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Abstract—Longitudinal epidemiological studies often
face challenges with incomplete follow-up and missing
data, which can bias results and reduce statistical power.
Conventional imputation methods may not adequately cap-
ture the complex patterns and dependencies in such mul-
tivariate time series data. While more recently developed
generative machine learning models offer improved solu-
tions, few methods are available which can handle incon-
sistently spaced intervals between measurements across
long time periods and completely missing time steps, char-
acteristics which are common in real-world studies eval-
uating long-term health outcomes. This paper introduces
a variational autoencoder-based generative neural network
designed for imputing partially and fully missing informa-
tion in irregular time series with extensive missingness.
Our approach exploits both correlations between features
at a single time step and trends of the same feature over
time to reconstruct missing values. Experiments on syn-
thetic data designed to resemble the characteristics of
longitudinal epidemiological studies and a case study on
a real-world dataset demonstrate the effectiveness of our
approach. We show superior performance and parameter
stability across varying degrees of missingness and miss-
ingness patterns compared to prior work.

Index Terms— Biomedical computing, Data imputation,
Generative neural networks, Machine learning

. INTRODUCTION

ONGITUDINAL epidemiological cohort studies are
Lwidely used in health research to track changes in in-
dividual health outcomes over time, establish correct timing
and sequences of events, and identify causal relationships.
These studies often collect health parameters from the same
individual repeatedly over time. However, incomplete and
interrupted follow-up is an almost universal challenge leading
to issues with data completeness. Non-response, attrition, or
measurement errors during data collection can result in partial
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or complete missingness of information at a given time point.
The resulting gaps in patient records can introduce bias, reduce
statistical power, and ultimately compromise the validity and
generalizability of study conclusions [1]. Additionally, irregu-
lar follow-up visit schedules due to study design or resource
constraints may lead to unevenly spaced measurements in
time. Therefore, effective imputation methods capable of han-
dling structured and unstructured missingness while preserving
irregular temporal dependencies are needed.

Data imputation, the process of systematically replacing
missing, invalid, or inconsistent data with substitute values,
has been a critical area of development in both statistical
and computational research. Traditional approaches consider
individual parameters independently of time step size, for
instance, by carrying the last observation forward or taking the
mean of the observed values to replace missing observations.
However, they are limited in their ability to capture complex
temporal dependencies, interparameter correlations, and vari-
ability present in medical time series data [2, 3, 4]. Recent
advancements in deep learning approaches offer more sophis-
ticated solutions, with variations proposed that rely on both
temporal and interparameter correlations for imputation [5].
These models learn underlying data distributions and explicitly
account for uncertainty by producing a range of plausible
values. However, these networks have often been developed
around microscale time series data with regular recording
intervals, which are common in technical applications (e.g.
[6]). Therefore, the combination of missingness and irregular
macroscale recording intervals, between which parameters can
change significantly, poses a previously unaddressed challenge
to data imputation that requires specialized approaches.

This study presents a novel Variational Autoencoder (VAE)-
based generative deep learning approach tailored to the unique
requirements of longitudinal epidemiological studies. Our
neural network offers robust probabilistic imputation, mak-
ing it well suited for high-dimensional epidemiological data
with irregular follow-up intervals and partially or completely
missing time step information. Our main contributions are:
1) a synthetic open-source benchmarking dataset capturing
the key characteristic challenges of longitudinal epidemiolog-
ical data while preserving the ability to quantify imputation
quality through the available ground truth information, 2) a
novel VAE-based deep neural network for data imputation
which addresses the challenges of both irregularly spaced
multivariate time series and completely missing time steps,
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and 3) demonstration of the performance of our approach
on a challenging real-world dataset evaluating long-term lung
health after pulmonary tuberculosis (TB).

In the remainder of this paper, we first present related work
in the field of data imputation in Section II, highlighting
the unique requirements of irregular time series with fully
missing time step information. We then provide a definition
of our model in Section III and demonstrate the imputation
performance on two datasets, one synthetic and one real-world
dataset in Section IV. In Section V, we conclude with the
broader translational impact of our findings.

