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Featured Application: A better discrimination in a prediction model does not imply a
better interpretability. In healthcare, where transparency is crucial, both discriminability
and interpretability should be checked before stating that a new model is better.

Abstract: Background: In predictive modelling, particularly in fields such as healthcare,
the importance of understanding the model’s behaviour rivals, if not surpasses, that of
discriminability. To this end, attention mechanisms have been included in deep learning
models for years. However, when comparing different models, the one with the best
discriminability is usually chosen without considering the clinical plausibility of their pre-
dictions. Objective: In this work several attention-based deep learning architectures with
increasing degrees of complexity were designed and compared aiming to study the balance
between discriminability and plausibility with architecture complexity when working with
longitudinal data from Electronic Health Records (EHRs). Methods: We developed four
deep learning-based architectures with attention mechanisms that were progressively more
complex to handle longitudinal data from EHRs. We evaluated their discriminability and
resulting attention maps and compared them amongst architectures and different input
processing approaches. We trained them on 10 years of data from EHRs from Catalonia
(Spain) and evaluated them using a 5-fold cross-validation to predict 1-year all-cause mor-
tality in a subsample of 500,000 people over 65 years of age. Results: Generally, the simplest
architectures led to the best overall discriminability, slightly decreasing with complexity
by up to 8.7%. However, the attention maps resulting from the simpler architectures were
less informative and less clinically plausible compared to those from more complex archi-
tectures. Moreover, the latter could give attention weights both in the time and feature
domains. Conclusions: Our results suggest that discriminability and more informative and
clinically plausible attention maps do not always go together. Given the preferences within
the healthcare field for enhanced explainability, establishing a balance with discriminability
is imperative.
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1. Introduction

The rise in the use of real-world data and electronic health records (EHRs) has made
large-scale longitudinal health studies [1,2] more cost-effective. Longitudinal data provide a
more accurate account of patients” health history over time, facilitate the study of temporal
associations and patterns [3], and enhance prediction model performance [4]. Unlike
classical statistical methods, machine learning techniques are ideal for harnessing the
potential of EHRs for clinical predictions due to their ability to handle numerous variables
with non-linear relationships [5] and challenges associated with EHRs like missing values,
heterogeneity, and temporal sparsity.

Healthcare workers usually prefer transparent models over “black-box” ones, seek-
ing clarity in informed decision-making [6]. While machine learning-based models lack
natural explainability, recent approaches aim to identify feature contribution to the out-
come [7], improving interpretability [6]: attention mechanisms [8-10], gradient-based
methods [11], and model-agnostic techniques (i.e., LIME [12], SHAP [13]). These con-
tributions can be calculated in different ways (e.g., feature or time dimension) to obtain
more complete information [14-16]. Attention mechanisms can also potentially enhance
model performance [17]. Some machine learning techniques can analyse EHRs with at-
tention mechanisms to support decision-making [5], most being based on sequential deep
learning architectures [14,16,18-20]. Benchmarking studies usually assess only discrim-
inability [14,21,22], but attention weights’ clinical relevance also requires scrutiny, ensuring
meaningful explanations align with clinical insights. As noted in a previous systematic
review [18], there is a lack of guidelines in how to run benchmarking studies on prediction
models in healthcare, hampering comparability between models, especially considering in-
terpretability. Recently developed reporting guidelines for prediction models in healthcare
with Al such as TRIPOD-AI [23] do not define how to perform these comparisons either.

In this study, several attention-based deep learning architectures handling longitudinal
EHR data were designed with increasing degrees of complexity and compared, aiming
to test whether improved discriminability necessarily implies improved interpretability.
To do so, we designed multiple architectures with attention mechanisms at different levels
and analysed their impact not only in terms of discriminability but also in the distribution
of attention weights. The evaluation was performed on all-cause mortality with real-
world EHRs.

