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Abstract

Multivariate clinical time series data, such as those contained in Electronic Health Records (EHR), 

often exhibit high levels of irregularity, notably, many missing values and varying time intervals. 

Existing methods usually construct deep neural network architectures that combine recurrent 

neural networks and time decay mechanisms to model variable correlations, impute missing 

values, and capture the impact of varying time intervals. The complete data matrices thus obtained 

from the imputation task are used for downstream risk prediction tasks. This study aims to achieve 

more desirable imputation and prediction accuracy by performing both tasks simultaneously. We 

present a new multi-task deep neural network that incorporates the imputation task as an auxiliary 

task while performing risk prediction tasks. We validate the method on clinical time series 

imputation and in-hospital mortality prediction tasks using two publicly available EHR databases. 

The experimental results show that our method outperforms state-of-the-art imputation-prediction 

methods by significant margins. The results also empirically demonstrate that the incorporation 

of time decay mechanisms is a critical factor for superior imputation and prediction performance. 

The novel deep imputation-prediction network proposed in this study provides more accurate 

imputation and prediction results with EHR data. Future work should focus on developing more 

effective time decay mechanisms for simultaneously enhancing the imputation and prediction 

performance of multi-task learning models.

Index Terms—

Electronic Health Record; Multi-Task Learning; Temporal Representation Learning; Irregularly 
Sampled Multivariate Time Series

I. Introduction

Digital health systems are widely available and being integrated into routine healthcare 

operations, resulting in growth in electronic health records (EHRs) data. With advances in 

data processing tools and methods, there has been an increased interest in establishing health 

risk prediction models as a key instrument in clinical decision support.
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However, EHR data has its unique characteristics, such as high dimensionality, sparsity, 

irregularity, temporality, bias, etc. It is technically challenging to apply traditional machine 

learning or statistical models to such data. The high degree of irregularity, many missing 

values and varying time intervals, needs to be dealt with when establishing predictive 

models. EHR data irregularity is a natural consequence of health care provision, as every 

patient is different. For example, patients are more likely to be examined by healthcare 

specialists when changes in their health status or treatment decisions occur, hence the 

intervals between physiological variables are often irregular. Additionally, the variation of 

missing data patterns adds another layer of complexity, which would affect the performance 

of downstream risk prediction.

Most of the previous research studies with EHR data have been focused on the provision of 

deep imputation prediction models [1]–[6]. There are three modes of imputation-prediction 

processing, each has its drawbacks. The first is to consider imputation and prediction as 

two separable steps [3], [4], [6]–[9]. Although promising prediction performance has been 

demonstrated, these prediction models have not attempted to learn the impact of the patterns 

of missing data in EHR data. This may lead to suboptimal prediction performance. As a 

better alternative, imputation and prediction can be tuned together within an end-to-end 

learning framework rather than be separated into two parts. This is the second mode. 

Despite its efficacy, existing architectures for such modes are specifically proposed for 

improving risk prediction performance [1], [5], [10], [11]. When used for imputation and 

prediction tasks, the architecture treats both as separate optimization tasks, which essentially 

is not different from the first mode. The third imputation-prediction processing mode is 

similar to that used by the second, with the difference that the objective of the third is to 

simultaneously perform imputation and prediction tasks [2], [12]–[15]. However, imputation 

and prediction tasks may lead to competition due to the shared parameter problem, as 

illustrated during multi-task learning for optimization in some studies [16]–[18]. This kind 

of optimization could also lead to suboptimal imputation and prediction results.

This study proposes to construct a single deep learning framework based on multi-task 

learning that performs the risk prediction task while incorporating the imputation task as 

an auxiliary task. The benefit of implementing the imputation task as an auxiliary task is 

that such an approach can improve risk prediction performance rather than competing with 

it. It is a novel multi-task deep neural network in which imputation and prediction tasks 

are implemented with an auxiliary network and a main network, respectively (Figure 1). 

The intuition behind our network architecture is that the direction of information flow is 

from the auxiliary network to the main network only. By doing so, the forward pass of the 

main network depends on the auxiliary network, while the inference of the auxiliary network 

does not depend on the main network. Therefore, imputation and prediction tasks can be 

implemented simultaneously within a single deep learning framework without competition. 

Our major contributions are provided as follows:

• We present a new multi-task deep neural network to simultaneously carry out 

imputation and prediction tasks using irregularly sampled multivariate clinical 

time series.
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• To our knowledge, this is the first research to perform risk prediction tasks by 

incorporating the imputation task as an auxiliary task while carrying out both 

simultaneously.

• Experiments on data from two real-world EHR databases using our proposed 

method demonstrate superior prediction and imputation accuracy.

