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Abstract
Motivation: Electronic health records (EHRs) represent a comprehensive resource of a patient’s medical history. EHRs are essential for utilizing 
advanced technologies such as deep learning (DL), enabling healthcare providers to analyze extensive data, extract valuable insights, and make 
precise and data-driven clinical decisions. DL methods such as recurrent neural networks (RNN) have been utilized to analyze EHR to model dis
ease progression and predict diagnosis. However, these methods do not address some inherent irregularities in EHR data such as irregular time 
intervals between clinical visits. Furthermore, most DL models are not interpretable. In this study, we propose two interpretable DL architec
tures based on RNN, namely time-aware RNN (TA-RNN) and TA-RNN-autoencoder (TA-RNN-AE) to predict patient’s clinical outcome in EHR at 
the next visit and multiple visits ahead, respectively. To mitigate the impact of irregular time intervals, we propose incorporating time embed
ding of the elapsed times between visits. For interpretability, we propose employing a dual-level attention mechanism that operates between 
visits and features within each visit.
Results: The results of the experiments conducted on Alzheimer’s Disease Neuroimaging Initiative (ADNI) and National Alzheimer’s 
Coordinating Center (NACC) datasets indicated the superior performance of proposed models for predicting Alzheimer’s Disease (AD) com
pared to state-of-the-art and baseline approaches based on F2 and sensitivity. Additionally, TA-RNN showed superior performance on the 
Medical Information Mart for Intensive Care (MIMIC-III) dataset for mortality prediction. In our ablation study, we observed enhanced predictive 
performance by incorporating time embedding and attention mechanisms. Finally, investigating attention weights helped identify influential vis
its and features in predictions.
Availability and implementation: https://github.com/bozdaglab/TA-RNN.

1 Introduction
Electronic health records (EHRs) represent a comprehensive 

resource that provide a historical collection of a patient’s 
medical record and health-related data. This holistic resource 
includes structured data, such as patient medical conditions, 
medications, clinical measurements, and demographics, and 
unstructured data, exemplified by clinical notes (Yadav et al. 
2018, Lyu et al. 2022, Hossain et al. 2023). EHRs have be
come the cornerstone in modeling the classification of 
patients and the progression and sub-typing of diseases 
through advanced technologies (e.g. machine and deep learn
ing [DL]), enabling healthcare providers to analyze vast vol
umes of data, extract valuable insights, and make more 
precise and data-driven clinical decisions (Xu et al. 2022, 
Yang et al. 2022). Structured EHRs are longitudinal in na
ture, providing a dynamic and chronological representation 
of a patient’s medical history. The longitudinal nature of 
EHRs reflects their capacity to capture and document a 
patient’s health information over an extended time. Unlike 
static data snapshots, the temporal patterns embedded in 

EHR provide valuable insights into the progression of a 
patient’s health. This, in turn, enables AI-based techniques to 
make precise clinical decisions. However, machine learning 
methods such as Random Forest (RF) (Breiman 2001), 
Support Vector Machine (SVM) (Cortes and Vapnik 1995), 
and neural networks (McCulloch and Pitts 1943) lack the ca
pacity to handle temporal relations in EHR. These methods 
usually rely on a specific time point within the EHR, such as 
the baseline or the most recent clinical visit. Alternatively, 
decisions can be made by aggregating data across all time 
points. Furthermore, EHRs present data analysis challenges 
such as varying numbers of visits for patients, irregular time 
intervals between visits, and the presence of missing values. 
Consequently, AI-based methods for modeling EHR need to 
address these inherent issues.

To preserve the temporal nature of EHR and address vary
ing number of visits per patient, recurrent neural networks 
(RNN) models such as Long Short-Term Memory (LSTM) 
(Hochreiter and Schmidhuber 1997) and Gated Recurrent 
Unit (GRU) (Cho et al. 2014), along with Transformer 
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(Vaswani et al. 2017) have been employed (Yadav et al. 
2018, Xu et al. 2022, Yang et al. 2022, 2023, Herp et al. 
2023, Hossain et al. 2023).

In Lee et al. (2019), a multimodal GRU-based approach 
was employed on EHR data related to Alzheimer’s Disease 
(AD) to predict conversion from Mild Cognitive Impairment 
(MCI) to AD. In Li and Fan (2019), an LSTM-based DL 
model was proposed for early prediction of AD using EHR 
data related to AD. In Nguyen et al. (2020), an RNN-based 
model was applied to AD EHR data to predict the diagnosis 
of patients up to six years. In Venugopalan et al. (2021), an 
integrative classification approach was proposed for the early 
detection of AD stage. In Fouladvand et al. (2021), a multi- 
stream Transformer-based approach was applied on EHR to 
predict opioid use disorder. Although RNN- and 
Transformer-based methods handle longitudinal EHR data, 
they do not consider irregular time intervals between clinical 
visits. RNN (e.g. LSTM and GRU) assume that temporal 
gaps between time points are equal while absolute position 
encoding is used in the original Transformer architecture 
(Vaswani et al. 2017).