2. Related Work

Sequential models like recurrent neural networks (RNNs) handle longitudinal data,
assuming registers are evenly time-spaced [5]. However, real-world EHRs could be irregular.
Some methods like RETAIN include an extra feature indicating time intervals between vis-
its [16,24,25]. Others aggregate data within time windows while maintaining certain temporal
evolution. For instance, Patient2Vec requires a consistent number of time periods across
patients [14], unlike ZiMM [19]. Training on batches of patients with equal visit counts [26,27]
as well as zero padding and masking are also common. A systematic review up to 2022 found
that models using longitudinal EHR data usually involved less than three hidden layers [18].
While 61.7% used architectures based on RNNs only, 27.2% used combinations of layers like
convolutional neural networks (CNNs) or graph neural networks (GNNs), with or without
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RNNS [18]. Lately, temporal CNNs (TCNNSs) and transformers have shown similar or better
results than RNNs when working with longitudinal tabular data [28,29].

Attention mechanisms are a component that can be included in deep learning architec-
tures capable of providing an intuition of the contribution of each input to the outcome.
They were first introduced in natural language processing, specifically within sequence-to-
sequence tasks like machine translation [9] and then expanded to other domains. Extended
taxonomy reviews have been presented [30,31]. In healthcare, many studies have included
them, aiming to increase their transparency [18], often in medical imaging, where attention
maps help to locate diseases [32,33], and less often with longitudinal tabular data from
EHRs. In these cases, in addition to transparency, attentional mechanisms also help to
handle long temporal sequences more successfully. Choi et al. (2016) introduced RETAIN,
a model with a parallel attention mechanism for both variable and time dimension predict-
ing heart failure using embedded features rather than the immediate input features [16].
Patient2Vec by Zhang et al. (2018) employed a hierarchical attention mechanism that
learned dedicated weights for the clinical events in each visit and aggregated weights for
the visits to predict the next diagnosis [14]. Similarly, Kabeshova et al. (2020) proposed
ZiMM, combining self-attention with recurrent layers into an encoder—decoder architecture
to predict long-term and blurry relapses [19].

While the role of attention mechanisms in explainability is currently debated [34-36]
due to the lack of a consistent definition of explainability, their contribution to transparency
is not discussed [35]. Sen et al. performed a study to assess how good attention maps were
based on the consensus with human explainability [37], following the recommendations
from Riedl on human-centred artificial intelligence to provide a good explanation such as
one that is plausible [38]. They defined some metrics to measure the consensus, such as the
overlap between humans and attention mechanisms but recognized that the subjectivity of
humans themselves could make it difficult to define these metrics.

3. Materials and Methods
3.1. Proposed Architectures

Figure 1 shows the different approaches that were designed and compared in this work,
starting with an initial recurrent layer-based architecture without attention mechanisms
(Approach 0). Then, in Approach 1, we compared four kinds of attention layers reporting
the contribution of each time period added to the starting architecture. Approach 2,
inspired by RETAIN [16], included a feature domain branch that ran in parallel to that
from Approach 1, providing attention weights for both feature and temporal domains (i.e.,
“domain-specific” attention). Finally, Approach 3, similarly to Patient2Vec [14], considered
a “hierarchical” attention architecture obtaining attention weights for the feature domain in
each time period and an overall attention weight for the time domain. The kind of attention
layer producing the best results in Approach 1 was selected for Approaches 2 and 3, while
comparing different ways of processing inputs. Notation and model equations are included
in Supplementary Materials.
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Figure 1. General scheme of the architectures that were evaluated. Input data processing and output

generation (top and bottom boxes) were common to all the tested architectures. The purple box
represents any of the four approaches shown in the bottom boxes. The shadowed boxes identify
which parts in each approach compared different options. Coloured arrows indicate the input (blue)
and output (red). Notation can be found in the Supplementary Materials.

3.1.1. Input

Each subject’s information is recorded in EHR systems through K dynamic variables,
which can be numeric (Kjm) or categorical (Kegqt), with K = Kyym + Kear; and Ky static
variables. Similarly to [14], we temporally aggregated each of the K dynamic variables
in 1-year time windows (see Section 3.2, Figure S1) to partially compact the information
on the time axis. Then, we implemented a two-level masking process. The first one
addressed temporal inconsistency between subjects, ensuring that all subjects had the same
length in the temporal axis, while the second addressed the missingness in the original
K and K; features, per patient and year (see Figure 1 and Supplementary Materials for
further information).

