = 5,a = 20,b = 80)
Sex Bernoulli(p = 0.5)

Smoking Status

Peurrent = Max(0,0.30 — 0.25 X B), ppever = max(0,0.45 — 0.30 x B)

Pex = maX(O, 1-— (pcurrcnt + pncvcr))

Multinoulli (p = (Pgaepe, Loy Brever ), where total = peurrent + Pex + Prever
1

Prior Condition  Bernoulli(p = tropms

Treatment Bernoulli(p = p)
p = ifelse(Prior Condition == 1,0.5 — 0.2 x H + 0.001 x (Age — 20),0)

v1 Niruneated (175, 5, 150, 200) if Sex = Male
Niruncated (162, 5,140, 190) if Sex = Female

s Neruncated (30 — 10 x H, 5,15, 60)

U3 N (130 — 20 x H,5)

Uy N(5.5—H,1)

vy N(120+5 x H—0.8 x Age,5)

vg N(55—-05x H—-0.1x B,0.5)

vr N(25+2 x H,5)

8 N(@B—H,1)

vy N(6—-0.5x%x H,1)

V10 N(15+02XH05)

11 N (400 — 10 x H, 30)

V12 N(10 — 2 x H,3)

v13 N(2+0.05 x H,0.5)

V14 Bernoulli(p = 0.2 - 0.1 x H)

V15 N(?) — 0.05 x I‘I7 03)




Step 3: Simulate Survival Outcome

Table 2: Weibull Proportional Hazards Coefficients

Covariate

Risk Factors

Covariate Coefficient () Coefficient ()

Weibull Parameters

A 0.0025 vy 0

P 1.0500 Vg 0.02
Latent Variables V3 0.03
H (Latent Health) -0.75 Vg 0.05
B (Latent Behaviour) -0.25 U5 -0.05
Demographics and Lifestyle Vg 0.06
Age 0.01 vy 0

Sex (Female) -0.1 v 0.08
Smoker (Current) 0.3 Vg 0
Smoker (Ex) 0.15 V10 0
Prior Condition 0.5 V11 0.0001
Treatment -0.2 V12 -0.05
Interactions & Non-Linear Terms V13 0
Ag62 0.0001 V14 0

H x Age -0.005 V15 0

B x Treatment -0.005

V2 X Vg 0.003

Event ~ 0.25

Step 4: Induce Missingness

To simulate realistic missingness patterns, we introduce a latent missingness variable Z with the
same dimensionality as X, Z ~ N (u, ).

Table 3: p values.

Baseline Missingness pipaseline Shifted Missingness pishift

w1 =—0.5 Unchanged
po=—-08402xH—-01x5B Unchanged
g =—07+10x H Unchanged

s =—02+20xH g = +0.0+ 1.0 x H*

pws =+00+10x H—-02xB
pwe=—-014+15xH—-02xB
wr=+1.04+1.0x H

pug =4+08+1.0x H*

o =4074+10x H—-05x B
pio=+1.0+1.0x H

pi1 =+1.5+1.0x H*
pie=+12+1.2x H*

i3 =+184+1.0x H*— 0.5 x B
e =4+20+10x H*—-05x B
pis =+1.0+2.0 x H*

s =—+0.0+0.5 x H*

e =—-014+02x H*
wr=+024+10xH-02xB
ug =—+01+15x H*

w9 =+00+15xH—-08x B
Unchanged

ui1 =+05+2.0x H*

w2 =4+06+15x H
Unchanged

Unchanged

Unchanged

H*: sign(H) x \/|H]|
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C Overview of Simulation Scenarios
1. Simulation A: Baseline
2. Simulation B: Unseen missingness patterns

e Remove all pairs in block 3, i.e.
— xxxxxx X(1,1,0) X XxxxxX
— xxxxxx X(1,0,1)x xxxxxX
— xxxxxx X (0,1,1)x xxxxxX
e Remove complete pair in block 4, i.e.
— xxxxxxxxxx X(1,1)x xxx
e This removes 3 x 212 + 213 — 3 x 210 = 17,408, keeping 15, 360 patterns.

3. Simulation C: Missingness Shift

e Training Set: Step 4 follows Z ~ N (pghift, Zshift)
e Test Set: Step 4 follows Z ~ N (tbaselines Lbaseline )

— O O O O O O OO o oo o oo

S O O OO O oo oo

0.5
0.7
0.85
1
0

— O O O O O O O oo oo o oo




IV EHR Datasets

A Dataset Description

Summaries of the variables in each dataset are provided in Tables [f] and [5] as well as in Figure [T}

Cardiovascular Disease Chronic Kidney Disease All-Cause Mortality

Body Mass Index
Systolic Blood Pressure
Diastolic Blood Pressure
Haemoglobin Alc

Total Cholesterol

High Density Lipoprotein
Low Density Lipoprotein
Cholesterol Ratio
Triglycerides
C-Reactive Protein
Creatinine

Albumin
Albumin-Creatinine Ratio
White Blood Cell Count
Haemoglobin

Platelet Count

Red Blood Cell Count
Urea

Ferritin

Calcium

Potassium

Sodium

Bilirubin

Basophil

Eosinophil

Neutrophil

Lymphocyte

Monocyte

Laboratory Measurements

0.0 0.2 04 06 0.8 0.0 02 04 06 0.8 0.0 0.2 04 06 038
Proportion Observed

Figure 1: Proportion of observed measurements across different lab measurements.
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B Overview of Experimental Scenarios

1. Baseline (Train and Test on London)
2. Unseen missingness patterns

e CVD Dataset — Remove counts of 2 ‘1s’ in HbAlc, Creatinine, White Blood Cell
Count
— ... x(1,1,0) x
— ... x(1,0,1) x
— ...x(0,1,1) x
e CKD Dataset — Remove counts of 3 or 4 ‘1s’ in Total Cholesterol, Cholesterol Ratio,
High Density Lipoprotein, Low Density Lipoprotein, Triglycerides

— ... x(0,0,1,1,1) x — ... x(1,0,0,1,1) x — ... x(1,1,0,1,0) x
— ... x(0,1,0,1,1) x (1,0,1,0,1) x ... ox (1,1,0,1,1) x
— ..x(0,1,1,0,1) x x (1,0,1,1,0) x ... L% (1,1,1,0,0) x
— ... x(0,1,1,1,0) x x (1,0,1,1,1) x x (1,1,1,0,1)

— .. x(0,1,1,1,1) x — ... x(1,1,0,0,1) x — ... x(1,1,1,1,0) x

e ACM Dataset — Similar to CKD dataset. Remove counts of 3 or 4 ‘18’ in HbAlc, Cre-
atinine, Albumin-to-Creatinine Ratio, C-Reactive Protein, Low Density Lipoprotein

3. Distribution Shift (Train on London, Test on North East)

e The standardised mean differences between the training and test sets are presented in
Table [6l
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Table 6: Standardised mean differences (mean (SD) over 5 folds). For each experiment, we
compare the training data with two test sets: a baseline test set obtained from the same dataset
via 5-fold cross-validation (London patients), and a shift test set consisting of patients from a
different health authorisation (North East).