Recent studies have proposed to extend LSTM to handle ir
regular time intervals. Time-aware LSTM (T-LSTM) was de
veloped with the purpose of learning a subspace 
decomposition of the cell memory, enabling time decay to 
discount the memory content according to the elapsed time 
(Baytas et al. 2017). In a subsequent study (Luong and 
Chandola 2019), T-LSTM’s effectiveness was assessed on 
synthetic data and real EHR data from kidney patients. 
Despite its success in handling synthetic data, the results 
showed challenges in effectively sub-typing chronic kidney 
disease using real EHR data. In Liu et al. (2022), KIT-LSTM 
expands the LSTM model by incorporating two time-aware 
gates: one for the time gap between two consecutive visits 
and another for the time gap between consecutive measure
ments for each clinical feature. In Al Olaimat et al. (2023), an 
RNN-based DL architecture called Predicting Progression of 
AD (PPAD) was proposed. PPAD addresses irregular time 
intervals by using patients’ age in each visit as a feature to in
dicate time changes between successive visits. Although most 
recent RNN-based studies were able to mitigate the irregular 
time intervals, they exhibit limited interpretability, making 
the explanation of their prediction results challenging.

To improve model’s interpretability while considering ir
regular time intervals, RETAIN (Choi et al. 2016) was pro
posed. This model aims to identify the significant time points 
and features influencing the prediction of heart disease using 
EHR. The methodology incorporates two attention mecha
nisms, facilitated by two distinct GRUs, to capture interac
tions between time points and features. Additionally, to 
address irregular time intervals, time information, such as du
ration between consecutive visits or cumulative number of 
days since the initial visit, are optionally introduced as an ad
ditional feature at each time point. Although the tool is avail
able, its application is limited to MIMIC-III data, requiring 
algorithm reimplementation to use with different data for
mats. Furthermore, the effectiveness of incorporating time in
formation as an additional feature remains unassessed. In 
Zhang et al. (2019), another RNN-based architecture called 
ATTAIN was proposed to handle irregular time intervals. 
This approach incorporates both time intervals and an atten
tion mechanism. The current prediction is formulated by ag
gregating information from all or some of the preceding 

memory cells, with regularization of the most recent memory 
cell guided by weights generated through the attention mech
anism and time intervals, employing a time decay function. 
DATA-GRU (Tan et al. 2020) was proposed to predict 
patients’ mortality risk. This model incorporates a time- 
aware mechanism to handle irregular time intervals through 
internally incorporating time intervals into DATA-GRU to 
adjust the hidden status in the previous memory cell. 
Additionally, a dual-attention mechanism is employed to ad
dress missing values by considering both data quality and 
medical knowledge perspectives. However, a notable limita
tion of this model lies in the excessive measures taken to ad
dress missing values and time intervals problems, leading to 
an increase in the model’s complexity. This includes aspects 
such as the number of RNN cells employed, the number of 
learnable parameters, and the preprocessing steps conducted 
before training to generate the unreliability scores of the 
data. The Multi-Integration Attention Module (MIAM) (Lee 
et al. 2022) was proposed for different downstream tasks to 
capture complex missing patterns in EHR. This involves com
bining missing indicators and time intervals, followed by inte
grating observations and missing patterns within the 
representation space using a self-attention mechanism.

Nevertheless, these approaches do not embed the time 
intervals directly into the visits data. Instead, they introduce 
them as additional features to handle irregular time intervals 
or internally modify the hidden states within RNN by updat
ing the memory cells with the time intervals. Furthermore, 
most of these approaches lack a mechanism to interpret 
their results.

In this study, we present two interpretable DL architectures 
based on RNN, namely attention-based time-aware RNN 
(TA-RNN) and TA-RNN-autoencoder (TA-RNN-AE) for 
early prediction of patient clinical outcomes at the next visit 
and multiple visits ahead, respectively. To mitigate the effect 
of irregular time intervals, we propose incorporating elapsed 
times between consecutive visits into visit data through a 
time embedding layer. Additionally, to enhance the interpret
ability of the model's results, we propose utilizing a dual- 
level attention mechanism that operates between visits and 
features within each visit to identify the significant visits and 
features influencing the model’s prediction. To demonstrate 
the robustness of our proposed models, we evaluated them 
on three real-world datasets: (i) early prediction of conver
sion to AD by training and testing the models on the 
Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset; 
(ii) early prediction of conversion to AD by training the mod
els on the ADNI dataset and testing them on the National 
Alzheimer’s Coordinating Center (NACC) dataset; (iii) pre
diction of mortality by training and testing the models on the 
Medical Information Mart for Intensive Care (MIMIC-III) 
dataset. In the task of predicting AD conversion, our experi
ments demonstrated that our proposed models outperformed 
all baseline models across most prediction scenarios, particu
larly in terms of F2 and sensitivity. Regarding the mortality 
prediction task, the results indicated that TA-RNN outper
formed RETAIN in AUC. We also illustrated that integrating 
time embedding into the input data contributed to improved 
model performance by effectively handling irregular time 
intervals between consecutive visits. Furthermore, the results 
demonstrated the remarkable ability of the dual-level atten
tion mechanism to interpret the results of our pro
posed models.
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The main contributions of this study can be summarized 
as follows:

� We propose two interpretable DL architectures based on 
RNN, namely attention-based TA-RNN and TA-RNN- 
autoencoder (TA-RNN-AE) for early prediction of patient 
clinical outcomes at the next visit and multiple visits 
ahead, respectively. 

� We propose incorporating time embedding of the elapsed 
times between consecutive visits into visits’ data through 
the utilization of a time embedding layer. This approach 
aims to mitigate the impact of the irregular time intervals. 

� We propose employing a dual-level attention mechanism 
that operates between visits and features within each visit 
to identify notable visits and features influencing the mod
el’s predictions. This approach is intended to improve the 
interpretability of the model’s results. 

� We demonstrate that the proposed methods exhibit supe
rior performance compared to the state of the art (SOTA) 
and baseline approaches in downstream tasks. This was 
achieved by leveraging longitudinal multimodal data and 
cross-sectional demographic data from two large AD 
databases, namely ADNI and NACC, for early prediction 
of conversion to AD. Additionally, we validated the effec
tiveness of our methods on a real-world EHR dataset 
obtained from MIMIC-III for predicting mortality. 

2 Materials and methods
2.1 Datasets
In this study, three datasets were used to evaluate the proposed 
models. The first dataset consisted of longitudinal and cross- 
sectional data from the ADNI database (https://adni.loni.usc. 
edu/). The ADNI was launched in 2003 as a public–private 
partnership, led by Principal Investigator Michael W. Weiner, 
MD. The primary goal of ADNI has been to test whether serial 
magnetic resonance imaging (MRI), positron emission tomog
raphy (PET), other biological markers, and clinical and neuro
psychological assessment can be combined to measure the 
progression of MCI and early AD. Since it has been launched, 
the public–private cooperation has contributed to significant 
achievements in AD research by sharing data to researchers 
from all around the world (Jack et al. 2010, Jagust et al. 2010, 
Risacher et al. 2010, Saykin et al. 2010, Trojanowski et al. 
2010, Weiner et al. 2010, 2013). The second dataset consisted 
of longitudinal and cross-sectional data from the NACC data
base (Besser et al. 2018). The NACC database is a centralized 
asset for AD research, designed specifically to facilitate and ex
pedite investigations into the causes, diagnosis, and treatment 
of AD. It comprises information from various study sites 
throughout the United States, encompassing a range of data 
such as demographics, cognitive assessments, genetic details, 
and MRI data. The third dataset was from the MIMIC-III data
base (Johnson et al. 2016a,b, Goldberger et al. 2000). The 

MIMIC-III database serves as a comprehensive resource of 
EHR designed for researchers interested in gaining insights into 
critical care practices and patient clinical outcomes, with a spe
cific focus on patients of the intensive care unit (ICU). The 
MIMIC-III databases consist of multiple set of clinical data, in
cluding vital signs, laboratory results, conditions, medical pro
cedures, medications, and clinical notes.

We employed three distinct experimental setups to train 
and evaluate our proposed models utilizing these three data
sets (Table 1). In the first experimental setup, we split the 
ADNI dataset into 70% training and 30% testing in a ran
dom stratified manner for model training and testing to 
predict conversion from MCI to AD, respectively. 
The ADNImerge R package (available at https://adni.bit 
bucket.io/) was employed to gather longitudinal and cross- 
sectional data from all ADNI studies, including ADNI1, 
ADNI2, and ADNI-GO (Jiang et al. 2020). We have con
ducted a preprocessing using the same steps as implemented 
in the PPAD (Al Olaimat et al. 2023). Briefly, in the prepro
cessing phase, we performed the removal of irrelevant fea
tures and visits, handled missing values through data 
imputation using K-nearest neighbors (KNN), and normal
ized the features. Following the preprocessing, the final data
set comprised 20 longitudinal and five cross-sectional 
demographic features for a total of 1169 patients and 5759 
visits (Supplementary Tables S1 and S2). For generalization, 
this entire process was iterated across three random splits.