[1. RELATED WORK
A. Classical Approaches

Many epidemiological studies use complete case analysis,
eliminating the need for data imputation at the cost of losing
potentially valuable information and statistical power, espe-
cially in datasets with extensive missingness [7]. Classical
approaches such as mean, median, or forward imputation, still
widely applied today, consider a single recorded parameter
from one individual and its evolution over time but can fail
to accurately represent overall cohort trends [3]. In contrast,
cohort-based approaches such as cohort mean or nearest-
neighbor imputation can fail to adequately represent the het-
erogeneity of individual trajectories over time [4]. Besides
approaches which focus on a single parameter over time
(univariate time-series), multivariate time series can capture
not only how individual parameters change over time but also
how they influence each other. Bashir et al. [8] propose an
expectation maximization approach to handle missing values
in multivariate time series data but rely on further modeling
assumptions including that data be missing completely at
random, which is not realistic in many real-world applications.
Multiple imputation, which pools parameter estimates and
variance across several imputed datasets, results in unbiased
and efficient estimates but may not perform well with large,
high-dimensional datasets with complex characteristics, such
as non-linearity, which are increasingly available in health
research [9].

B. Deep Learning

With the advancement of deep learning, more complex
imputation methods for multivariate time series data have
been developed. Deterministic approaches, such as adaptations
to Gated Recurrent Units (GRUs) [6, 10] have previously
been explored. However, GRUs lack a global perspective on
short but irregular time series and are difficult to train due
to vanishing gradients. Transformer-based approaches, which
can consider all time steps simultaneously, can alleviate these
burdens. However, adding the required positional encoding
to continuous data remains a significant challenge, limiting
the transformer’s ability to leverage its key strength: long-
range contextual understanding [11]. Generative adversarial
networks (GANs), which combine deterministic and proba-
bilistic elements, excel at generating realistic synthetic data
but are prone to learning instabilities and require clean training

data. The noise inherent in real-world data can make GAN-
based imputation unreliable [12].

Autoencoder-based approaches to imputation rely on a
deterministic encoding of the data and have been used as
a basis for multiple imputation [13]. More robust and com-
monly used probabilistic approaches include VAEs, which
consistently outperform classical approaches [14]. VAEs are
trained to encode data into a latent space, typically of lower
dimensionality than the original data, where the encoding
network generates the parameters of normal distributions that
describe the latent space. Samples from these distributions
are subsequently decoded in order to reconstruct the original
data and dimensionality. The decoding network is therefore
inherently designed for imputation. To ensure disentanglement
of the latent space, 3-VAEs have been proposed. These balance
reconstruction loss and the Kullback-Leibler (KL)-divergence
of the latent space from a standard normal distribution [15].
Variants such as HI-VAE [16] modify the loss function to
account only for observed features. Extending the idea of
accounting for missing information to temporal imputation,
Fortuin et al. [17] propose a Gaussian process prior VAE (GP-
VAE) instead of the standard normal distribution to capture
multiscale time dynamics in the latent space. Besides time
step-based information, this provides additional temporal con-
text for the imputation. Although their GP-VAE is closest to
our proposed method, it struggles with fully missed visits.

C. Time Intervals

Few approaches explicitly address the challenge of imputa-
tion in studies with long, uneven time intervals and missing
visits. Li and Marlin [18] introduce a continuous convolutional
layer to integrate irregular time steps into conventional net-
work architectures, but their method treats irregularly spaced
time steps as undersampled and introduces further empty time
steps subsequently considered as fully missing. Others [6, 10]
have worked around the issue of irregular time intervals by
designing a custom GRU cell which considers time since the
last observation.