CKD CVD ACM

Variables

Survival Outcome
Event
Time

Lab Measurements
Body Mass Index
Systolic Blood Pressure
Diastolic Blood Pressure
Haemoglobin Alc
Total Cholesterol
High Density Lipoprotein
Low Density Lipoprotein
Cholesterol Ratio
Triglycerides
C-Reactive Protein
Creatinine
Albumin
Albumin-Creatinine Ratio
White Blood Cell Count
Haemoglobin
Platelet Count
Red Blood Cell Count
Urea
Ferritin
Calcium
Potassium
Sodium
Bilirubin
Basophil
Eosinophil
Neutrophil
Lymphocyte
Monocyte

Baseline

0.007 (0.006)
0.005 (0.005)

0.006 (0.001
0.005 (0.002
0.006 (0.005
0.010 (0.007
0.009 (0.008
0.006 (0.005
0.014 (0.007
0.011 (0.004
0.005 (0.002
0.010 (0.008
0.005 (0.004
0.021 (0.008
0.014 (0.018
0.011 (0.008
0.013 (0.005
0.011 (0.009
0.011 (0.006
0.007 (0.004
0.014 (0.012
0.019 (0.016
0.004 (0.005
0.018 (0.013
0.010 (0.008
0.009 (0.005
0.009 (0.004
0.016 (0.007
0.018 (0.007
0.012 (0.008

AN AN NSNS SIS AN NGNS IS S AN AN NI

Shift

0.135 (0.002)
0.211 (0.001)

0.021 (0.002)
0.064 (0.001)
0.095 (0.003)
0.231 (0.003)
0.057 (0.004)
0.056 (0.001)
0.017 (0.004)
0.027 (0.003)
0.284 (0.003)
0.068 (0.007)
0.043 (0.003)
0.313 (0.006)
0.186 (0.004)
0.058 (0.004)
0.171 (0.004)
0.085 (0.004)
0.070 (0.004)
0.050 (0.004)
0.026 (0.008)
0.057 (0.006)
0.339 (0.004)
0.176 (0.006)
0.074 (0.004)
0.090 (0.002)
0.066 (0.003)
0.094 (0.005)
0.071 (0.004)
0.255 (0.004)

Baseline

0.011 (0.008)
0.008 (0.007)

0.011 (0.009)
0.014 (0.012)

0.009 (0.007)

0.010
0.013
0.021
0.015

0.009)
0.008)
0.014)
0.012)

0.013
0.014

0.006)
0.009)

I~ S~ S S
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Shift

0.089 (0.003)
0.098 (0.003)

0.229 (0.005)
0.126 (0.003)

0.067 (0.005)

0.036 (0.005
0.353 (0.008
0.141 (0.007
0.026 (0.006
0.147 (0.006)
0.145 (0.006)

NS AN AN

Baseline

0.010 (0.012)
0.006 (0.003)

0.080
0.006
0.013

(0.064)

(0.003)

(0.008)
0.023 (0.017)
0.011 (0.005)
0.005 (0.002)
0.014 (0.009)
0.044 (0.033)
0.010 (0.010)
0.030 (0.012)
0.010 (0.006)
0.020 (0.014)
0.029 (0.015)
0.018 (0.014)
0.019 (0.008)
0.005 (0.004)
0.011 (0.006)
0.020 (0.013)
0.023 (0.029)
0.045 (0.032)
0.011 (0.007)
0.014 (0.011)
0.019 (0.010)
0.010 (0.006)
0.015 (0.010)
0.019 (0.014)
0.010 (0.006)
0.014 (0.007)

Shift

0.256 (0.004)
0.401 (0.002)

0.090 (0.001)
0.126 (0.004)
0.281 (0.009)
0.060 (0.003)
0.019 (0.003)
0.116 (0.003)
0.499 (0.013)
0.299 (0.006)
0.100 (0.014)
0.030 (0.004)
0.491 (0.004)
0.183 (0.011)
0.065 (0.005)
0.083 (0.004)
0.149 (0.003)
0.081 (0.002)
0.093 (0.007)
0.033 (0.013)
0.276 (0.012)
0.277 (0.005)
0.177 (0.004)
0.134 (0.007)
0.085 (0.008)
0.056 (0.007)
0.068 (0.005)
0.006 (0.005)
0.255 (0.008)



V Experiments

A Libraries and Packages

Imputation is performed using the scikit-learn Python library, specifically employing the
LinearRegressionImputer and IterativeImputer with default settings.'¥ For multiple impu-
tation, we use the mice package in R Model training is done using the PyTorch Lightning 14
Survival metrics are computed with the pycox Python library®

B Experimental Setup

We provide the full configuration used across all experiments to support reproducibility in Table [7]
For metrics requiring time integration (IBS, INBLL, and ISE), we evaluate on a discrete time
grid from ¢ = 0 to tmax With step size 0.1.

We use a fixed split of 64% for training, 16% for validation, and 20% for testing. All
preprocessing steps are fitted on the training set only and then applied to the validation and
test sets. For all non-MICE imputers, the imputation model is fitted on the training set and
subsequently applied to the validation and test sets. The exception is MICE, which is jointly
fitted on the training and validation sets and at test time, the learned regression models are
used to impute missing values. This reflects realistic deployment, since MICE requires refitting if
applied to new data containing missingness.

Survival head (DeSurv) hyperparameters follow the defaults of the original paper.” MissCVAE
architecture dimensions (encoder, decoder, latent) are set proportionally to input dimensionality
and number of missingness patterns. No systematic hyperparameter search was performed for
any method to ensure a fair comparison. We instead conduct an ablation study (Section V.C and
V.F) to assess the sensitivity of MissCVAE to its key architectural choices, which we consider
more informative than exhaustive tuning given the moderate model complexity and the number
of baseline comparisons.

Table 7: Experimental Configuration Across Datasets

Experiments | Simulations | CKD \ CVD ACM

Reproducibility

Random seeds ‘ Seed = 42 for sklearn KFold, NumPy, PyTorch, CUDA

Training Details

Optimiser Adam (learning rate = le—4, betas = (0.9, 0.999), eps = 1le—8)

Batch size 128

Dropout rate 0.2

Training epochs 300 300 200 300
30 20 30

Early stopping patience 30
Survival Head (DeSurv) Architecture
Hidden layers ‘ [32, 32]

MissCVAE Architecture

Encoder hidden layers [32, 16] [32, 32] [32, 16] [32, 32]
Decoder hidden layers [16, 32] [32, 32] [16, 32] [32, 32]
Latent dimension (h,,) 8 32 4 32
Latent dimension (h,) 8 32 8 32
Evaluation Settings

Max time 20.0 17.5 17.5 15.0

14



C Ablation Study

An ablation study isolates the effects of individual components and hyperparameter choices,
providing insights into the robustness and generalisation of MissCVAE. The baseline ELBO
weights in the ablation are « = 2, 8 = (Bm, Sx) and By = Bx = 0.1, v = (ym,7x) and
ym = vx = 0.1. The ablation configurations are summarised in Table [§]

Ablation
Description

Configuration

h, only Removes h,, as input to the DeSurv module to assess the
importance of the missingness representation in prediction.

a=1,510 Evaluate the impact of a weaker or stronger emphasis on survival
loss on prediction performance.

6 =0.05,0.2 Evaluate the impact of a weaker or stronger emphasis on recon-
struction loss on prediction performance.

v = 0.05,0.2 Evaluate whether a weaker or stronger emphasis on KL diver-

gences improves performance or results in posterior collapse.

Evaluate the impact of varying the latent space dimension,
assessing the trade-off between representation capacity and
2dim(h,, ), dim(h,) = [16, 16],[64,64] overparameterisation.

tdim(h,,),dim(h,) = [4,4], [16, 16]

! Simulation and CVD experiments.
2 CKD and ACM experiments.

Table 8: Ablation configurations for evaluating the components of MissCVAE.

D Additional Simulation Results

Table [9) reports the results for Simulation B evaluated on the full dataset.