In the second experimental setup, the entire ADNI dataset 
served as the training data, while the NACC dataset served as 
an external dataset for model testing to predict conversion 
from MCI to AD. We conducted a data harmonization step 
to collect common features from the ADNI and the NACC 
datasets. Subsequently, the harmonized datasets were prepro
cessed, following the same steps as outlined in the PPAD (Al 
Olaimat et al. 2023). Ultimately, we successfully harmonized 
nine features between the ADNI and NACC datasets. The fi
nal ADNI dataset consisted of 1205 patients and 6066 visits 
(Supplementary Tables S3 and S4). The difference in patient 
and visit numbers between the first and second experimental 
setups in the ADNI data arises due to the preprocessing step. 
Since the second experimental setup used fewer features, the 
missing rate was lower, hence more visits were kept. The final 
NACC dataset encompassed 6118 patients and 35 423 visits.

For the third experimental setup, the MIMIC-III dataset 
was utilized to evaluate the proposed models for mortality 
prediction task. We extracted patients’ visits, mortality 
labels, and time information from the MIMIC-III dataset us
ing the same procedures that have been employed in 
RETAIN (Choi et al. 2016). Patients’ visits include the 
International Classification of Diseases, Ninth Revision 
(ICD-9) codes, with dataset includes 942 unique ICD-9 codes 
for 7537 patients. To train the proposed models, the dataset 
underwent a stratified random split, allocating 70% for train
ing, 20% for testing, and 10% for validation (Supplementary 
Table S9).

Table 1. Experimental setups that were employed for the proposed models.a

Experimental setup Training data Validation data Test data Downstream task

First 70% of ADNI 5-fold cross-validation 30% of ADNI Predicting conversion of MCI to AD
Second Entire ADNI 5-fold cross-validation Entire NACC Predicting conversion of MCI to AD
Third 70% of MIMIC-III 10% of MIMIC-III 20% of MIMIC-III Predicting mortality

a In the first and second experimental setups, 5-fold cross-validation was employed on the training data to tune the hyperparameters.
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In all experimental setups, datasets have been preprocessed 
such that each sample represents a unique patient with at 
least two visits. Consequently, the input data is structured in 
three dimensions, delineated as (samples, visits, and features).

2.1.1 Dataset notations
Let D denote the longitudinal EHR data with N samples (ie, 
patients). D ¼ ðX1; X2; . . . ; XNÞ where each sample X repre
sents measurements of F features collected over T time points 
(i.e. visits): X ¼ x1; x2; . . . ; xTf g 2 RT × F. For each visit, 
t 2 1; 2; . . . ; Tf g, xt ¼ x1

t ; x2
t ; . . . ; xF

t

� �
2 RF represents a 

vector of features of sample X at visit t. For each feature 
f 2 1; 2; . . . ; Ff g, xf ¼ fxf

1; xf
2; . . . ; xf

Tg 2 R
T represents the 

f th feature value of sample X over T visits, and xf
t represents 

the f th feature value of sample X at visit t. In D, each sample 
has a corresponding elapsed time data ðE1; E2; . . . ; ENÞ, where 
each E represents the elapsed times for sample X collected over 
T time points (visits): E ¼ e1; e2; . . . ; eTf g 2 RT × 1. For each 
visit t 2 1; 2; . . . ; Tf g, et 2 R represents the elapsed time at 

visit t, such that et ¼
0; if t ¼ 1

vdt � vdt−1; if t>1

�

, where vdt rep

resents the visit date at visit t. For ADNI and NACC data, the 
unit of e was in years, whereas for MIMIC-III data, the unit 
was in days. Finally, in D each sample has a corresponding di
agnosis or clinical outcome ðY1; Y2; . . . ; YNÞ for each time 
point: Y ¼ y1; y2; . . . ; yTf g 2 RT × 1. In this study, for each 
visit t 2 1; 2; . . . ; Tf g, yt 2 0; 1f g where 0 denotes MCI and 
1 denotes AD in the MCI to AD conversion prediction task, 
and 0 denotes absence of mortality and 1 denotes mortality in 
the mortality prediction task.

2.2 The proposed method
In this study, we developed two interpretable RNN-based DL 
architectures to predict the clinical outcome at the next visit 
and the multiple visits ahead. To demonstrate the robustness 
of the proposed models, we evaluated them using two down
stream tasks, namely predicting conversion from MCI to AD 
and patient mortality prediction. In both architectures, we 
employed a time embedding layer that incorporates elapsed 
time between consecutive visits in EHR into input data to ad
dress lack of consideration of irregular time intervals between 
consecutive inputs by RNN models. Furthermore, we 
employed a dual-level attention mechanism that operates be
tween visits and features within each visit to identify signifi
cant visits and features influencing predictions. Implementing 
the dual-level attention mechanism, in turn, improves the in
terpretability of the model. Finally, the RNN cell type was 
considered as a hyperparameter, offering options such as 
LSTM, GRU, bidirectional LSTM (Bi-LSTM), and bidirec
tional GRU (Bi-GRU).