3.1.2. Baseline Architecture Without Attention (Approach 0)

This baseline approach was based on a single bidirectional RNN (BiRL) and did
not include an attention mechanism. Its complete formulation and that of the following
architectures can be found in Supplementary Materials.

3.1.3. Basic Architecture with Time Attention (Approach 1)

Based on the baseline architecture in Section 3.1.2, an attention layer was included after
the BiRL to provide the contribution of each time period f to the outcome through an atten-
tion weights vector, xr € RT. We compared four kinds of attention layers, as formulated in
Equations (1) [19], (2) [39], (3), and (4).

ar =sf(w{ Hr +by); cr = Hrar (1)
ar = sf(w{ tanh(H7)); c¢r = tanh(Hrar) 2)
wr =sf(w{ Hr +by); cr = tanh(Hrar) (3)

ar = sf(w{ tanh(H7)); c¢r = Hrar 4)
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sf denotes the well-known softmax normalization function, and tanh is the hyperbolic
tangent. As detailed in Supplementary Materials, in Equations (1) to (4), matrix Hy €
R2UXT where U is the number of neurons of the BiRL, contains the BiRL output sequence
(forward and backward), and vector ¢y € R?Y is the so-called context vector needed
for output prediction. Finally, vectors w; € R?Y and b; € RT are learned during the

training process.

3.1.4. Architecture with Domain-Specific Attention (Approach 2)

This domain-specific architecture incorporated a new branch focused on the feature
domain that provided attention weights for each feature through vector ay, in parallel to
those weights for the time domain, a7. Figure 2 shows the set of input feature processing
methods that were compared, and a subsection is devoted in Supplementary Materials
for each.
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Figure 2. Options for processing the feature domain in the domain-specific and hierarchical attention
approaches (Approaches 2 and 3, respectively). The blue arrow indicates the input to each block,
as in Figure 1. FC: dense, fully connected; RL: recurrent layer; DCNN: down-sampling convolutional

neural network; DUCNN: down—up-sampling convolutional neural network.

3.1.5. Architecture with Hierarchical Attention (Approach 3)

This last architecture aimed to provide the contribution of each feature k in each time
period t to the outcome prediction, as well as an overall contribution for each t. For this
purpose, a hierarchical attention approach was implemented. First, we applied one of
the previous feature processing methods (see Section 3.1.4, Figure 2) per time period.
The resulting processed vectors in each time period were then concatenated and passed
as input to the time-domain block with the same architecture as in Section 3.1.3. As in
the previous approach, all the feature processing methods were compared. The complete
formulation can be found in Supplementary Materials.

3.2. Evaluation
3.2.1. Study Design, Participants, and Data Source

Data were drawn from SIDIAP, a primary care EHR database from Catalonia
(Spain) [40]. SIDIAP includes data on demographics, visits to primary care, diagnoses,
laboratory and clinical measurements, and drugs, among others.

A dynamic cohort was drawn between 1 January 2010 and 31 December 2019, includ-
ing participants either aged >65 at baseline or throughout the study. They were followed
until death or transfer out of the catchment area. Individuals with no available data,
no visits to the General Practitioner (GP) during the study period, or aged 100 years or
older in 2010 were excluded. From this sample, a random subsample of 500,000 individ-



Appl. Sci. 2025, 15, 146

6 of 14

uals was selected (Figure 52). Among these participants, 280,330 (56.1%) were female,
the initial age was 71.9 &+ 7.7 (mean =+ standard deviation), and 24.2% died within one
year. A more detailed description of the population and the outcome can be found in
Supplementary Materials.

The outcome was all-cause mortality at one year. Around 250 features (see Table 1)
were extracted from the EHR and aggregated on an annual basis using the mean, if quanti-
tative, or the mode, if qualitative. This left a mean of 7 records (years) (standard deviation:
3.15) per person. The annual aggregation was chosen over a more granular method be-
cause the data source was primary care. Visiting the GP several times in a single year is
uncommon, especially in younger people, so greater temporal granularity would have
increased the number of missing values. The complete list of variables can be found in [41].
Missingness was addressed in this work through masking. Further details can be found in
Supplementary Materials.

Table 1. Summary of the clinical variables that were extracted from the EHR per data domain. The
complete list can be found on our Github [41].