Simulation B: Unseen Missingness Patterns (Full)

Experiment ctd ¢ IBS | INBLL | -Loglikelihood | ISE |

CW 0.699 (0.004) 0.161 (0.001) 0.487 (0.003) 0.257 (0.004) 0.520 (0.006)
CW + M 0.721 (0.004) 0.154 (0.002) 0.470 (0.004) 0.240 (0.005) 0.380 (0.006)
Mean 0.746 (0.004) 0.144 (0.003) 0.445 (0.006) 0.214 (0.006) 0.187 (0.003)
ICE 0.739 (0.008) 0.149 (0.004) 0.483 (0.046) 0.271 (0.081) 0.271 (0.082)
RI 0.747 (0.004) 0.144 (0.002) 0.444 (0.006) 0.213 (0.006) 0.176 (0.003)
MICE O 0.745 (0.003) 0.145 (0.002) 0.445 (0.005) 0.215 (0.005) 0.187 (0.004)
MICE 0.743 (0.003) 0.146 (0.002) 0.448 (0.004) 0.218 (0.005) 0.209 (0.002)
-1 Enc. 0.740 (0.004) 0.147 (0.002) 0.451 (0.005) 0.221 (0.006) 0.235 (0.008)
MIM 0.748 (0.004) 0.144 (0.002) 0.443 (0.006) 0.212 (0.007) 0.168 (0.007)
MissCVAE 0.749 (0.003) 0.143 (0.002) 0.442 (0.004) 0.212 (0.005) 0.164 (0.006)
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Table 9: Comparison of model performance in the simulation studies, reported as mean (standard
deviation) over 5 simulations.



E Additional Experimental Results

Cardiovascular Disease

. Baseline Unseen Missingness Patterns (Full)
Experiment
Cctd ¢ IBS | INBLL | -Likelihood | Cctd ¢ IBS | INBLL | -Likelihood |
CW 0.580 (0.010) 0.113 (0.002) 0.369 (0.006) 0.202 (0.004) |0.578 (0.012) 0.113 (0.002) 0.370 (0.005) 0.203 (0.004)
CW + M 0.586 (0.015) 0.113 (0.002) 0.369 (0.006) 0.202 (0.004) [0.581 (0.016) 0.113 (0.002) 0.369 (0.005) 0.202 (0.003)
Mean 0.590 (0.012) 0.114 (0.002) 0.371 (0.005) 0.201 (0.004) |0.588 (0.014) 0.114 (0.002) 0.372 (0.005) 0.202 (0.003)
ICE 0.592 (0.011) 0.114 (0.002) 0.371 (0.005) 0.201 (0.004) |0.590 (0.012) 0.114 (0.002) 0.372 (0.005) 0.202 (0.003)
RI 0.591 (0.013) 0.114 (0.002) 0.371 (0.005) 0.201 (0.004) |0.589 (0.015) 0.114 (0.002) 0.372 (0.005) 0.202 (0.003)
MICE O 0.590 (0.012) 0.114 (0.002) 0.370 (0.005) 0.202 (0.003) |0.589 (0.013) 0.114 (0.002) 0.371 (0.004) 0.202 (0.003)
MICE 0.590 (0.012) 0.113 (0.002) 0.370 (0.005) 0.202 (0.003) |0.589 (0.014) 0.114 (0.002) 0.371 (0.004) 0.202 (0.003)
-1 Enc. 0.581 (0.014) 0.113 (0.002) 0.369 (0.005) 0.202 (0.004) [0.578 (0.012) 0.114 (0.002) 0.371 (0.005) 0.203 (0.004)
MIM 0.591 (0.010) 0.114 (0.002) 0.371 (0.005) 0.201 (0.003) |0.589 (0.009) 0.114 (0.002) 0.372 (0.004) 0.202 (0.003)
MissCVAE 0.591 (0.008) 0.113 (0.002) 0.369 (0.005) 0.202 (0.004) [0.592 (0.010) 0.113 (0.002) 0.370 (0.005) 0.204 (0.004)
MissCVAE (h;)|0.592 (0.007) 0.113 (0.002) 0.369 (0.006) 0.202 (0.004) |0.592 (0.010) 0.113 (0.002) 0.369 (0.006) 0.203 (0.004)
Chronic Kidney Disease
. Baseline Unseen Missingness Patterns (Full)
Experiment
ctd ¢ I1BS | INBLL | -Likelihood | ctd ¢ 1BS | INBLL | -Likelihood |
CW 0.620 (0.008) 0.168 (0.002) 0.505 (0.004) 0.269 (0.003) |0.624 (0.003) 0.169 (0.001) 0.507 (0.003) 0.293 (0.003)
CW + M 0.634 (0.005) 0.169 (0.002) 0.508 (0.004) 0.286 (0.009) |0.636 (0.005) 0.170 (0.001) 0.508 (0.003) 0.294 (0.001)
Mean 0.783 (0.006) 0.137 (0.002) 0.425 (0.004) 0.203 (0.004) [0.780 (0.004) 0.139 (0.001) 0.429 (0.003) 0.207 (0.003)
ICE 0.787 (0.005) 0.136 (0.002) 0.423 (0.004) 0.198 (0.003) |0.784 (0.004) 0.138 (0.001) 0.427 (0.003) 0.203 (0.002)
RI 0.787 (0.005) 0.136 (0.002) 0.423 (0.004) 0.199 (0.004) |0.786 (0.004) 0.137 (0.002) 0.426 (0.004) 0.202 (0.003)
MICE O 0.785 (0.004) 0.137 (0.002) 0.424 (0.004) 0.203 (0.004) [0.783 (0.004) 0.138 (0.001) 0.427 (0.003) 0.206 (0.003)
MICE 0.783 (0.005) 0.138 (0.002) 0.426 (0.004) 0.203 (0.003) |0.781 (0.004) 0.139 (0.001) 0.430 (0.003) 0.208 (0.003)
-1 Enc. 0.781 (0.005) 0.137 (0.002) 0.426 (0.005) 0.200 (0.007) |0.772 (0.004) 0.141 (0.001) 0.436 (0.003) 0.214 (0.003)
MIM 0.789 (0.004) 0.136 (0.002) 0.422 (0.005) 0.198 (0.004) |0.786 (0.004) 0.138 (0.002) 0.427 (0.006) 0.203 (0.004)
MissCVAE 0.787 (0.005) 0.136 (0.002) 0.423 (0.005) 0.188 (0.017) |0.786 (0.004) 0.138 (0.001) 0.426 (0.003) 0.203 (0.003)
(0.001)

MissCVAE (hg)

0.787 (0.005) 0.136 (0.002) 0.422 (0.005)

0.173 (0.009)

0.786 (0.004) 0.138 (0.001) 0.426 (0.003)

0.200 (0.004)

All-Cause Mortality

. Baseline Unseen Missingness Patterns (Full)

Experiment — —=
Cctd ¢ IBS | INBLL | -Likelihood | Cctd ¢ IBS | INBLL | -Likelihood |
CW 0.695 (0.003) 0.096 (0.002) 0.315 (0.005) 0.358 (0.007) |0.693 (0.003) 0.097 (0.002) 0.316 (0.005) 0.365 (0.007)
CW + M 0.695 (0.003) 0.097 (0.002) 0.316 (0.006) 0.363 (0.008) |0.694 (0.004) 0.097 (0.002) 0.317 (0.007) 0.374 (0.008)
Mean 0.705 (0.003) 0.095 (0.002) 0.311 (0.006) 0.361 (0.007) [0.697 (0.004) 0.096 (0.002) 0.316 (0.006) 0.374 (0.008)
ICE 0.706 (0.003) 0.095 (0.002) 0.311 (0.006) 0.357 (0.007) [0.699 (0.004) 0.096 (0.002) 0.315 (0.006) 0.371 (0.007)
RI 0.706 (0.004) 0.095 (0.002) 0.311 (0.006) 0.358 (0.006) |0.697 (0.004) 0.096 (0.002) 0.316 (0.007) 0.373 (0.008)
MICE O 0.698 (0.003) 0.096 (0.002) 0.315 (0.006) 0.369 (0.009) [0.689 (0.004) 0.097 (0.002) 0.319 (0.005) 0.382 (0.006)
MICE 0.701 (0.004) 0.095 (0.002) 0.312 (0.005) 0.364 (0.007) |0.695 (0.004) 0.096 (0.002) 0.315 (0.005) 0.375 (0.006)
-1 Enc. 0.699 (0.003) 0.095 (0.002) 0.312 (0.006) 0.360 (0.007) [0.697 (0.003) 0.096 (0.002) 0.314 (0.005) 0.371 (0.007)
MIM 0.708 (0.005) 0.094 (0.002) 0.309 (0.007) 0.364 (0.008) |0.699 (0.003) 0.096 (0.002) 0.316 (0.005) 0.377 (0.006)
MissCVAE 0.706 (0.004) 0.094 (0.002) 0.309 (0.006) 0.358 (0.007) |0.699 (0.002) 0.095 (0.002) 0.313 (0.006) 0.371 (0.007)

MissCVAE (hyz)

0.707 (0.005) 0.094 (0.002) 0.309 (0.006)

0.356 (0.007)

0.701 (0.003) 0.095 (0.002) 0.313 (0.006)

0.369 (0.007)

Table 10: Comparison of model performance in the
(standard deviation) over 5 folds.