2.2.1 Time embedding layer
To alleviate the limitation of RNN models with irregular 
time intervals, we employed a time embedding layer. The 
layer takes the longitudinal (X) and elapsed time (E) data as 
inputs to generate a new representation in a manner where 
the time information is integrated with the original data. This 
layer is a variation of positional encoding designed for con
tinuous time values as input (Lee et al. 2022). It transforms 
these values into an encoded vector representation (TE) 
(Equation (1)), which is an adapted version of the positional 
encoding formula proposed in Vaswani et al. (2017). 

TE e;ið Þ¼

sin
e

ET2i=dmodel
max

� �

if i is even

cos
e

ET2i=dmodel
max

� �

if i is odd

8
>>><

>>>:

(1) 

In Equation (1), e represents the elapsed time since the previ
ous visit, i represents the index in the embedding space, dmodel 
represents the model dimension or size, and ETmax represents 
the maximum elapsed time of time data. Then, the longitudinal 
input data X is added to the time embedding TE to generate a 
new embedding or representation (Z) (Equation (2)) of X that 
has time information based on E. 

Z ¼ XþTE (2) 

In Equation (2), Z ¼ z1; z2; . . . ; zTf g 2 RT × dmodel repre
sents the new embedding for the input data that incorporates 
the temporal representation. In the following sections, Z will 
be the input to the proposed models.

2.2.2 A predictive model for clinical outcome at the next visit
TA-RNN comprises three components, namely, a time em
bedding layer, attention-based RNN, and a prediction layer 
based on multi-layer perceptron (MLP) (Fig. 1). In this 
model, to address the irregular time intervals, first, the time 
embedding layer is used to generate the new input embedding 
Z based on the original input data X and time embedding 
(Equation (2), Section 2.2.1). Then, Z is fed to an RNN cell 
(Equation (3)) that employs a dual sets of attention weights 
(for visits and features) and generates the hidden state ht 2

Rhidden size for each time point t. 

h1; ::; ht ¼ RNNðz1; . . . ; ztÞ (3) 

To control the impact of each visit’s embedding 
ðz1; . . . ; ztÞ, the scalars (α1; . . . ; αt) that represent visit-level 
attention weights are calculated using hidden states of the 
RNN cell (Equation (4)). 

kj ¼Wαhjþbα for j ¼ 1; . . . ; t (4) 

α1; . . . ; αt ¼ softmaxðk1; . . . ; ktÞ

In Equation (4), Wα 2 Rhidden size and bα 2 R are the train
able parameters. On the other hand, to control the impact of 
features in each visit’s embedding ðz1; . . . ; ztÞ, the vectors 
(β1; . . . ; βt) that represent feature-level attention weights are 
calculated using hidden states of the RNN cell (Equation (5)) 
where Wβ 2 Rhidden size × dmodel and bβ 2 Rdmodel are the trainable 
linear transformation matrix and the bias vector, 
respectively. 

βj ¼ tanh Wβhjþbβ
� �

for j ¼ 1; ::; t (5) 

βj ¼ softmax β1
j ; β2

j ; . . . ; βdmodel
j

� �

for j ¼ 1; ::; t 

Then, the obtained visits and features attention weights are 
utilized to generate the context vector ðct 2 RdmodelÞ (Equation 
(6)) of a sample in the EHR up to the tth visit. 
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ct ¼
Xt

j¼1

αj βj � zj (6) 

In Equation (6), � represents the element-wise multiplica
tion operation. Finally, if the demographic data (Dem) is 
available, the ct is concatenated with it to train an MLP for 
predicting the clinical outcome of the next visit 
(Equation (7)). 

y0 ¼ σ W1 ReLU W2 c � Demð Þþb2ð Þð Þþb1ð Þ (7) 

In Equation (7), y0 represents the predicted clinical out
come, W1 and W2 are the trainable linear transformation ma
trices, b1 and b2 are the trainable bias vectors, σ represents 
the sigmoid function, and � represents the concatena
tion operation.

2.2.3 A predictive model for clinical outcome at multiple 
visits ahead
To predict clinical outcomes in EHR at multiple visits ahead, 
we developed another predictive model called TA-RNN-AE. 
TA-RNN-AE comprises time embedding, attention-based 
RNN autoencoder, and MLP (Fig. 2). In this model, the en
coder component learns ct of the longitudinal data as de
scribed in the previous section (Equation (6)). Subsequently, 
the decoder component generates multiple upcoming visits’ 
representations using ct up to n visits in an autoregressive 
manner. Initially, both the input and the initial hidden state 
to the decoder are set to ct. Subsequently, for each subsequent 
time step, the input to the decoder is derived from the output 
of the previous time step (Equation (8)). 

g1; g2 :::; gn ¼ RNNðc; g1; . . . ; gn−1Þ (8) 

Finally, if demographic data Dem is available, the MLP 
model is then trained by concatenating it with the last visit’s 
representation generated by the decoder xtþ n. This training is 
designed to predict the clinical outcome in the EHR at the 
tþnð Þ

th visit, as outlined in (Equation (9)). 

y0 ¼ σ W1 ReLU W2 xtþ n � Demð Þþb2
� �� �

þ b1
� �

(9) 

2.2.4 Parameter learning and evaluation metrics
In both proposed architectures, trainable parameters of all 
components are jointly learned using a customized binary 
cross-entropy loss function (Equation (10)). This customized 
loss function assigns greater weight to predicting positive 
cases to minimize predicting false negative cases which in 
turn increases the sensitivity of the predictive model. 