D. Datasets

In the context of deep learning and imputation, one key
distinction arises: some approaches are designed to handle
missing values directly, while others aim to impute them. The
former includes methods that operate on datasets with missing
values, such as those predicting mortality from the PhysioNet
dataset [19], without actually filling in the gaps. While these
models can effectively make predictions despite missing data,
they do not evaluate or improve imputation quality and are
therefore outside the scope of this work. In contrast, meth-
ods focused on imputing individual missing values face a
significant challenge: real-world datasets like PhysioNet lack
ground truth for the missing entries. A common workaround
is to artificially mask a subset of observed values and assess
how well the model reconstructs them. However, in epidemi-
ological studies, where participant recruitment is often limited
to the minimum needed for statistical power, this strategy is
impractical, as it reduces the already limited amount of usable
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data. Instead, imputation performance can be evaluated using
domain knowledge, emphasizing the reconstruction of a co-
herent and clinically plausible representation of an individual
patient’s health state.

To allow comparison to ground truth, Krishnan et al. [20]
proposed HealingMNIST, which is based on the handwritten
digits from the MNIST dataset, to resemble the properties
of a medical time series. Each pixel can be thought of as
a single measurement, the collection of which represents a
patient’s health state through a single frame. The evolution
in time is modeled by randomly rotating the frame. Missing
measurements are represented by removing a certain share
of pixels in each frame. Subsequently, besides the error on
individual pixels, the ability of a classifier to accurately distin-
guish the reconstructed digits has previously been considered
as indicative of the reconstruction ability of an imputation
algorithm [17, 20].

1. METHOD

We propose a VAE-based network which evolves around
the generation of two latent spaces. Information from time
steps which are fully missing can be imputed by considering
the overall trajectory of parameters as captured in a global
latent space. Partially missing information can be filled by
exploiting other measurements from the same time step (local
perspective) or by relying on an overall trajectory of a single
feature measured over time (global perspective). The overall
process, described in this section, is shown in Fig. 1.

A. Problem Statement

We consider a d-dimensional time series X € RT*? of
length T'. Points 7 = [ry,...,7p] are unevenly distributed in
time, however, 7+ < 7T¢y1. At each time step, a d-dimensional
observation x; = [x¢ 1, ..., Tt 4] is made, of which any or all of
the d features may be missing. A boolean missingness mask
m € {0,1}7*4 describes these missing data points such that
missing data is given by ™ = x X m and observed data by
x° = x x m. Notably, > ,m; < d as data of one time step
could be missing all together. The imputation problem is then
defined as finding the missing values ™ given the observed
data points z° through the means of a generative neural
network p(x|z.) from latent space z., shown in Equation (1)

plelz®) = / pl]2e)qzel2)dze. 0

B. Generative and Inference Model

From a known latent space z, a generative network pyg(z|z)
with parameters 6, can impute observations independently per
time step. An encoding p(z|z) is required to construct the
latent space from the observed data. The encoding process can
consequently be thought of as reconstructing the underlying
state given values that were measured or observed. In a medi-
cal data framework, the generative process can be interpreted
as observing measurable values given a patient’s underlying
physiological state. However, the true latent features are un-
known, making the encoding process intractable. Instead, the
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Fig. 1: Overview of our proposed EpiVAE network. Data from
time steps tg 1,... is encoded through a fully connected network
(with a preceding single convolution layer for MNIST data,
not depicted). The resulting local latent representations z; are
(a) used as-is for subsequent mixing (gray circles) with the
global latent space z4, and (b) used to inform an attention
network generating the weighting w; between local and global
latent spaces and (c) related to each other through a irregular
1D time-step convolution. The latter informs the global im-
putation network, generating the global latent space z,. The
contribution of z, to each latent encoding is determined by the
attention network. This combined latent space is fed though
the latent imputed irregular 1D time-step convolution before
decoding by a fully connected network.

encoding is approximated through ¢(z|z) which is chosen
to be tractable, for instance through a Normal distribution.
Minimizing the KL-divergence of ¢(z|x) from a defined prior
distribution p(z), usually also a Normal, then leads to the well-
established evidence lower bound. For further details, refer to
[15].