16

experimental data, reported as mean



F Ablation Resu

Its
Simulation A - Baseline

Experiment ctd 1 IBS | INBLL | -Likelihood | ISE |

MissCVAE 0.749 (0.003) 0.144 (0.002) 0.443 (0.004) 0.212 (0.005) 0.165 (0.006)
— hg 0.747 (0.003) 0.144 (0.002) 0.443 (0.004) 0.212 (0.005) 0.172 (0.006)
—a=1 0.748 (0.004) 0.144 (0.002) 0.444 (0.004) 0.214 (0.005) 0.172 (0.008)
—a=5 0.750 (0.003) 0.143 (0.002) 0.442 (0.004) 0.212 (0.005) 0.160 (0.006)
— a =10 0.750 (0.003) 0.143 (0.002) 0.442 (0.005) 0.211 (0.005) 0.158 (0.005)
— 8 =0.05 |0.749 (0.003) 0.143 (0.002) 0.442 (0.004) 0.212 (0.005) 0.164 (0.006)
— =02 0.749 (0.004) 0.144 (0.002) 0.443 (0.005) 0.213 (0.007) 0.166 (0.006)
— v =0.05 |0.749 (0.003) 0.143 (0.002) 0.442 (0.004) 0.212 (0.005) 0.164 (0.004)
—v=0.2 0.748 (0.004) 0.144 (0.002) 0.444 (0.005) 0.213 (0.006) 0.173 (0.008)
— dim S 0.747 (0.004) 0.144 (0.002) 0.444 (0.004) 0.213 (0.005) 0.175 (0.004)
— dim L 0.749 (0.003) 0.144 (0.002) 0.443 (0.004) 0.213 (0.005) 0.164 (0.004)

Simulation B - Unseen Missingness Patterns (Full)

Experiment Cctd T IBS | INBLL | -Likelihood | ISE |

MissCVAE 0.749 (0.003) 0.144 (0.002) 0.443 (0.005) 0.213 (0.006) 0.168 (0.004)
— he 0.747 (0.004) 0.144 (0.002) 0.445 (0.004) 0.214 (0.004) 0.181 (0.006)
—a=1 0.748 (0.004) 0.144 (0.002) 0.444 (0.005) 0.214 (0.006) 0.176 (0.005)
—a=5 0.749 (0.003) 0.144 (0.002) 0.443 (0.004) 0.213 (0.005) 0.167 (0.005)
—a=10 0.749 (0.003) 0.143 (0.002) 0.442 (0.004) 0.212 (0.005) 0.164 (0.006)
— B =0.05 |0.749 (0.003) 0.144 (0.002) 0.443 (0.005) 0.213 (0.006) 0.169 (0.006)
— =02 0.748 (0.004) 0.144 (0.002) 0.443 (0.005) 0.213 (0.006) 0.169 (0.002)
— v =0.05 |0.749 (0.003) 0.144 (0.002) 0.443 (0.004) 0.213 (0.005) 0.167 (0.003)
—v=02 0.748 (0.004) 0.144 (0.002) 0.444 (0.005) 0.214 (0.006) 0.177 (0.003)
— dim S 0.747 (0.004) 0.144 (0.002) 0.445 (0.004) 0.214 (0.005) 0.180 (0.004)
— dim L 0.749 (0.004) 0.144 (0.002) 0.443 (0.004) 0.213 (0.005) 0.167 (0.004)

Simulation B - Unseen Missingness Patterns (Subset)

Experiment ctd 1 IBS | INBLL | -Likelihood | ISE |

MissCVAE 0.728 (0.008) 0.158 (0.001) 0.478 (0.003) 0.168 (0.010) 0.201 (0.011)
— hg 0.727 (0.007) 0.159 (0.002) 0.481 (0.005) 0.170 (0.009) 0.223 (0.020)
—a=1 0.728 (0.007) 0.159 (0.001) 0.480 (0.004) 0.171 (0.009) 0.212 (0.014)
—a=5 0.728 (0.008) 0.158 (0.001) 0.477 (0.004) 0.168 (0.010) 0.197 (0.008)
—+a=10 0.728 (0.008) 0.158 (0.001) 0.477 (0.003) 0.168 (0.010) 0.196 (0.010)
— 8 =0.05 |0.728 (0.007) 0.158 (0.001) 0.478 (0.003) 0.168 (0.010) 0.201 (0.011)
— =02 0.727 (0.008) 0.158 (0.002) 0.478 (0.004) 0.169 (0.011) 0.203 (0.010)
— v=0.05 |0.728 (0.008) 0.158 (0.002) 0.478 (0.004) 0.169 (0.011) 0.199 (0.008)
—v=0.2 0.728 (0.007) 0.159 (0.001) 0.480 (0.003) 0.170 (0.010) 0.214 (0.011)
— dim S 0.727 (0.008) 0.159 (0.002) 0.482 (0.005) 0.171 (0.010) 0.224 (0.013)
— dim L 0.728 (0.007) 0.158 (0.001) 0.478 (0.003) 0.169 (0.010) 0.201 (0.011)

Simulation C - Missingness Shift

Experiment Cctd T IBS | INBLL | -Likelihood | ISE |

MissCVAE 0.749 (0.004) 0.144 (0.002) 0.443 (0.004) 0.213 (0.005) 0.163 (0.006)
— he 0.748 (0.003) 0.144 (0.002) 0.444 (0.004) 0.212 (0.005) 0.171 (0.006)
—a=1 0.748 (0.004) 0.144 (0.002) 0.444 (0.004) 0.214 (0.005) 0.171 (0.004)
—a=5 0.749 (0.004) 0.144 (0.002) 0.443 (0.004) 0.212 (0.006) 0.162 (0.005)
—a=10 0.749 (0.004) 0.144 (0.002) 0.443 (0.004) 0.213 (0.006) 0.163 (0.006)
— B =0.05 |0.749 (0.004) 0.144 (0.002) 0.443 (0.004) 0.213 (0.006) 0.165 (0.007)
— =02 0.748 (0.004) 0.144 (0.002) 0.443 (0.005) 0.213 (0.006) 0.165 (0.005)
— v =0.05 |0.749 (0.004) 0.144 (0.002) 0.443 (0.005) 0.212 (0.006) 0.163 (0.005)
—v=0.2 0.748 (0.004) 0.144 (0.002) 0.444 (0.004) 0.214 (0.005) 0.172 (0.005)
— dim S 0.748 (0.004) 0.144 (0.002) 0.444 (0.003) 0.214 (0.005) 0.173 (0.006)
— dim L 0.749 (0.004) 0.144 (0.002) 0.444 (0.004) 0.213 (0.006) 0.169 (0.004)

Table 11: MissCVAE simulation experiments ablation study results.
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Cardiovascular Disease