Loss ¼ �
1
N

X
δ � y � logy0
� �� �

þ 1 � δð Þ � 1 � yð Þ � log 1 � y0
� �� �

(10) 

In Equation (10), δ is a hyperparameter real number be
tween 0 and 1 to define the relative weight of positive predic
tion and y is the true diagnosis. In this study, we set δ to 0.7 
and 0.65 for predicting AD conversion and mortality tasks, 
respectively. For the optimization process, all models under
went training with the adaptive moment estimation (Adam) 
optimizer (Kingma and Ba 2014), utilizing the default learn
ing rate 0.001. Hyperparameters such as the RNN cell type, 
number of epochs, batch size, dropout rate, L2 regulariza
tion, hidden size, embedding size, and δ were tuned using 
5-fold cross-validation and 10% validation data for 

Figure 1. TA-RNN architecture for predicting clinical outcomes in EHR at the next visit.
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predicting AD conversion and mortality tasks, respectively. 
Model evaluation was performed using the F2 score 
(Equation (11)) and sensitivity. 

Fβ ¼ 1þ β2
� �

�
precision � recall

β2:precisionþ recall
(11) 

In Equation (11), recall is given β times more emphasis 
than precision. We set β to 2 in this study.

3 Results and discussion
This study proposes two RNN-based frameworks: TA-RNN 
and TA-RNN-AE to predict the clinical outcome in EHR at 
the next visit and at multiple visits ahead, respectively. The 
proposed frameworks were evaluated based on three experi
mental setups (see Section 2.1 for details). We also conducted 
an ablation study to assess the importance of the time embed
ding and dual-attention components. Finally, we have 
assessed the interpretability of the model by examining the 
visit- and feature-based attention weights for the entire test 
set and for an individual patient. The details of these analyses 
are described below.

3.1 Predicting clinical outcome at next visits
To evaluate the predictive performance of TA-RNN, in the 
first and second experimental setups, we trained four models 
using two, three, five, and six preceding visits to predict the 
conversion to AD at the subsequent visit. For hyperparameter 
tuning, a grid search with 5-fold cross-validation was per
formed. The optimal hyperparameters of the models in the 
first and second experimental setup are shown in 
Supplementary Tables S5 and S6, respectively.

We compared TA-RNN to RF, SVM, T-LSTM, and PPAD. 
PPAD was trained using the longitudinal features including 

the age while RF and SVM, which are not designed for longi
tudinal data, were trained on the aggregated longitudinal 
data after averaging each feature’s values across all visits. On 
the other hand, T-LSTM and TA-RNN were trained without 
utilizing the age feature to evaluate the effectiveness of their 
mechanisms of handling irregular time intervals. The entire 
process was repeated 15 times in the second experimental 
setup and for each of the three random data splits in the first 
experimental setup to ensure generalizability. The outcomes 
in the first and second experimental setups demonstrated the 
superiority of TA-RNN upon all baseline models in terms of 
F2 (Fig. 3A and B) and sensitivity (Supplementary Fig. S1A 
and B) except one case in the second experimental setup 
(Fig. 3B) and (Supplementary Fig. S1B). Moreover, this supe
rior performance highlights TA-RNN’s capability to address 
the irregular time intervals issue better than T-LSTM and 
PPAD. We observed that the performance differences be
tween TA-RNN and RF, SVM, and T-LSTM were statisti
cally significant (t-test P-value ≤ .05) for all cases except for 
one. Although the performance difference between TA-RNN 
and PPAD was not statistically significant in most cases 
(Supplementary Tables S11 and S12), TA-RNN’s interpret
ability feature through its dual-level attention mechanism is a 
clear advantage over PPAD.

For the third experimental setup, our evaluation focused 
only on TA-RNN and excluded TA-RNN-AE as 70% and 
18% of patients in the MIMIC-III dataset have only two and 
three visits, respectively. TA-RNN was trained on MIMIC-III 
data and compared only with RETAIN, which was designed 
to enhance model’s interpretation, for mortality prediction at 
the last hospital stay. For hyperparameter tuning, 10% vali
dation data was utilized. The optimal hyperparameters are 
shown in Supplementary Table S10. The entire process was 
repeated 15 times to ensure generalizability. We observed 
that TA-RNN outperformed the RETAIN model in AUC 

Figure 2. TA-RNN-AE architecture for predicting clinical outcome in EHR at multiple visits ahead.
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slightly (Table 2). Although the difference between their per
formances was marginally significant (P value¼ .05), TA- 
RNN exhibits lower complexity compared to RETAIN as 
TA-RNN utilizes only one RNN cell. On the other hand, 
RETAIN employs two separate RNN cells—one for handling 
visit attention weights and the other for handling feature at
tention weights. Reduced complexity makes TA-RNN faster 
to train with less trained data compared to RETAIN.