To capture local features and allow for a global perspective
where data is missing completely at a particular time step,
we use a multi-encoder [21] structure in our network. This
relies on two inference models focusing on either local or
global feature perspectives. First, we use a local inference
network ¢4 (2;|z°), parameterized by ¢, which considers each
time step independently to encode data into a local latent space
z1. Second, we use a global inference network gy (z4|z°),
parameterized by ), to relate observations across time steps
and to overcome the challenge of missed visits by constructing
a global latent space z,. We approximate the true posteriors
with Gaussian distributions.

C. Learned Attention

The information contained in the local latent space z; can
result from three possible input modalities: a single time step
can be fully observed with all data present, partially observed
with some data present, or unobserved with no data present.
While in the first case it is beneficial to directly use the
local encoding for reconstruction, the latter case requires full
reliance on the global latent space z,. Consequently, in the
case of partial observations, a mixture of local and global latent
spaces may be preferable.

Therefore, to combine the information contained in the
two conditionally independent latent spaces z; and z,, we
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Algorithm 1 EpiMNIST

Given MNIST data and category labels X, C
Sample study time-intervals ¢1.7 ~ U(0.5,2)
Sample relative frame rotations r ~ U (—1,1)”*¢

FOR z;,cin X,C"
sample disease trajectory j ~ U(N < .J)
cumulatively rotate x; by ;. x t
apply missingness mask m; to result

train an attention network. Given single time step missingness
information m;, it produces weights w € R?*? used to
combine and reweigh the contributions of the two latent spaces
as shown in equation (2)

Ze = Wy k 21+ Wy * 2. 2)

To allow for a practical application of our algorithm, we
compute the loss only over observed features x°. However,
this leads to a pitfall in (2), where local observations can be
exploited to bypass the global pathway all together since z;
contains all z°. Therefore, during training, we mask certain ob-
servations by setting m, to missing, thereby ensuring gradient-
flow through the global network. Furthermore, when an ob-
servation is completely missing, the network is not allowed to
rely on the local latent space. We implement this by setting the
according weights for the local latent space to zero. A more
elegant solution could be enforcing a reduced KL-divergence
between the two latent spaces, ensuring the comparability of
the encoded data. This procedure, however, is only possible in
time steps with complete measurements, which we deemed too
strong of an assumption for practical applications. We compare
this to a hard selection mechanism, which is only relying
on the global latent space when observations are completely
missing.

D. Irregular Time Step Considerations

To appropriately represent the irregular time structure of the
data, time convolutional networks have previously been used
to relate neighbouring time steps [17]. We extend this idea to
enable our system to learn the uneven spacing of observations
by computing the time delta At; ; = t; —t; to all neighbouring
observations t; for each time step t; before the convolution.
Besides the time gap, the sign of the delta also allows the
system to identify the relative position to other observations
in time. For the computation of relative time step sizes, we
normalize the time vector by its mean. We embed the time
difference into the feature space by concatenating At; ; to z.
before performing the convolution.

E. Training

The generator network pg(x|z) consists of the attention
mechanism (which balances the influence of local and global
features), the time convolution, and a fully connected decoder
network. On the inference side, data is encoded through the
local encoder network g, which generates the local Gaussian
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Fig. 2: Visualization of EpiMNIST dataset generation pro-
cess (top three rows) with 40% missingness, both partial
and complete, which are represented by columns. Irregular
time intervals are represented by varying degrees of rotation
between frames (e.g., time steps 1 to 2 and 6 to 7 in the
first row). Qualitative imputation results for Hi-VAE, GP-VAE
and our Epi-VAE are shown in the bottom three rows. For
completely missing time steps, our approach results in the
sharpest reconstruction of the handwritten digit. Furthermore,
it best captures the underlying time dynamics represented by
the random rotation of the digits across columns (e.g., right-
most column).

GP-VAE HI-VAE m Input Missmg Mask

Epi-VAE

posterior distribution A (p;, o) for each time step. On the
global path, g, uses the same gradient-free weights as g4 but
skips the step of generating a Gaussian distribution. Instead, it
uses the gradient-disabled time convolution from the generator
network to relate observations. Subsequently, we rely on a
fully connected network containing all optimizable parameters
1 of the global network to generate the global Gaussian
posterior distribution N (pg, o).