. Baseline Distribution Shift
Experiment
Cctd 1 IBS | INBLL | -Likelihood | Ctd ¢ IBS | INBLL | -Likelihood |
MissCVAE  [0.588 (0.006) 0.114 (0.002) 0.370 (0.005) 0.202 (0.004) |0.566 (0.002) 0.128 (0.000) 0.406 (0.001) 0.242 (0.000)
— hg 0.589 (0.007) 0.114 (0.002) 0.370 (0.006) 0.202 (0.004) |0.566 (0.003) 0.128 (0.000) 0.406 (0.001) 0.242 (0.000)
—Sa=1 0.584 (0.005) 0.114 (0.002) 0.371 (0.006) 0.203 (0.004) |0.558 (0.003) 0.128 (0.000) 0.407 (0.001) 0.242 (0.000)
—oa=5 0.592 (0.007) 0.113 (0.002) 0.369 (0.005) 0.202 (0.004) |0.573 (0.003) 0.127 (0.000) 0.403 (0.001) 0.241 (0.000)
— a=10 0.591 (0.008) 0.113 (0.002) 0.369 (0.005) 0.202 (0.004) |0.574 (0.004) 0.126 (0.000) 0.402 (0.001) 0.241 (0.000)
— 8 =0.05 [0.590 (0.007) 0.113 (0.002) 0.369 (0.006) 0.202 (0.004) |0.574 (0.003) 0.127 (0.000) 0.404 (0.001) 0.241 (0.000)
— =02 0.582 (0.006) 0.114 (0.002) 0.372 (0.005) 0.203 (0.004) |0.556 (0.002) 0.128 (0.000) 0.408 (0.001) 0.243 (0.000)
— v =0.05 [0.588 (0.005) 0.114 (0.002) 0.370 (0.005) 0.202 (0.004) |0.565 (0.003) 0.128 (0.000) 0.406 (0.001) 0.242 (0.000)
— v =0.2 0.588 (0.006) 0.114 (0.002) 0.371 (0.006) 0.203 (0.004) |0.568 (0.003) 0.128 (0.000) 0.406 (0.001) 0.242 (0.000)
— dim S 0.589 (0.005) 0.114 (0.003) 0.371 (0.006) 0.203 (0.004) |0.564 (0.002) 0.128 (0.000) 0.407 (0.001) 0.242 (0.000)
— dim L 0.587 (0.005) 0.114 (0.002) 0.371 (0.005) 0.203 (0.004) |0.563 (0.003) 0.127 (0.000) 0.405 (0.001) 0.242 (0.000)
Cardiovascular Disease — Unseen Missingness Patterns
. Full Test Set Subset of Unseen Patterns Only
Experiment
Cctd 1 IBS | INBLL | -Likelihood | Cctd ¢ IBS | INBLL | -Likelihood |
MissCVAE  [0.590 (0.006) 0.113 (0.002) 0.370 (0.005) 0.203 (0.004) [0.577 (0.018) 0.111 (0.006) 0.366 (0.015) 0.231 (0.011)
— hg 0.589 (0.007) 0.113 (0.002) 0.370 (0.006) 0.203 (0.004) |0.577 (0.017) 0.111 (0.006) 0.366 (0.015) 0.230 (0.011)
—a=1 0.585 (0.004) 0.114 (0.002) 0.371 (0.006) 0.203 (0.004) |0.576 (0.017) 0.112 (0.006) 0.367 (0.016) 0.231 (0.011)
Sa=5 0.592 (0.009) 0.113 (0.002) 0.369 (0.005) 0.203 (0.004) |0.577 (0.019) 0.111 (0.006) 0.365 (0.014) 0.231 (0.010)
— a =10 0.592 (0.010) 0.113 (0.002) 0.370 (0.005) 0.204 (0.004) |0.576 (0.016) 0.111 (0.006) 0.365 (0.015) 0.231 (0.010)
— B =0.05 [0.591 (0.008) 0.113 (0.002) 0.369 (0.006) 0.203 (0.004) |0.576 (0.018) 0.111 (0.006) 0.365 (0.015) 0.231 (0.010)
< B8=0.2 [0.582 (0.004) 0.114 (0.002) 0.372 (0.006) 0.203 (0.004) [0.575 (0.017) 0.112 (0.006) 0.368 (0.015) 0.231 (0.011)
— v=0.05 [0.590 (0.006) 0.113 (0.002) 0.371 (0.005) 0.203 (0.004) |0.579 (0.019) 0.111 (0.006) 0.366 (0.015) 0.231 (0.011)
— v=0.2 0.591 (0.007) 0.114 (0.003) 0.371 (0.006) 0.205 (0.004) [0.576 (0.012) 0.112 (0.006) 0.367 (0.016) 0.232 (0.011)
— dim S 0.590 (0.006) 0.114 (0.003) 0.371 (0.007) 0.204 (0.005) |0.580 (0.016) 0.112 (0.006) 0.367 (0.016) 0.231 (0.011)
— dim L 0.587 (0.003) 0.114 (0.002) 0.372 (0.005) 0.205 (0.003) |0.579 (0.015) 0.112 (0.006) 0.368 (0.014) 0.234 (0.010)
Chronic Kidney Disease
. Baseline Distribution Shift
Experiment
ctd ¢ IBS | INBLL | -Likelihood | ctd ¢ IBS | INBLL | -Likelihood |
MissCVAE  [0.787 (0.006) 0.137 (0.002) 0.423 (0.004) 0.198 (0.009) |0.762 (0.002) 0.143 (0.001) 0.438 (0.003) 0.273 (0.008)
— hg 0.787 (0.005) 0.137 (0.001) 0.423 (0.003) 0.195 (0.009) |0.762 (0.003) 0.143 (0.002) 0.439 (0.004) 0.273 (0.005)
—a=1 0.786 (0.005) 0.136 (0.002) 0.423 (0.004) 0.202 (0.003) |0.761 (0.001) 0.143 (0.000) 0.438 (0.001) 0.278 (0.001)
—a=5 0.787 (0.006) 0.136 (0.002) 0.423 (0.005) 0.200 (0.004) |0.762 (0.001) 0.143 (0.001) 0.439 (0.001) 0.279 (0.002)
— a=10 0.787 (0.005) 0.136 (0.002) 0.423 (0.005) 0.188 (0.017) |0.761 (0.003) 0.144 (0.001) 0.441 (0.003) 0.268 (0.013)
— B =0.05 [0.787 (0.006) 0.137 (0.002) 0.423 (0.004) 0.201 (0.003) |0.763 (0.001) 0.142 (0.000) 0.437 (0.001) 0.277 (0.001)
— =02 0.786 (0.005) 0.136 (0.002) 0.423 (0.004) 0.199 (0.007) |0.761 (0.002) 0.143 (0.001) 0.439 (0.002) 0.277 (0.003)
— v=0.05 [0.787 (0.005) 0.136 (0.002) 0.423 (0.004) 0.197 (0.009) |0.761 (0.003) 0.143 (0.001) 0.439 (0.002) 0.275 (0.009)
— v=0.2 0.786 (0.005) 0.137 (0.002) 0.424 (0.004) 0.202 (0.004) |0.762 (0.001) 0.142 (0.000) 0.437 (0.001) 0.277 (0.001)
— dim S 0.785 (0.005) 0.137 (0.002) 0.424 (0.004) 0.191 (0.012) |0.760 (0.002) 0.144 (0.001) 0.440 (0.002) 0.269 (0.011)
— dim L 0.785 (0.007) 0.137 (0.003) 0.424 (0.006) 0.197 (0.003) |0.760 (0.001) 0.144 (0.001) 0.441 (0.002) 0.277 (0.005)
Chronic Kidney Disease — Unseen Missingness Patterns
. Full Test Set Subset of Unseen Patterns Only
Experiment
ctd 1 IBS | INBLL | -Likelihood | Cctd ¢ IBS | INBLL | -Likelihood |
MissCVAE  [0.785 (0.004) 0.137 (0.001) 0.426 (0.003) 0.203 (0.002) |0.781 (0.006) 0.142 (0.002) 0.437 (0.007) 0.209 (0.012)
< ha 0.784 (0.005) 0.138 (0.001) 0.426 (0.003) 0.203 (0.003) |0.779 (0.007) 0.143 (0.002) 0.440 (0.005) 0.210 (0.013)
—a=1 0.783 (0.003) 0.138 (0.001) 0.426 (0.003) 0.205 (0.002) |0.779 (0.006) 0.142 (0.002) 0.438 (0.006) 0.211 (0.012)
—a=5 0.785 (0.004) 0.138 (0.001) 0.427 (0.003) 0.203 (0.003) |0.780 (0.006) 0.142 (0.002) 0.439 (0.006) 0.209 (0.014)
— a=10 0.786 (0.004) 0.138 (0.001) 0.426 (0.003) 0.203 (0.003) |0.781 (0.006) 0.142 (0.002) 0.438 (0.007) 0.209 (0.014)
— 8 =0.05 [0.786 (0.004) 0.137 (0.001) 0.426 (0.003) 0.203 (0.003) |0.781 (0.005) 0.142 (0.002) 0.437 (0.007) 0.209 (0.013)
— =02 0.784 (0.003) 0.138 (0.001) 0.427 (0.003) 0.204 (0.003) [0.780 (0.006) 0.142 (0.002) 0.438 (0.006) 0.210 (0.014)
— v=0.05 [0.785 (0.004) 0.138 (0.001) 0.426 (0.003) 0.204 (0.003) |0.781 (0.007) 0.142 (0.002) 0.438 (0.006) 0.209 (0.014)
— v=0.2 0.784 (0.004) 0.138 (0.001) 0.426 (0.002) 0.205 (0.002) |0.781 (0.006) 0.142 (0.002) 0.438 (0.006) 0.210 (0.012)
— dim S 0.784 (0.004) 0.137 (0.001) 0.425 (0.003) 0.204 (0.002) [0.779 (0.007) 0.142 (0.002) 0.438 (0.007) 0.211 (0.011)
— dim L 0.786 (0.004) 0.137 (0.002) 0.426 (0.003) 0.202 (0.005) |0.782 (0.008) 0.141 (0.002) 0.437 (0.007) 0.208 (0.014)
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All-Cause Mortality