Clinic Domain Number of Features
Hospital admissions 9
Clinical measurements 50
(e.g., questionnaires, BMI)

Primary care diagnosis, as in [42] 64
Drugs

Sociodemographics 4
Smoking habits

Visits to primary care 8
Laboratory results 67
Frailty deficits, as in [43] 37

3.2.2. Model Development and Discriminability Evaluation

A 5-fold cross-validation was used to evaluate the performance of each architecture,
calculating the following metrics on the validation set: recall, precision, Cohen’s Kappa,
area under the ROC curve (ROC-AUC), and the precision-recall curve (PR-AUC). Mean and
standard error were calculated among the 5 repetitions. As there is currently no accepted
quantitative metric for measuring the clinical plausibility of attention maps, a family doctor
(CV) on the team assessed it, following Riedl’s definition of a good explanation [38].

The model was developed with Tensorflow in Python 3.9. To prevent overfitting,
training stopped if the ROC-AUC did not improve more than 0.001 after 10 epochs, and the
best weights were restored. Batch normalisation and a rate of 0.1 recurrent dropout were
also included. The learning rate was reduced by 0.1 if the ROC-AUC did not change
after 5 epochs. Batch size was set to 32, and the maximum number of epochs was 25.
The optimizer was Adam [44], with an initial learning rate of 0.001. The number of neurons
U was consistent in all the architectures and set to 128. The recurrent layer was a GRU
in all cases. The kernel size was 5 for all the convolutional layers. While in Approach 1,
four different kinds of attention layers were compared, only the best attention layer in that
approach was used for Approaches 2 and 3.
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4. Results
4.1. Discriminability Analysis

Table 2 shows the discriminability metrics of all the architectures. In Approaches 0
and 1, overall, discriminability was high, with notable recall (i.e., true positives), precision,
and Cohen’s Kappa (i.e., balance true positives and negatives), even though including
the attention layer (Approach 1) led to varying degrees of decrease in all metrics except
recall. The attention layer in (2) was chosen for further experiments due to its slightly
higher PR-AUC and minimal decrease in metrics (0.98%) compared to (1) and Approach 0,
respectively.

Table 2. Mean value (standard deviation) of the metrics of the different architectures. Approaches 0,
1,2, and 3 correspond to the architectures proposed in Sections 3.1.2-3.1.5, respectively.

Architecture Cohen’s Kappa  PR-AUC Precision Recall ROC-AUC
Approach 0—Without attention 0.81 (0.003) 0.77 (0.003) 0.88 (0.004) 0.82(0.003) 0.89 (0.001)
Approach 1—Time attention

Linear Reg. + no final Tanh (1) 0.79 (0.003) 0.75(0.004) 0.87 (0.003) 0.82(0.002) 0.89 (0.001)

No linear Reg. + final Tanh (2) 0.79 (0.003) 0.76 (0.004) 0.87 (0.003) 0.82(0.002) 0.89 (0.002)

Linear Reg. + final Tanh (3) 0.5(0.3) 0.53(0.2) 0.58 (0.3) 0.87 (0.05)  0.79 (0.09)

No linear Reg. + no final Tanh (4) 0.6 (0.3) 0.6 (0.2) 0.68 (0.3) 0.85(0.05)  0.82(0.09)
Approach 2—Domain-specific attention

None 0.7 (0.2) 0.68 (0.2) 0.78 (0.2) 0.83(0.04)  0.85(0.07)

Dense 0.7 (0.2) 0.68 (0.2) 0.78 (0.2) 0.83(0.04)  0.85(0.07)

GRU 0.7 (0.2) 0.69 (0.2) 0.79 (0.2) 0.83(0.04)  0.86 (0.08)

Down-sampling CNN 0.7 (0.2) 068(02) 0.78(02) 0.83(0.04) 0.85(0.07)

Down-Up CNN 0.6 (0.3) 061(02)  0.69(0.3) 0.85(0.05 0.82(0.09)

Approach 3—Hierarchical attention
None 0.8 (0.03) 035(0.02) 039 (0.01) 075(02)  0.69 (0.04)
Dense  0.45 (0.09) 045(0.05) 057(0.1)  066(0.1) 074 (0.01)