Following the VAE training paradigm, the parameters py of
our generative model and the encoder networks g4 and gy, can
jointly be trained by maximizing the multi-encoder evidence
lower bound

£0.0,0:7) =
2 (B KLas (1} () + B, KL

Eqy (a1]a)ay (2 |z) 108 Po (2|21, 24)]

(90 (24]7)[Ip(24)))-
3)

We evaluate this expression on the observed features. Trade-
off parameter S guides the strength of the influence of disen-
tanglement in the latent space [15]. We ensure equal influence
of the reconstruction and KL-divergence loss terms over
varying degrees of missingness by automatically balancing for
the number of observed features through ,,, which represents
the ratio of observed features to the dimension of the respective
latent space. This decouples the reconstruction loss from the
number of observations.
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TABLE [: Architecture Details

TABLE II: Reconstruction Performance on EpiMNIST

EpiMNIST Cohort Study | Benchmark Algorithm MSE observed | MSE imputed | AUROC
Encoder 2 x [256] 2 x [128] 2 x [256] VAE [15] 0.0373 0.1120 0.7714
Latent Dimension 256 11 256 HI-VAE [16] 0.0210 0.1161 0.7824
Time Convolution Size || 3 5 NA GP-VAE [17] 0.0153 0.0849 0.8589
Global Imputer 4 x [256] 4x [11] NA Epi-VAE [hard selection] || 0.0392 0.0476 0.8952
Decoder 5 x [256] 3x [128] 3 x [256] Epi-VAE [attention] 0.0394 0.0471 0.8969
Attention Network 2 x [256] 2 x [11] NA Performance of various approaches on EpiMNIST with 40% missing val-
Learning rate le-3 le-3 le-3 ues and 40% missed visits. A linear classifier fitted on test reconstructions
Batch Size 256 128 64 was used to compute area under receiving operator characteristics. Learned
Dropout 0.1 0.1 0.0 reweighting though the attention network performs only slightly better than
Beta 0.1 0.2 0.6 hard selection.
Weight Decay le-5 le-5 0.0
Training Epochs 200 2000 20
Runtime [hOUI'S] 5 0.2 0.8 0.7 Imputation Methods
Hyperparameters used for training our networks and comparison methods. 05| o worward VAE T EpIVAE (ours)

Benchmark refers to VAE, Hi-VAE and GP-VAE as implemented by [17].
Our implementation uses PyTorch-Lightning 2.2.5. and PyTorch 2.3.1.
Training times are reported on a NVIDIA GeForce RTX 4070 Ti GPU.

IV. EXPERIMENTS

In this section, we show experimental results of our ap-
proach on two datasets. First, we quantify imputation per-
formance and compare results to other approaches on a
synthetic dataset. Second, we apply our approach to a real
epidemiological study following patients through recovery
from mycobacterium tuberculosis (TB) infection. We show
architecture details in Table 1.

A. EpiMNIST

Dataset: In contrast to the random perspective taken by
HealingMNIST introduced in Section II-D, changes to an
individual patient’s health state typically follow a trajectory
of recovery or disease development. We therefore propose
EpiMNIST, a variant with a more structured evolution of
health states over time to resemble a multi-year epidemi-
ological cohort study. We construct a time series from a
single MNIST digit by rotating it with progressing time and
base rotations and missingness on three considerations: 1)
observations or study visits are made at defined, unevenly
spaced time points; 2) while each patient is unique, some
share similar characteristics represented by various versions of
the same handwritten digit in MNIST; and 3) several different
recovery or disease development journeys are possible for each
individual patient. We represent this third consideration by
generating a variety of J possible rotations per digit class
c. For each digit class, we then randomly assign a trajectory
and propagate the image in time according to the given time
intervals from the first instance. Additionally, all generated
time series start with a random rotation. We apply a missing
mask m to each time series which randomly removes a certain
share of observations per view and a certain share of views
altogether. A representation of this is shown in the first three
rows of Fig. 2. The process to generate EpiMNIST is described
in Algorithm 1. An open-source implementation of this process
and our method is available!.