. Baseline Distribution Shift
Experiment
Cctd 1 IBS | INBLL | -Likelihood | Ctd ¢ IBS | INBLL | -Likelihood |
MissCVAE  [0.715 (0.007) 0.058 (0.001) 0.210 (0.005) 0.315 (0.008) |0.707 (0.002) 0.069 (0.000) 0.244 (0.001) 0.377 (0.001)
— hg 0.709 (0.008) 0.058 (0.001) 0.211 (0.004) 0.315 (0.008) |0.703 (0.003) 0.070 (0.000) 0.246 (0.001) 0.380 (0.001)
—Sa=1 0.689 (0.009) 0.061 (0.001) 0.226 (0.002) 0.341 (0.004) |0.686 (0.004) 0.072 (0.000) 0.257 (0.002) 0.398 (0.002)
—a=>5 0.716 (0.007) 0.057 (0.001) 0.209 (0.004) 0.313 (0.007) |0.711 (0.002) 0.069 (0.000) 0.243 (0.001) 0.374 (0.002)
— a=10 0.717 (0.007) 0.057 (0.001) 0.209 (0.004) 0.312 (0.007) |0.712 (0.001) 0.069 (0.000) 0.242 (0.000) 0.373 (0.000)
— 8 =0.05 [0.715 (0.007) 0.058 (0.001) 0.211 (0.004) 0.316 (0.008) |0.709 (0.003) 0.069 (0.000) 0.244 (0.001) 0.378 (0.001)
— =02 0.701 (0.008) 0.059 (0.001) 0.216 (0.005) 0.324 (0.008) |0.697 (0.008) 0.070 (0.001) 0.249 (0.005) 0.384 (0.008)
— v =0.05 [0.715 (0.006) 0.058 (0.001) 0.210 (0.004) 0.314 (0.007) |0.711 (0.002) 0.069 (0.000) 0.243 (0.000) 0.375 (0.001)
— v =0.2 0.691 (0.012) 0.060 (0.001) 0.224 (0.006) 0.339 (0.010) |0.688 (0.011) 0.072 (0.002) 0.256 (0.007) 0.396 (0.010)
— dim S 0.710 (0.007) 0.058 (0.001) 0.211 (0.004) 0.315 (0.008) |0.706 (0.002) 0.069 (0.000) 0.244 (0.001) 0.377 (0.001)
— dim L 0.717 (0.007) 0.058 (0.001) 0.211 (0.004) 0.316 (0.007) |0.709 (0.002) 0.070 (0.000) 0.245 (0.001) 0.379 (0.001)
All-Cause Mortality — Unseen Missingness Patterns
. Full Test Set Subset of Unseen Patterns Only
Experiment — -
Cctd 1 IBS | INBLL | -Likelihood | Cctd ¢ IBS | INBLL | -Likelihood |

MissCVAE  [0.699 (0.014) 0.060 (0.002) 0.219 (0.008) 0.331 (0.012) [0.701 (0.014) 0.057 (0.001) 0.213 (0.003) 0.334 (0.007)
— hg 0.706 (0.006) 0.058 (0.001) 0.213 (0.004) 0.319 (0.007) |0.703 (0.014) 0.056 (0.002) 0.207 (0.006) 0.324 (0.007)
S a=1 0.687 (0.008) 0.061 (0.001) 0.227 (0.003) 0.342 (0.005) |0.690 (0.016) 0.058 (0.002) 0.218 (0.005) 0.340 (0.006)
Sa=5 0.712 (0.008) 0.058 (0.001) 0.211 (0.004) 0.316 (0.007) |0.710 (0.015) 0.055 (0.002) 0.203 (0.007) 0.317 (0.008)
— a=10 0.713 (0.008) 0.058 (0.001) 0.210 (0.004) 0.315 (0.007) |0.710 (0.013) 0.055 (0.002) 0.203 (0.006) 0.316 (0.007)
— B =0.05 [0.708 (0.012) 0.059 (0.002) 0.215 (0.006) 0.324 (0.010) |0.706 (0.016) 0.056 (0.002) 0.209 (0.007) 0.327 (0.008)
< B8=0.2 [0.691 (0.010) 0.060 (0.001) 0.223 (0.003) 0.336 (0.005) [0.694 (0.012) 0.058 (0.002) 0.216 (0.006) 0.337 (0.009)
— v=0.05 [0.708 (0.011) 0.058 (0.002) 0.213 (0.006) 0.319 (0.010) |0.706 (0.018) 0.055 (0.002) 0.206 (0.008) 0.320 (0.010)
—~v=0.2 0.687 (0.017) 0.060 (0.002) 0.224 (0.008) 0.337 (0.014) [0.691 (0.019) 0.057 (0.001) 0.215 (0.002) 0.335 (0.007)
— dim S 0.705 (0.006) 0.058 (0.001) 0.213 (0.004) 0.319 (0.007) |0.705 (0.014) 0.056 (0.002) 0.205 (0.006) 0.320 (0.006)
— dim L 0.700 (0.007) 0.060 (0.001) 0.221 (0.003) 0.334 (0.006) |0.697 (0.014) 0.058 (0.001) 0.216 (0.005) 0.339 (0.004)

Table 12: MissCVAE real-world experiments ablation study results.

19



G Survival Curves

We investigate how different missingness patterns impact survival predictions for the same
individual. We use three examples: an unwell individual (latent health = -1), a healthy individual
(+1), and an average individual (0), generating risk factors accordingly. We then introduce
missingness by masking subsets of features and feed these incomplete data points through trained
models to observe how predictions shift. Table [13] presents an example of an unwell individual
with several missingness patterns, alongside the corresponding imputed values obtained via
iterative imputation. The results show that imputed values can vary drastically especially for
outliers and depending on which features are observed.

Table 13: Example of iterative imputation and scaling applied to a single ‘unwell’ individual
(latent health = -1), shown under different missingness patterns across all Simulations.