GRU 0.61(0.3) 061(0.2) 0.69(0.3) 0.85(0.04)  0.82(0.1)
Down-sampling CNN 0.69 (0.2) 067(02)  077(02) 0.83(0.05 0.85(0.07)
Down-Up CNN 0.61(0.3) 061(02)  0.69(0.3) 0.85(0.05  0.83(0.09)

Considering the different feature-domain processing methods in Approach 2
(Section 3.1.4), the simplest ones (Dense, GRU, and CNN down-sampling) showed similar,
best results. On the other hand, the down—up CNN performed worse in true negatives,
with higher recall but lower Cohen’s Kappa and precision. The architecture with the best
discriminability, i.e., the one processing the features using a GRU, showed a 6.39% decrease
in discriminability (averaging the changes in all the metrics) compared to the best from
Approach 1, mainly due to decreased performance in predicting true negatives (1-year
survival), e.g., the precision decreased by 10.34%.

Approach 3 (Section 3.1.5), employing hierarchical attention, compared the feature-
domain processing methods again. The down-sampling CNN proved best in terms of
discriminability, though slightly lower than the best of Approach 2 (by 1.60%), Approach 1
(7.85%), and baseline Approach 0 (8.72%). As in Approach 2, the drop in discriminability
affected only the detection of true negatives, while recall was maintained or even increased.
Using a single FC layer for feature processing decreased model discriminability, likely due
to class imbalance and more complex processing methods’ ability to predict the outcome
of interest.

4.2. Attention Maps’ Analysis

While in Approach 0, no attention maps could be extracted, they were available in the
rest of the approaches (in Approach 1, exclusively in the time domain). Figure 3 shows
each time period’s contribution to the outcome across approaches. Simpler input feature
processing methods (i.e., only time attention, or those with none or FC layers in Approaches
2 and 3) assigned similar attention weights to all time periods, while those with higher
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complexity (e.g., CNN, GRU) managed to distribute them, assigning higher weights to
those closer to the prediction time. This aligns more with clinical plausibility, especially in
older, frail patients, where death often follows abrupt changes.

Attention weights for the time domain

Time - NoLinReg + Tanh

Time - NoLinReg + NoTanh

=
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Figure 3. Attention maps on the time domain for all the architectures, by approach. The higher the
number on the x-axis, the closer to the moment when the prediction was performed. The attention
weights shown here are the results of averaging the attention weights of every patient on the test set.

Figures 4 and 5 show each feature’s contribution to the outcome, calculated by domain-
specific (Approach 2) and hierarchical attention (Approach 3) methods, respectively. While
domain-specific attention offers an overall attention per feature, hierarchical attention
provides feature contributions per time period. This last approach, giving different weights
to each type of event and different weights to each event in different periods, closely
mirrors actual clinical reasoning during patient assessment, generating more informative
and realistic attention maps than Approach 2.
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Figure 4. Attention weights on the feature domain for the domain-specific attention architectures
(Approach 2). The attention weights shown here are the results of averaging the attention weights of
every patient on the test set. The description of each feature can be found on our GitHub [41].

Similarly, simpler input feature processing methods (e.g., FC layer) failed to distribute
attention weights among features in both approaches, assigning low weights uniformly.
On the other hand, GRU, down-sampling CNN, and down—up CNN achieved a better
distribution among features. In Approach 3, the down-sampling CNN failed to distribute
attention weights amongst time periods, lacking clinical plausibility, while the GRU or
a down—up CNN achieved it in both time and feature domains. However, the GRU’s
feature processing yielded clinically more plausible attention weights compared to the
down—-up CNN, prioritizing chronic diagnoses (Y_NDiag), frailty deficits (Y_Frag_Score),
and hospital admissions (Admissions_N).