Results: Table II shows a quantitative comparison of the
imputation quality of various approaches on the EpiMNIST

"https://github.com/christqgoh/epi_imputation
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Fig. 3: Comparison of imputation mean squared error and
standard deviations (where available) over increasing degrees
of random missingness in EpiMNIST.

dataset. The observed mean squared error (MSE) represents
the training error, while the imputed MSE represents the
deviation of the imputed values from ground truth. To quan-
tify the performance of the reconstruction, we also report
the area under the receiving operator characteristics curve
(AUROQC) for classifying individual-level reconstructions. The
last three rows of Fig. 2 depict a qualitative comparison of
these approaches. Notably, HI-VAE is only able to reconstruct
clouds where data is completely missing while GP-VAE
carries forward the last observation when data is missing at
the boundary. Our approach is able to infer the particular
trajectory with irregular time steps, resulting in the more
accurate reconstruction as shown in the last column in Fig.
2 and the AUROC in Table II.

We show the influence of increasing degrees of missing-
ness, which can lead to varying performance of imputation
approaches in Figure 3. Additionally, we show the effect of
different missingness patterns arising from specific underlying
dynamics in the data (e.g., patients withdrawing from the study
or constraints in generating a particular measurement) in Table
II. Our approach consistently outperforms related methods
over both increasing degrees of missingness and different
missingness patterns.

B. Longitudinal Tuberculosis Cohort Study

In this section, we present a real-world case study exhibiting
the various challenges discussed thus far. It serves to evaluate
our proposed approach using clinical domain knowledge due
to the absence of ground truth.

Background: TB remains a major global health challenge,
with approximately 10 million new cases and 1.6 million
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TABLE IlI: Performance across various Missingness-Patterns and Algorithms

Algorithm / Pattern

Random (a)

Spatial (b)

Temporal (c)

Not at Random (d)

VAE
HI-VAE
GP-VAE
Epi-VAE

0.1137 [0.1136, 0.1139]
0.1293 [0.1284, 0.1302]
0.0972 [0.0967, 0.0977]
0.0542 [0.0537, 0.0546]

0.1132 [0.113, 0.1133]

0.1294 [0.1285, 0.1303]
0.0989 [0.0984, 0.0994]
0.0528 [0.0524, 0.0533]

0.1134 [0.1133, 0.1135]
0.1316 [0.1307, 0.1325]
0.1003 [0.0999, 0.1008]
0.0552 [0.0547, 0.0556]

0.1781 [0.178, 0.1782]

0.1536 [0.1527, 0.1545]
0.1368 [0.1363, 0.1373]
0.0771 [0.0765, 0.0776]

Performance of several methods across various missingness-patterns. On average, 40% of visits and 40% of observations in the remaining time points
are missing. Table reports mean and 99% confidence interval of the mean squared error in the imputed values compared to ground truth. We compare
completely at random (a) to spatial (b), representing the fact that if a patient was unable to produce measurement X at time t, they were more likely to
be unable to produce the same measurement X at time t+1, (c) temporal increasing with time, representing patients dropping out throughout the study,
and (d) missing not at random, where the missingness depends on the underlying data, in our case represented by white pixels being twice as likely to

miss compared to black pixels.

deaths worldwide in 2022 [22]. Treatment for active drug-
susceptible TB infection typically lasts at least six months
and requires regular clinical follow-up and supportive care
to monitor response to treatment, manage side effects, and
ensure treatment adherence [23]. Additionally, some patients
experience residual lung damage which requires ongoing care
[24]. Due to the long duration of treatment and recovery
periods and the need for consistent monitoring, evaluating
post-treatment lung outcomes is often complicated by the
previously discussed challenges related to missing data in
multi-year longitudinal studies.