Induced Missingness

Age FPHOT micatment vI v2 v vA vE  v6  vT v8 v9 v w1l vi2 vI3 vi4  vi5
Condition
60 1 1 NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA
60 1 1 1750 NA NA NA NA NA NA NA NA NA NA NA NA NA NA
60 1 1 NA 40.0 1500 NA NA NA NA NA NA NA NA NA NA NA NA
60 1 1 175.0 40.0 150.0 NA NA NA NA NA NA NA NA NA NA NA NA
60 1 1 175.0 40.0 150.0 6.5 67.0 6.11 NA NA NA NA NA NA NA NA NA
60 1 1 175.0 40.0 150.0 6.5 67.0 6.11 23.0 40 6.5 NA NA NA NA NA NA
60 1 1 175.0 40.0 150.0 6.5 67.0 6.11 23.0 40 6.5 1.3 NA NA NA NA NA
60 1 1 175.0 40.0 150.0 6.5 67.0 6.11 23.0 4.0 6.5 1.3 410.0 12.0 1.95 0.0 NA
60 1 1 175.0 40.0 150.0 6.5 67.0 6.11 23.0 4.0 6.5 1.3 410.0 12.0 1.95 0.0 3.05
Simulation A (Baseline)
Age Pr1.01.r Treatment vl v2 v3 v4 vd v6 v7 v8 v9 wv10 wv11 wv12 v13 v14 v15
Condition
1.71 1 1 0.86 0.42 0.69 0.29 -1.36 0.35 -0.22 0.39 0.30 -0.21 0.35 0.31 0.41 0.18 0.10
1.71 1 1 0.83 0.43 0.69 0.29 -1.36 0.35 -0.22 0.39 0.30 -0.21 0.35 0.31 0.40 0.20 0.10
1.71 1 1 0.87 1.85 2.74 0.90 -1.77 1.12 -0.95 1.40 0.88 -0.75 0.62 0.80 0.35 0.39 0.16
1.71 1 1 0.83 1.85 2.74 0.90 -1.77 1.12 -0.95 1.41 0.88 -0.76 0.61 0.81 0.34 0.42 0.16
1.71 1 1 0.83 1.85 2.74 1.15 -1.93 1.46 -1.01 1.43 0.90 -0.83 0.58 0.87 0.34 0.54 0.22
1.71 1 1 0.83 1.85 2.74 1.15 -1.93 1.46 -0.77 1.64 0.81 -0.90 0.65 0.73 0.35 0.55 0.23
1.71 1 1 0.83 1.85 2.74 1.15 -1.93 1.46 -0.77 1.64 0.81 -0.68 0.64 1.15 0.36 0.52 0.23
1.71 1 1 0.83 1.85 2.74 1.15 -1.93 1.46 -0.77 1.64 0.81 -0.68 0.67 1.20 -0.26 -2.05 0.22
1.71 1 1 0.83 1.85 2.74 1.15 -1.93 1.46 -0.77 1.64 0.81 -0.68 0.67 1.20 -0.26 -2.05 0.29
Simulation B (Unseen Patterns)
Age FHOT  mioatment vI v2 v vA vE  v6  vT v8 v9  v10 w1l vi2 v13 vi4  vi5
Condition
1.78 1 1 0.86 0.41 0.67 0.30 -1.43 0.36 -0.09 0.46 0.28 -0.25 0.05 0.42 0.27 0.32 0.02
1.78 1 1 0.84 0.41 0.67 0.30 -1.44 0.36 -0.10 0.47 0.28 -0.26 0.05 0.43 0.27 0.33 0.02
1.78 1 1 0.88 1.94 291 093 -1.86 1.17 -0.68 1.69 0.83 -0.95 0.42 1.21 0.14 0.56 0.19
1.78 1 1 0.84 194 291 093 -1.86 1.17 -0.69 1.69 0.82 -0.96 0.42 1.22 0.14 0.58 0.19
1.78 1 1 0.84 194 291 1.26 -2.02 1.55 -0.70 1.65 0.86 -1.05 0.31 1.30 0.17 0.70 0.21
1.78 1 1 0.84 194 291 1.26 -2.02 1.55 -0.96 2.00 0.84 -0.94 0.21 1.46 0.42 0.78 0.20
1.78 1 1 0.84 194 291 1.26 -2.02 1.55 -0.96 2.00 0.84 -0.85 0.20 1.47 0.25 0.77 0.20
1.78 1 1 0.84 194 291 1.26 -2.02 1.55 -0.96 2.00 0.84 -0.85 0.98 1.53 -0.25 -1.81 14.79
1.78 1 1 0.84 194 291 1.26 -2.02 1.55 -0.96 2.00 0.84 -0.85 0.98 1.53 -0.25 -1.81 0.32
Simulation C (Missingness Shift)
Age FUOT micatment vI v2 v vA vE  v6  vT v8 v9  vi0 w1l vi2 v13 vi4  vi5
Condition
1.71 1 1 0.87 0.45 0.68 0.32 -1.34 0.40 -0.19 0.29 0.22 -0.10 0.12 0.17 -0.51 0.31 0.07
1.71 1 1 0.83 0.45 0.68 0.32 -1.34 0.42 -0.20 0.29 0.22 -0.10 0.12 0.17 -0.51 0.32 0.06
1.71 1 1 0.85 1.89 2.75 0.95 -1.72 1.12 -0.49 0.91 0.54 -0.73 0.35 0.65 -0.08 1.60 0.23
1.71 1 1 0.83 1.89 2.75 0.96 -1.72 1.14 -0.48 0.91 0.55 -0.73 0.35 0.65 -0.08 1.61 0.23
1.71 1 1 0.83 1.89 2.75 1.22 -1.90 1.42 -0.49 0.96 0.56 -0.66 0.35 0.77 -0.08 1.49 0.26
1.71 1 1 0.83 1.89 2.75 1.22 -1.90 1.42 -0.54 1.27 0.65 -0.68 0.37 0.86 0.00 1.41 0.28
1.71 1 1 0.83 1.89 2.75 1.22 -1.90 1.42 -0.54 1.27 0.65 -0.64 0.41 0.85 0.03 1.41 0.28
1.71 1 1 0.83 1.89 2.75 1.22 -1.90 1.42 -0.54 1.27 0.65 -0.64 0.46 1.02 -0.05 -1.02 -8.49
1.71 1 1 0.83 1.89 2.75 1.22 -1.90 1.42 -0.54 1.27 0.65 -0.64 0.46 1.02 -0.05 -1.02 0.32
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Figure [2 shows survival predictions across different missingness patterns. Across all models,
predictions for fully missing inputs (pattern of all 0s) tend to underestimate risk for the “unwell”
individual and overestimate risk for the “well” individual. Among models that incorporate
missingness information, MissCVAE exhibits the smallest variation in predictions across patterns,
suggesting greater robustness and reduced overfitting to missingness signals (notably Figure .
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Figure 2: Absolute risk predictions across a set of missingness patterns in Simulations.
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H Time-Dependent Calibration Plots

Figures [3H6] present time-dependent discrete calibration plots for all models. We evaluate
calibration at two time points: a short-term horizon of 5 years and a long-term horizon equal to
the maximum observed follow-up time in each dataset (20 years for simulations, 17.5 years for
CKD and CVD, and 15 years for All-Cause Mortality).

Since true event probabilities are inherently unobservable in practice, we estimate observed
event probabilities by grouping individuals into bins and computing empirical proportions within
each bin. The standard approach partitions individuals based on quantiles of their predicted risk.
Calibration plots are constructed as follows:

1. Select an evaluation time point t*.

2. For each individual, compute the predicted risk at t*:
ﬁi = PI“(T < t* | il,ml) =1- S(t* | il,ml)

3. Partition individuals into B bins according to quantiles of p; (here, B = 10 deciles).
4. For each bin b:

(a) Fit a Kaplan—Meier estimator using only individuals in that bin to obtain the empirical
survival curve Sy(1);

(b) Evaluate the survival curve at t* to obtain the estimated observed event probability:
op =1 — S(t*).