II. Related Work

A. Deep Neural Networks for Missing Data Imputation

The BRITS [2] employs a bidirectional recurrent neural network (RNN) to impute missing 

values in multivariate time series data and then exploits these imputed values to predict 

the final imputed values. The V-RIN [14] integrates a Variational autoencoder and a GRU 

into a single framework. The incorporated Variational autoencoder uses an encoder network 

to learn the distribution of multivariate clinical time series data and a decoder network to 

generate the reconstructed data distribution where the reconstructed values are the imputed 

values. The GRU used in V-RIN continues to be a recurrent imputation network, which aims 

at capturing the variation pattern of input variables at the time dimension.

Towards the generative adversarial networks (GAN) architecture, GRUI-GAN [3], E2GAN 

[4], and STING [6] are representative GAN based imputation methods. They take the vector 

of actual samples as input to the GAN architecture in which a generator generates the 

imputed values for missing values, and a discriminator distinguishes the imputed values 

from the actual values. Accordingly, the generator and discriminator can lead to competition, 

which is the rationale behind the GAN architecture.

Deep neural networks with attention mechanisms (also known as attention-based neural 

networks) have been applied for the imputation of missing data. The study by [9] proposes 

a deep imputation method (shorten for MTSIT) based on a combination of Transformer 

encoder [19] and linear decoder. The study by [15] proposes a deep imputation-prediction 

method (shorten for MIAM) based on the self-attention mechanism [19], which focuses on 

the provision of multivariate clinical time series missing data imputation.

III. Method

A. Data Representation

We represent a multivariate clinical time series with up to K physiological variables as 

X = x1, x2, ⋯, xT ∈ ℝK × T , where T  is the number of medical records. Since X can be 

incomplete, we represent the missing values in xt
k by introducing a masking vector Mt

k as:

Mt
k = 1, if xt

k is observed
0, otℎerwise

.

(1)
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Let st represent the timestamp when the t-th medical record is obtained, and Δt represent 

the time interval for each physiological variable since its last medical record. The Δt
k can be 

written as:

Δt
k =

st − st − 1 + Δt − 1
k , t > 1, Mt − 1

k = 0
st − st − 1, t > 1, Mt − 1

k = 1
0, t = 1

.

(2)

Let D = Xn, Y n
(I), Y n

(P) ∣ n = 1, 2, ⋯, N  represent an EHR dataset with up to N multivariate 

clinical time series. Each has two target labels Y n
(I) and Y n

(P) for imputation and prediction 

tasks.

B. Network Architecture

1) Convolutional Component: Given multivariate clinical time series X, we first 

construct a learnable variable to carry out prefilling operations. Let ψ represent a learnable 

variable, which is initialized as X = M ⋅ X + (1 − M) ⋅ ψ. We then apply the zero vector 

padding to X by embedding a zero vector before the first record of X and after the last 

record of X. We finally feed X into a convolutional component.

In particular, a combination of up to K kernels W k k = 1
K  is applied to the corresponding 

K variables. For example, xt: t + l − 1
k  represents the concatenation of k-th variable of different 

records xt
k, xt + 1

k , ⋯, xt + l − 1
k . A kernel W k ∈ ℝl is applied to the window of xt: t + l − 1

k  to generate 

a new latent variable vt
k ∈ ℝ with ReLU activation function as:

vt
k = ReLU xt: t + l − 1

k ⋅ W k + bk ,

(3)

where ReLU(x) = max(x, 0) and bk ∈ ℝ is a bias. In a follow-up step, W k is implemented 

as a sliding window in order to generate a latent vector vk = v1
k, v2

k, ⋯, vT
k . The final 

representation of X can be v ∈ ℝK × T  based on concatenating all of those latent vectors.

2) Residual Recurrent Component: The residual recurrent component is built upon 

GRU [20]. The GRU is characterized by the reset gate rt and the update gate ut, which 

decide the information from the previous hidden state ℎt − 1 should be updated or reset the 

previous hidden state ℎt − 1 whenever needed. Given the final representation vt obtained from 

the convolutional component, GRU generates ℎt by the use of a linear combination of the 

previous hidden state ℎt − 1 and the candidate state ℎt as:

ℎt = GRU vt = ut ⊙ ℎt + 1 − ut ⊙ ℎt − 1,
ut = σ W u

1 ⋅ ℎt − 1 + W u
2 ⋅ vt + bu ,

ℎt = tanℎ W ℎ
1 ⋅ rt ⊙ ℎt − 1 + W ℎ

2 ⋅ vt + bℎ ,
rt = σ W r

1 ⋅ ℎt − 1 + W r
2 ⋅ vt + br ,
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(4)

where ⊙ is the element-wise multiplication, and σ is the sigmoid function. The ut controls 

the information from the previous hidden state ℎt − 1 and the candidate state ℎt. The rt decides 

the proper amount of information from the previous hidden state ℎt − 1 that contributes to 

ℎt generation. We forward an identity mapping of the GRU input to its output side as 

ℎt
′ = ResGRU vt = GRU vt + vt.