Dataset: In the TB dataset used (originating from [25]),
patients were recruited at study clinics upon diagnosis with
pulmonary TB and followed up for two years. Follow-up
times were distributed irregularly throughout the study at O
and 14 days, and at 2, 4, 6, 9, 12, 18, and 24 months.
Baseline characteristics of the cohort as well as the proportion
of missing values for key summary statistics are shown in
Table IV. In total, 917 time series of at least three recordings
per feature were available for analysis. We split our data into
train, validation and test set in a 8:1:1 ratio stratified by patient
sex, previous TB infection, and HIV status. Subsequently, we
train our network under a nine-fold cross-validation scheme
and report mean performance of all networks on the test set.

Evaluation: We evaluate our system across three dimensions:
1) alignment of individual-level imputations, 2) overall cohort
trends, and 3) robustness to varying degrees of missingness.

Firstly, since medical data is inherently noisy, repeatedly
measured parameters can be evaluated with respect to ranges
of clinically relevant changes, where out-of-range measures

TABLE IV: Epidemiological Study - Summary Statistics

Parameter Mean Std. Dev. Share Missing
HIV Positive [share] 0.3878 - 0.0
Previous TB [share] 0.098 - 0.0
Sex [share female] 0.3344 - 0.0
Height [m] 1.6799 - 0.0
Age at Recruitment [Y] 357119 - 0.0
Resting Heart Rate 78.6961 16.6089 0.3252
Blood Pressure Syst. 114.0686 16.3236 0.3335
Blood Pressure Diast. 74.3433 11.3402 0.3262
Forced Vital Capacity [z] -2.0576 1.4102 0.43
Expiratory Volume 1s [z] -2.232 1.3203 0.43
Six Minute Walk Test [m] || 422.665 76.9861 0.4516
Karnofsky Score 90.2154 7.2623 0.3284
BMI [kg/m2] 20.8818 3.7186 0.3255
St. George’s Quest. Score 12.5174 18.1351 0.4161
Forced Vital Capacity [L] 3.0977 0.7782 0.43
Expiratory Volume 1s [L] || 2.4139 0.6848 0.43

TABLE V: Individual Parameter Imputation Performance

Parameter Acceptable | Imputations | Imputations
Range Within Within (hard
(attention) selection)

BMI [kg/m2] + 2 [26] 0.8778 0.8333
Expiratory Volume 1s [L] +0.225[27] ] 0.8254 0.7937
Forced Vital Capacity [L] +0.325 [27] | 0.9565 0.9275
Resting Heart Rate [bpm] + 10 [28] 0.8298 0.8298
Karnofski Score [Points] + 10 [29] 0.9868 1.000

Six Minute Walk Test [m] || = 54 [30] 0.9639 0.9398

Six Minute Walk Test [m] || = 80 [30] 0.9900 0.9900

Relevant medical parameters, associated reference ranges, and share
of imputed values within these ranges. Dynamically reweighting latent
spaces through attention provides an improvement of up to 5.3% over a
hard selection mechanism only relying on the global latent space when
observations are completely missing.

indicate a relevant event. We assume that imputed values
between two time points falling within the same range will
also lie within that range. Table V shows the share of values
fulfilling this condition.

Secondly, besides parameter stability, which focuses on in-
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(a) Cohort: Imputation mean and distribution over observed and training data.
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(b) Individual Example: Black crosses represent observed values. Cohort
references are depicted by gray lines. Imputation uncertainty depicted in Violin
plots with 25th, 50th, and 75th quantile indicated by horizontal lines.

Fig. 4: Qualitative imputation with respect to cohort trends (a)
and a representative individual example (b).
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Fig. 5: Visualization of mean difference between imputed and
observed values both relative to cohort mean. Values close to
zero indicate imputation close to individual patient trajectory.
No computation was possible where squares are crossed-out.

dividual trajectories, imputation should capture trends present
in the cohort. We illustrate this with the example of spirometry,
which was the primary outcome of interest in the study
considered. Values were stratified by age, sex, and height ac-
cording to commonly used reference standards [31] for easier
comparability. We show imputed and observed values relative
to the overall cohort trend in Fig. 4a and a representative
individual example in Fig. 4b. In both instances, the imputation
follows the overall cohort trend. Where the individual deviates
from the cohort, the imputation captures this as well.