5. For each bin, plot the observed risk 0, against the mean predicted risk p, to obtain the
discrete calibration plot.

To numerically quantify calibration, we report the Expected Calibration Error (ECE) at time

t* (Tables [14H17)), defined as

B
Mh .
BCE() = 3 ™ 3y~ 7,
b=1
where ny, is the number of individuals in bin b, d; is the observed event probability at t* obtained
from the Kaplan—Meier curve for that bin, and p; is the mean predicted risk in that bin.

Results. Across most datasets and time horizons, all models lie close to the 45-degree perfect
calibration line. We observe a general pattern where at short horizons, lower-risk deciles tend to
be better calibrated (e.g., All-Cause Mortality shows miscalibration in higher-risk deciles at 5
years), while at longer horizons, mid-to-high risk deciles exhibit better calibration. The CVD
dataset is the exception, as most observations have predicted risks below 0.5 and are clustered in
lower-risk bins, even at longer horizons. All models systematically underestimate risks in the
0.5—0.6 range, with no predictions exceeding 0.6. Visually, all models appear similarly calibrated,
suggesting that this approach has limited ability to distinguish miscalibration patterns.

These plots serve primarily as a sanity check rather than a tool for model comparison. In the
simulations, even the ground truth model does not consistently outperform benchmarks based on
ECE. However, in informative real-world datasets (CKD and All-Cause Mortality), the proposed
model frequently achieves the smallest ECE, particularly at longer time horizons. Because ECE
is not a proper scoring rule and these plots are primarily diagnostic, we present results from a
single fold rather than reporting means and standard deviations across all five folds.
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Model

Simulation A

Simulation B

Simulation C

5 Year

20 Year

5 Year

20 Year

5 Year

20 Year

Mean

RI

ICE

-1 Enc.
MIM
MissCVAE

0.0109
0.0066
0.0077
0.0099
0.0109
0.0168

0.0108
0.0143
0.0228
0.0246
0.0218
0.0296

0.0173
0.0203
0.0410
0.0264
0.0211
0.0308

0.0408
0.0453
0.0579
0.0359
0.0572
0.0363

0.0055
0.0068
0.0075
0.0198
0.0118
0.0156

0.0204
0.0216
0.0199
0.0256
0.0276
0.0312

Truth

0.0066

0.0184

0.0409

0.0507

0.0066

0.0184

Table 14: Expected Calibration Error (ECE) in Simulations at 5-year and 20-year horizons.
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Figure 3: Discrete calibration plots based on predicted-risk deciles from the simulation studies,
showing calibration at 5-year and 20-year risk.
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CKD (Baseline) CKD (Unseen) CKD (Shift)

Model

5 Year 17.5 Year 5 Year 17.5 Year 5 Year 17.5 Year
Mean 0.0208 0.0244 0.0306 0.0602 0.0244 0.0699
RI 0.0225 0.0313 0.0314 0.0660 0.0236 0.0672
ICE 0.0207 0.0209 0.0356 0.0570 0.0236 0.0668
-1 Enc. 0.0188 0.0238 0.0262 0.0622 0.0220 0.0501
MIM 0.0229 0.0303 0.0155 0.0428 0.0270 0.0687

MissCVAE  0.0183 0.0158 0.0212 0.0425 0.0263 0.0337

Table 15: Expected Calibration Error (ECE) in CKD at 5-year and 20-year horizons.
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Figure 4: Discrete calibration plots based on predicted-risk deciles from the CKD experiments,
showing calibration at 5-year and 17.5-year risk.
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CVD (Baseline) CVD (Unseen) CVD (Shift)

Model

5 Year 17.5 Year 5 Year 17.5 Year 5 Year 17.5 Year
Mean 0.0079 0.0241 0.0178 0.0374 0.0060 0.0362
RI 0.0079 0.0293 0.0179 0.0567 0.0055 0.0434
ICE 0.0081 0.0235 0.0178 0.0470 0.0085 0.0364
-1 Enc. 0.0074 0.0276 0.0125 0.0708 0.0032 0.0205
MIM 0.0062 0.0259 0.0147 0.0480 0.0072 0.0289

MissCVAE  0.0145 0.0496 0.0272 0.0674 0.0023 0.0278

Table 16: Expected Calibration Error (ECE) in CVD at 5-year and 17.5-year horizons.
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Figure 5: Discrete calibration plots based on predicted-risk deciles from the CVD experiments,
showing calibration at 5-year and 17.5-year risk.
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ACM (Baseline) ACM (Unseen) ACM (Shift)

Model

5 Year 15 Year 5 Year 15 Year 5 Year 15 Year
Mean 0.0179 0.0554 0.0199 0.0661 0.0185 0.0818
RI 0.0193 0.0597 0.0173 0.0734 0.0200 0.0818
ICE 0.0179 0.0564 0.0257 0.0663 0.0197 0.0779
-1 Enc. 0.0185 0.0501 0.0266 0.0801 0.0145 0.0681
MIM 0.0158 0.0565 0.0180 0.0767 0.0184 0.0796

MissCVAE  0.0140 0.0381 0.0161 0.0447 0.0107 0.0664

Table 17: Expected Calibration Error (ECE) in All-Cause Mortality (ACM) at 5-year and
20-year horizons.
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Figure 6: Discrete calibration plots based on predicted-risk deciles from the All-Cause Mortality
experiments, showing calibration at 5-year and 15-year risk.
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I Resource Usage Analysis

Table (18] summarises resource usage for all methods on a representative fold (fold 0). All
experiments were conducted on CPU only via a shared HPC cluster (Intel Xeon Platinum 8360Y,
SLURM, 8 cores, 64 GB RAM allocation, no GPU). Peak training RAM, measured via the
Weights & Biases RSS metric, was 0.48-0.49 GB across all methods, largely attributable to
Python and PyTorch framework overhead. The 64 GB allocation was chosen to accommodate
survival inference over dense time grids. In practice, batched data loaders mitigate this cost.
For imputation baselines, imputation and training times are reported separately. For MICE,
we additionally report the test-time re-fit imputation cost in the inference column. MissCVAE
handles missingness natively, requiring no separate imputation step. The additional VAE
components do not meaningfully increase memory or runtime, with scalability advantage deriving
from eliminating up to 2P pattern-specific submodels rather than from differences in raw speed.

. Imputation Training Inference Time Peak Training
Experiment  Method Time (s) Time (min) per 10k (s) RAM (GB)
Simulation A CW - 9.4 8.7 0.476

CW + M - 5.5 8.4 0.469
Mean 0.4 4.9 7.7 0.474
ICE (iter = 10)* 2.0 4.9 6.3 0.469
RI 0.6 7.0 7.7 0.471
MICE O (m = 1)P 10.6 5.4 re-fit imputation: 15.2 0.471
inference: 6.8
MICE (m = 1)® 6.5 6.9 re-fit imputation: 8.0 0.472
inference: 6.4
-1 Enc. 0.5 9.1 9.5 0.469
MIM 0.4 9.7 8.6 0.474
MissCVAE - 4.8 6.3 0.475
CKD CW - 13.2 14.4 0.480
CW + M - 13.2 14.5 0.479
Mean 0.5 5.0 14.6 0.484
ICE (iter = 10)* 90.4 7.8 13.0 0.483
RI 1.9 9.7 12.7 0.483
MICE O (m = 1)P 96.0 7.4 re-fit imputation: 108.5 0.487
inference: 12.1
MICE (m = 1)® 45.0 5.3 re-fit imputation: 58.4 0.485
inference: 12.1
-1 Enc. 0.5 13.4 11.8 0.489
MIM 0.5 7.7 13.0 0.486
MissCVAE - 13.3 12.1 0.487

a sklearn Iterativelmputer with default max_iter= 10 and tol= 10~3. Convergence is not guaranteed; increasing
max_iter increases imputation time.

b MICE time reported for a single imputation (m =1). In practice, multiple imputations are required (default
m = 5), each requiring a separate downstream model, scaling time linearly.

Table 18: Resource usage on a representative fold (fold 0). Imputation time is reported
separately from downstream model training time. Inference time includes any required test-time
processing and imputation.
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