Appl. Sci. 2025, 15, 146

10 of 14

Attention weights for the feature domain
Hierarchical attention

None

Attention weight
o 0065

0 0060

0.0055

_ I o

aQ RO A'D &S S &
Q}O* »\oe \o\/\ &7 A"}O /‘;@e & /aé 7
o N o ¥
S & Q7 o WV
[ [e) O\\Q (}\(\\ \,\v\\o/
Dense
Attention weight Attention weight
75 I 0.0065 l 0.100
@ 0.0060 0.075
g 50
0.0055 0.050
O °f & LK R F & &0
& O (@ & <O
e @@ @(‘ @(‘ K2 T FF
ROGFCERS RO S 7
o O\\(\ Q\\o (}‘Q (\0/ (j 4@4&& ,§%/V®
& & o'\‘(\\ c}\é\°f&g/ ~

o &

\g% o

SIS

& @

Down CNN Down-Up CNN

Attention weight

l 0.06

0.04

I 0.02

Attention weight
I 0.16

0.12

0.08

I 0.04

Figure 5. Attention maps on the feature domain for the hierarchical attention architectures (Ap-
proach 3). The attention weights shown here are the results of averaging the attention weights of
every patient on the test set. The description of each feature can be found on our GitHub [41].

Comparing the top 10 features with the highest attention weights between domain-
specific (Approach 2) and hierarchical (Approach 3) attention, there was 0% overlap using
the FC layer, 70% with the GRU, 20% with the down-sampling CNN, and 30% with the
down—up CNN. Thus, GRU-based feature processing exhibited more consistent attention
weight distribution across approaches compared to other methods.

5. Conclusions

We designed a range of attention-based architectures that could handle longitudinal
data from EHRs and compared the discriminability and the clinical plausibility of the
resulting attention maps. Each approach increased in complexity to accommodate more
specific and informative attention mechanisms. The simplest model (time attention) could
inform only the contribution of the time periods, serving as the basis for others that
could also tell which clinical input features had the highest contribution (domain-specific
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attention), and finally, to one that was able to give the contribution of each feature at each
time point (hierarchical attention).

The baseline model without attention performed the best in terms of discriminability,
slightly decreasing the average performance from 0.98% to 8.7% as the architecture accom-
modated more informative attention mechanisms. Architectures from Approach 3 were the
most informative as they could give the attention weights in two different domains (time
and feature) simultaneously. Amongst the feature processing methods in this approach,
the attention weights provided by the GRU were the most clinically plausible. In addition,
this feature processing method achieved the most consistent results between approaches in
terms of top-contributing features.

Some limitations should be considered. First, hyperparameter tuning was not per-
formed and that could have modified discriminability. However, the same hyperparameters
were used for all the combinations to achieve a fair comparison. Moreover, primary care
EHRs contain a detailed and comprehensive picture of patients but lack information from
other areas. Older patients might be reallocated to other healthcare facilities like nurs-
ing homes, partially losing their follow-up. Incorporating variables from other sources
could have improved both discriminability and clinical plausibility. Finally, the evaluated
architectures were complex and parameter-heavy and could have benefited from richer
data distributions. Future work includes comparing these results with those obtained by
other models like transformers and exploring the generalisability of these results to EHRs
from different origins, other sizes of observation windows, and other prediction tasks. In
addition, it should be noted that determining an “adequate overall performance” threshold
from a single study may be difficult, as each healthcare application may need to optimize
particular metrics over others. To define it, future work should consider performing this
study in different use cases and consulting clinicians to establish criteria, perhaps through
focus groups, on the determination of this threshold for acceptable discriminability, taking
into account the loss or gain of interpretability of the model.

In conclusion, models handling longitudinal EHR data using simpler architectures
achieved slightly better discriminability than those including more complex attention mech-
anisms for enhancing transparency. As Lipton noted, transparency may be at odds with
predictive power [45] and thus the choice of the architecture should align with transparency
requirements. In healthcare, prioritizing higher transparency and clinically plausible at-
tention weights may justify choosing a model with a minor decrease in discriminability,
provided overall performance remains adequate. Once considering including attention
mechanisms, optimal combinations for domain-specific and hierarchical attention archi-
tectures were similar, utilizing either GRU or down-sampling CNN for feature processing.
Hierarchical attention architectures, capable of highlighting clinical and temporal contribu-
tions, may be preferred for more informed decision-making when handling longitudinal
EHR data.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/app15010146/s1, Figure S1: From the original source data to
the input data matrix; Figure S2: Flow chart of the study population; Table S1: Description of the
study population.
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