3) Time Decay Mechanism: To capture the impact of varying time intervals, 

competitive time decay mechanisms that fit a deep imputation-prediction network are sought 

and critically reviewed. Collectively, we separately incorporate three types of time decay 

mechanisms [1], [5], [21] into the proposed network architecture to test their efficacy on 

imputation and prediction performance. We augment the residual recurrent component with 

time decay mechanisms [1], [5] respectively. The mathematical formulations for [1], [5] are 

as:

f1 Δt = exp −max 0, W γ ⋅ Δt + bγ ,

(5)

f2 Δt = 1
log e + Δt

,

f3 Δt = e−Δt,

f4 Δt = 1
Δt

,

(6)

where f2( ⋅ ), f3( ⋅ ), and f4( ⋅ ) are three types of decay functions. The above f( ⋅ ) functions 

are integrated into the GRU architecture that contribute hidden state representation 

generation. Accordingly, ℎ̂t − 1 can be written as f Δt ⊙ ℎt − 1. Subsequently, Eq. (4) can be 

rewritten as:

ℎt = GRU vt = ut ⊙ ℎt + 1 − ut ⊙ ℎ̂t − 1,
ut = σ W u

1 ⋅ ℎ̂t − 1 + W u
2 ⋅ vt + bu ,

ℎt = tanℎ W ℎ
1 ⋅ rt ⊙ ℎ̂t − 1 + W ℎ

2 ⋅ vt + bℎ ,

rt = σ W r
1 ⋅ ℎ̂t − 1 + W r

2 ⋅ vt + br .

(7)

Compared with time decay mechanisms in [1] and [5], [21] also takes the similarity between 

medical records into consideration on the time decay mechanism. In other words, if the 

similarity between two medical records is significant, the importance of the previous one 

should be slightly decayed. This is achieved by combining the attention function [19] and 

the decay function 1
log e + Δt

. The mathematical formulations for [21] are as:
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QT
k = W Q

k ⋅ xT
k ,

Kt
k = W K

k ⋅ xt
k,

ηt
k = tanℎ QT

k ⋅ Kt
k

βk ⋅ log e + 1 − σ ⋅ QT
k ⋅ Kt

k ⋅ Δt
,

α = Softmax(η),
X′ = α ⊙ X .

(8)

4) Multi-Task Learning for Imputation and Prediction Tasks: Multi-task 

learning is a single shared machine learning model that performs multiple target tasks 

simultaneously. Multi-task learning with deep neural networks can be done using either 

hard or soft parameter sharing of hidden layers. The former allows target tasks to share 

parameters from a series of hidden layers, while the latter allows each target task to have 

its own backbone with its own parameters. Previous studies suggest that multiple target 

tasks lead to competition regardless of the hard or soft parameter-sharing methods. In 

response to the competition, we construct different optimizers for imputation and prediction 

tasks and then perform the risk prediction task by incorporating the imputation task as an 

auxiliary task. As Figure 1 shows, an auxiliary network and a main network are developed 

and introduced to the imputation and prediction tasks. The key aspect of our network 

architecture is that the direction of information flow is from the auxiliary network to 

the main network only. Accordingly, the forward pass of the main network depends on 

the auxiliary network, while the inference of the auxiliary network does not depend on 

the main network. Because of this, imputation and prediction tasks can be implemented 

simultaneously within a single deep learning framework without competition.

Now we define the objective functions for the imputation and prediction tasks. Given the 

final representation ℎ′, we utilize a fully connected layer to impute missing values as:

ŷ(I) = W y
(I) ⋅ ℎ′ + by

(I) .

(9)

The mean square error (MAE) for the imputation task as:

ℒ(I) = 1
N ∑

n = 1

N
Mn ⊙ ŷn

(I) − Mn ⊙ Y n
(I) 2 .

(10)

For the risk prediction task, we utilize ℎT
′  as input for a Softmax output layer in order to 

obtain the predicted ŷ(p) as:

ŷ(P) = Softmax W y
(P) ⋅ ℎT

′ + by
(P) .

(11)
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The average cross-entropy with a constraint L-infinity norm ‖ ⋅ ‖∞ for the risk prediction task 

as:

ℒ = − 1
N ∑

n = 1

N
Y n

(P) ⊤ ⋅ log ŷn
(P) + 1 − Y n

(P) ⊤ ⋅ log 1 − ŷn
(P) ,

ℒ(P) = ℒ + λ ⋅ ‖θ − ϕ‖∞,

‖θ − ϕ‖∞ = lim
p ∞

∑
j

J
θj − ϕj

p
1
p

,

(12)

where λ is a scaling parameter that handles the contribution of cross-entropy and constraint, 

‖θ − ϕ‖∞ is the distance between the auxiliary network parameter θj j = 1
J  and the main 

network parameter ϕj j = 1
J , and J is the number of shared layers in the network architecture.