Thirdly, as in the synthetic example, the influence of the
share of missing values on the performance of our system is
quantified in Fig. 5. The sign of the mean difference indicates
whether the imputation tends to over- or underestimate the
deviation of an individual from the cohort per observed feature.
The system tends to overestimate the Karnofsky score, which
is subjectively assigned by a health professional. Overall,
however, the deviation of imputed values from the cohort
average and observed values for the same individual are
similar, suggesting that the imputation aligns well with overall
cohort trends independent of the degree of missingness in one
feature.

V. DISCUSSION

In this paper, we address the common problem of missing
and incomplete data in longitudinal epidemiological studies.
We propose an elegant way to convolute several irregularly
spaced time steps and combine local and global perspectives of
time series data based on the available information at each time
step. Our experiments show improved performance compared
to other approaches.

Since no synthetic dataset capturing relevant missingness
characteristics of longitudinal studies was readily available,
we propose the fully parameterizable EpiMNIST as a new
standard for benchmarking epidemiological imputation algo-
rithms. It focuses on the reconstruction ability where images,
which are rotated by an unknown amount, are (up to) fully
missing at one time step. Compared to similar methods,
our algorithm shows superior imputation performance both
qualitatively and quantitatively on this benchmark dataset.

Qualitative comparison of our approach to others shows it can
impute data accurately, even when an observation is missing
completely for a single time step (Fig. 2). We attribute this to
our addition of a global latent space and the proposed attention
mechanism. Quantitatively, the deviation from ground truth is
consistently lower than other approaches across a wide range
of degree of missingness (Fig. 3) and various missingness
patterns (Table III). Our network reconstructs the digits in
our EpiMNIST dataset to a quality allowing a classification
algorithm to achieve an AUROC of nearly 0.9, outperforming
the reconstruction ability of previous methods (Table II).
While this suggests strong performance, we further validated
our proposed method through a clinical case study.

Applied to a real-world TB dataset, our approach performs
well and is capable of handling irregular time intervals be-
tween continuous measurements. Imputed values for features
expected to be stable over time remain so while values in
highly dynamic regions behave according to cohort references.
On average, more than 91% of imputed values for all observed
features are within the clinically acceptable range (Table
V). Furthermore, we adequately capture cohort trends, as
visualized in Fig. 2. Imputation is additionally stable over
increasing degrees of missingness (Fig. 5).

Having a reliable method to impute missing data in studies
evaluating long-term health outcomes during and following
TB treatment has several translational advantages. On the
individual level, it may help to identify critical periods where
patients might be at higher risk for poor outcomes to allow for
early intervention or personalized clinical management. On the
population level, it can improve insights into the progression
of disease and long-term impact on health by reducing bias
and increasing reliability of analyses. On the health system
level, it allows for a more comprehensive understanding of the
burden of TB, providing information for public health planning
and resource allocation. Moreover, these advantages can be
extended to similar data evaluating long-term health outcomes
for other diseases.

Our work has limitations. The global latent space scales
quadratically since information from all time steps and input
features flows through it concurrently. In the context of epi-
demiological studies designed to collect a limited number of
measurements over time, it is not as much of a concern as in
general time series, which consist of more steps. Furthermore,
while we address various patterns of missingness, we do not
consider noise in the synthetic dataset. As with most synthetic
datasets, EpiMNIST is a simplified representation of the real-
world complexity observed in the health states of individual
patients. Additional work on simulating clinically realistic data
noise profiles, such as they appear in tests which require active
patient participation (e.g., spirometry), can increase the realis-
tic nature of such datasets, thus making them more powerful
for validating imputation methods. Generally, imputation is
not a replacement for careful study design and conduct and
every effort should be made to limit the likelihood of missing
and invalid data in the first place. As demonstrated in our
real-world example, a purely numeric interpretation is often
not sufficient and assessment of results by a medical expert is
crucial. Nonetheless, our approach can directly be translated to
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many real-world applications and makes a valuable contribu-
tion to improve results in longitudinal epidemiological studies
with missing data.
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