3.2 Predicting clinical outcome at multiple 
visits ahead
To evaluate the predictive performance of TA-RNN-AE, we 
conducted the training for various scenarios, including mod
els trained on two, three, five, and six visits to predict the 
conversion to AD at the subsequent second, third, and fourth 
visits. This was accomplished using both the first and second 
experimental setup. For instance, a trained model on datasets 
from two clinical visits was evaluated for its ability to predict 
the conversion to AD at the fourth, fifth, and sixth visits. For 
hyperparameter tuning, grid search with 5-fold cross- 
validation was performed. The optimal hyperparameters of 
the models in the first and second experimental setup are 
shown in Supplementary Tables S7 and S8, respectively. We 
also repeated the entire process 15 times in the second experi
mental setup and for each of the three random data splits in 
the first experimental setup to ensure generalizability. 
Because T-LSTM and RETAIN do not have the ability to pre
dict the clinical outcome in EHR at multiple visits ahead, 
TA-RNN-AE comparison was limited to RF, SVM, and 
PPAD-AE. The results demonstrated the superiority of TA- 
RNN-AE upon all baseline and SOTA models in terms of F2 
(Fig. 4) and sensitivity (Supplementary Fig. S2) except for one 
case where PPAD-AE outperformed TA-RNN-AE slightly in 
terms of F2 (Fig. 4D). The performance difference between 

TA-RNN-AE and RF and SVM was statistically significant 
(t-test P value ≤ .05) for 45 out of 48 cases in the first and 
second experimental setup. TA-RNN-AE outperformed 
PPAD-AE significantly for 3 and 7 out of 12 scenarios in the 
first and second experimental setup, respectively 
(Supplementary Tables S13 and S14). Furthermore, unlike 
PPAD-AE, TA-RNN-AE provides higher interpretability 
through its dual-level attention mechanism.

3.3 Ablation study
We conducted an ablation study for TA-RNN and TA-RNN- 
AE based on the first and second experimental setups to in
vestigate the contribution of the time embedding layer that 
addresses the irregular time interval issue and the dual-level 
attention mechanism that improves the proposed models' in
terpretability. Here, we evaluated the predictive performance 
of the proposed models with two variations (i) without using 
the time embedding nor elapsed time, but using dual-level at
tention (i.e. A-RNN and A-RNN-AE); (ii) without using the 
dual-level attention mechanism but using time embedding 
(i.e. T-RNN and T-RNN-AE). We observed that the perfor
mance of A-RNN was lower compared to TA-RNN in all 
cases for the first (Table 3) and the second experimental setup 
(Supplementary Table S15). The results also showed that the 
performance of T-RNN was slightly lower compared to TA- 
RNN in two out of four cases for the first experimental setup 
(Table 3) and three out of four cases for the second experi
mental setup (Supplementary Table S15). In addition, we ob
served that A-RNN-AE performed lower than TA-RNN-AE 
in 7 out of 12 cases and remained unchanged in one case for 
the first experimental setup (Supplementary Table S16), and 
eleven out of twelve cases for the second experimental setup 
(Supplementary Table S17). Finally, the performance of T- 
RNN-AE was lower compared to TA-RNN-AE in all cases 
except for one case for the first experimental setup 
(Supplementary Table S16) and all cases for the second ex
perimental setup (Supplementary Table S17). The ablation 
study showed a decrease in the performance of the proposed 
models across most scenarios, indicating the significance of 
the time embedding layer and dual-level attention mechanism 

Figure 3. F2 scores for TA-RNN models predicting conversion to AD at the next visit. (A) Models evaluated on held-out samples in ADNI after training 
with two, three, five, and six preceding visits in ADNI. (B) Models evaluated on NACC after training with two, three, five, and six preceding visits in ADNI. 
Error bars represent standard deviations. Statistical significance between TA-RNN and other tools was assessed using t-test (see Supplementary Tables 
S11 and S12 for P-values).

Table 2. AUC score for the TA-RNN model for mortality prediction at the 
next visit.

Model AUC

RETAIN 0.731 ± 0.002
TA-RNN 0.733 ± 0.003
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in enhancing both the performance and interpretability of 
the models.