IV. Experiments

A. Datasets, Tasks, and Evaluation metrics

We extract 21,105 and 36,670 patients/samples from the MIMIC-III and eICU databases, 

where the Positive (likely to die)/Negative (unlikely to die) ratios are 1:6.56 and 1:7.49, 

respectively. We assess the imputation performance using MAE and MRE (between 

predicted and actual values) and the prediction performance using AUROC and AUPRC. 

The data extraction, code, and statistics of physiological variables are available in https://

github.com/LZlab01/MultiTaskEHR.

B. Baselines

We utilize GRU-D [1], BRITS [2], V-RIN [14], GRU-IGAN [3], E2GAN [4], STING 

[6], MTSIT [9], MIAM [15] as baselines for comparison. We provide six variants of our 

approach as:

Oursα: we incorporate the time decay mechanism [1] into the residual recurrent 

component.

Oursβ: we incorporate the time decay mechanism [5] (i.e., the first row of Eq. (6)) into 

the residual recurrent component.

Oursγ: we incorporate the time decay mechanism [5] (i.e., the second row of Eq. (6)) 

into the residual recurrent component.

Oursδ: we incorporate the time decay mechanism [5] (i.e., the third row of Eq. (6)) 

into the residual recurrent component.

Oursϵ: we incorporate the time decay mechanism [21] into the network architecture.

Oursε: we do not perform any time decay mechanism.
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C. Implementation details

The training was done in a machine equipped with a CPU: AMD EPYC 7543, 80GB RAM, 

and a GPU: NVIDIA A40 with 48GB of memory using Pytorch 1.10.0. We randomly used 

70%, 15%, and 15% of the dataset as training, validation, and testing sets. For the MIMIC-

III dataset, the number of physiological variables K is 17. For the convolutional component, 

the kernel size is 3 and the stride is 1. For the residual recurrent component, the dimension 

of hidden variables is 17. For multi-task learning, the scaling parameter λ is 0.002, and 

the learning rates for the imputation and prediction optimizers are 0.0065 and 0.0034. For 

the eICU dataset, the number of physiological variables K is 16. For the convolutional 

component, the kernel size is 3 and the stride is 1. For the residual recurrent component, 

the dimension of hidden variables is 16. For multi-task learning, the scaling parameter λ
is 0.0013, and the learning rates for the imputation and prediction optimizers are 0.0077 

and 0.0022. We integrated the regression component [2] into GRU-D network architecture 

to generate imputation results. We replaced the linear decoder of MTSIT with a Softmax 

output layer to generate prediction results. For a fair comparison, we used the complete data 

matrices imputed by GRUI-GAN, E2GAN, STING as input to GRU to generate prediction 

results.

V. Performance Evaluation

As Table I shows, our method achieves the best imputation and prediction accuracy. 

Comparing the prediction results, it can be seen that Oursα significantly and consistently 

outperforms Oursε (i.e., without any time decay mechanism). These results suggest that the 

time decay mechanism [1] plays an important role in addressing varying time intervals 

of multivariate time series data, which leads to good prediction performance. Oursα also 

consistently outperforms other baseline methods in the risk prediction task. These results 

suggest that the time decay mechanism [1] is particularly well suited for improving the 

downstream risk prediction performance of our network architecture. Moreover, the three 

variant methods (Oursβ, Oursγ, Oursδ) consistently outperform Oursε. These results suggest 

that capturing the effect of varying time intervals can help improve imputation performance.

VI. Conclusion

We present a new multi-task deep neural network that performs risk prediction tasks by 

incorporating the imputation task as an auxiliary task. We experimentally demonstrate that 

the proposed method achieves the best imputation and prediction accuracy by conducting 

imputation and prediction experiments on two well-known EHR datasets. Moreover, we 

empirically demonstrate that the incorporation of time decay mechanisms is a critical factor 

for superior imputation and prediction performance. However, incorporating existing time 

decay mechanisms into our network architecture suffers some limitations. For example, 

incorporating the time decay mechanism described in [1] achieves the best prediction but 

suboptimal imputation performance. In contrast, incorporating the time decay mechanism 

proposed by [5] into our network architecture achieves the best imputation but poorer 

prediction performance. Further modeling work will have to be conducted in order to 
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develop more effective time decay mechanisms for simultaneously enhancing the imputation 

and prediction performance of multi-task learning models.
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Fig. 1. 
Schematic description of the proposed approach.
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