3.4 Interpretations of the models’ predictions
To demonstrate the interpretability of the models, we visualized 
their behavior during the prediction process using the generated 
attention weights for visits and features. In the first experimen
tal setup, for example, TA-RNN model that was trained on six 
visits to predict the clinical outcome in the next visit generated 
six visit-level attention weights (i.e. one for each visit). The at
tention weight values for each visit range from 0 to 1, and the 
sum of all six weights equals to 1. Additionally, the model gen
erated 19 attention weights, one for each feature (except for the 
age feature, which was not utilized in our models) at each visit, 
representing the feature-level attention. These weights provide 
insights into the influence of each visit and feature during the 
model's prediction of the clinical outcome. Figure 5, visualizing 
the attention weights at the visit level, demonstrates that for 
most samples the model prioritizes on the final visits—specifi
cally the fifth and sixth visits—during predictions. Additionally,  
Fig. 6 shows the average attention weight at the feature level 
across all visits for the same example. We observed that 
CDRSB, MMSE, RAVLT.learning, and FAQ features exhibit 
the most substantial influence on the model’s predictions, align
ing with observations in the literature (Nguyen et al. 2020, 

Velazquez and Lee 2021, Al Olaimat et al. 2023, Perera and 
Ganegoda 2023, Zhang et al. 2024). In addition, we evaluated 
TA-RNN’s interpretability in predicting MCI to AD conversion 

Figure 4. F2 scores for TA-RNN-AE models predicting conversion to AD at the next second, third, and fourth visits ahead. (A–D) Models were tested on 
held-out samples in ADNI after training using two, three, five, and six visits in ADNI, respectively. (E–H) Models were tested on NACC after training using 
two, three, five, and six visits in ADNI, respectively. Error bars represent standard deviations. Statistical significance between TA-RNN-AE and other tools 
was assessed using t-test (see Supplementary Tables S13 and S14 for P-values).

Table 3. TA-RNN F2 scores for the ablation of dual-level attention and time embedding.a

Model\Scenario 2!1 3!1 5!1 6!1

A-RNN 0.844 ± 0.040 0.850 ± 0.035 0.855 ± 0.029 0.887 ± 0.035
T-RNN 0.852 ± 0.031 0.855 ± 0.019 0.869 ± 0.020 0.905 ± 0.036
TA-RNN (proposed) 0.851 ± 0.022 0.858 ± 0.029 0.870 ± 0.020 0.901 ± 0.041

a A-RNN, TA-RNN without time embedding. T-RNN, TA-RNN without dual attention. TA-RNN was evaluated on held-out samples in ADNI after 
training using two, three, five, and six preceding visits in ADNI. Best F2 score in each case (column) is shown in bold.

Figure 5. Attention weights at the visit level for TA-RNN. TA-RNN was 
evaluated on held-out samples in ADNI after training using six preceding 
visits in ADNI.
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using a patient from the test dataset who converted from MCI 
to AD in the subsequent visit (seventh), where the model accu
rately predicted the conversion. We made the same observation 
that fifth and sixth visits are the most influential visit for this pa
tient (Fig. 7A).

Furthermore, several cognitive test features were important 
regardless all visits (Fig. 7B). After combining feature and 

visit attention values, the model primarily focuses on CSRSB, 
MMSE, RAVLT.learning, and FAQ features in the model’s 
prediction (Fig. 7C). In light of the preceding observations, 
the dual-attention mechanism of our model holds significant 
promise for enhancing the interpretability and utility of 
our model.

4 Conclusion
In this study, we propose two RNN-based architectures, 
namely TA-RNN and TA-RNN-AE for the prediction of clin
ical outcomes in EHR at the next visit and multiple visits 
ahead, respectively. The proposed models were able to ad
dress the irregular time interval issue in longitudinal EHR 
through a time embedding layer that incorporates time inter
vals with original data. Additionally, model predictions were 
made interpretable by utilizing a dual-level attention mecha
nism that identifies the significant visits and features influenc
ing each prediction. To evaluate the effectiveness of our 
proposed models, we employed three experimental setups us
ing two extensive EHR datasets obtained from ADNI and 
NACC for predicting MCI to AD conversion, as well as data 
from MIMIC-III for mortality prediction. In all experimental 
setups, the results showed that TA-RNN and TA-RNN-AE 
outperformed baseline and SOTA methods in almost all 
cases. TA-RNN and TA-RNN-AE source code and documen
tation are publicly available at https://github.com/bozdaglab/ 
TA-RNN/.

Figure 6. Average attention weights at the feature level for TA-RNN. TA- 
RNN was evaluated on held-out samples in ADNI after training using six 
preceding visits in ADNI.

Figure 7. Visualization of TA-RNN’s behavior during correctly predicting the conversion from MCI to AD for a patient. A–C represent visits attention 
weights, features attention weights, and element-wise multiplication of attention weights, respectively. TA-RNN was evaluated on held-out samples in 
ADNI after training using six preceding visits to ADNI.
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