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Abstract
Clinical time series data are critical for patient
monitoring and predictive modeling. These
time series are typically multivariate and of-
ten comprise hundreds of heterogeneous fea-
tures from different data sources. The group-
ing of features based on similarity and rele-
vance to the prediction task has been shown to
enhance the performance of deep learning ar-
chitectures. However, defining these groups a
priori using only semantic knowledge is chal-
lenging, even for domain experts. To ad-
dress this, we propose a novel method that
learns feature groups by clustering weights
of feature-wise embedding layers. This ap-
proach seamlessly integrates into standard su-
pervised training and discovers the groups that
directly improve downstream performance on
clinically relevant tasks. We demonstrate that
our method outperforms static clustering ap-
proaches on synthetic data and achieves perfor-
mance comparable to expert-defined groups on
real-world medical data. Moreover, the learned
feature groups are clinically interpretable, en-
abling data-driven discovery of task-relevant re-
lationships between variables.

Keywords: Deep Learning, Healthcare, Time
Series, Feature Groups, Clustering.

Data and Code Availability We use the MIMIC-
III (Johnson et al., 2016) and HiRID datasets (Fal-
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tys et al., 2021), which are freely accessible via
the physionet.org platform. We share our code at
github.com/ratschlab/feature-group-discovery.

Institutional Review Board (IRB) This re-
search does not require IRB approval.

1. Introduction

In medical research, considering variables through
predefined semantic groups rather than individually
often helps to reduce data heterogeneity and capture
the interactions between features (Kelly and Semsar-
ian, 2009; Meira et al., 2001). This approach is es-
pecially relevant for Electronic Health Record (EHR)
data, which consists of multivariate time series that
describe complex and dynamic patient trajectories.
Previous research (Kuznetsova et al., 2023) has shown
that grouping EHR variables by their measurement
type (vitals, labs, treatments) and organ systems
helps improve downstream performance and explain-
ability of deep learning models.

However, when the time series contains dozens or
even hundreds of variables, manually defining feature
groups that are medically meaningful and improve
model performance becomes a challenge even for
medical professionals. To address this challenge, we
propose a novel algorithm that learns feature groups
in a data-driven manner to directly improve model
performance during supervised training. Specifically,
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Figure 1: The proposed step-wise embedding model with learned feature groups. Filled and non-filled boxes
represent vectors and learnable functions, respectively.

we focus on the global feature groups (the same across
all patients and time points) (Chormunge and Jena,
2018). These, unlike the sample-wise groups (Ma-
soomi et al., 2020a), are specific to each task and
dataset.

We build directly on previous work that has
improved deep learning architectures on EHR
data (Tomašev et al., 2019, 2021; Yèche et al., 2021;
Kuznetsova et al., 2023) and tabular data (Gorishniy
et al., 2022, 2023). Specifically, we use an expressive
step-wise embedding approach that has shown excel-
lent performance on tabular and time series data by
encoding features with neural networks before apply-
ing a backbone model. This approach can also be
naturally extended to embed features by groups that
are defined a priori by domain experts, further im-
proving the performance on EHR data (Kuznetsova
et al., 2023). It is based on learning embeddings
first for each feature, then for each group, combining
group embeddings, and passing them to the sequence
model.

We further improve this approach by enabling the
model to learn global feature groups during nor-
mal supervised training (see Figure 1). Specifi-
cally, we characterize each feature by the corre-
sponding feature-wise embedding weights of the step-
wise embedding model and cluster them using a
centroid-based algorithm. The feature-wise embed-
ding weights are consistent across samples and time
steps, guaranteeing that they encode global informa-
tion about the variables. The weights are updated
through gradient descent, which means that the clus-
tering can be seamlessly integrated into the normal
training loop. To the best of our knowledge, this is
the first work to consider and demonstrate the im-

pact of globally learned feature groups on prediction
performance for EHR data.

Contributions (1) We propose a novel method for
learning feature groups in time series data by clus-
tering weights of feature-wise embeddings. (2) We
show that our method recovers ground-truth feature
groups on synthetic data and matches the perfor-
mance of state-of-the-art models on real Intensive
Care Unit (ICU) data without relying on predefined
feature groups. (3) We demonstrate that the learned
feature groups are novel and interpretable by med-
ical experts, enabling data-driven discovery of task-
relevant relationships between clinical variables.

2. Method

We consider a supervised learning problem: given a
time series x, the task is to predict a label y. The
time series is represented by a uniform grid: x =
(x1, . . . , xT ), where T is the length of the series.1

The step-wise embedding model (see Figure 1) con-
sists of three blocks: the feature embedding model,
the group embedding model, and the sequence model
(Kuznetsova et al., 2023). The feature embedding
model transforms an input time step xt using a
feature-specific linear layer with weightsW f followed
by a more expressive nonlinear function ψ:

ht = ψ
(
{W fxt,f}Ff=1

)
, (1)

Here, F is the number of features. The group em-
bedding model then splits the feature embeddings ht

1. Notation is provided in Appendix A.
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into K groups, processes them separately, and aggre-
gates them back together into an embedding gt (see
Section 2.1). That embedding is then passed on to
the sequence model, which makes the final predic-
tion ŷ. The model is trained back-to-back using a
supervised loss and, in the case of learned groups, a
regularization term (see Section 2.3).

The feature groups are defined by a binary mem-
bership matrix M ∈ {0, 1}F×K , where Mf,k = 1 if
the feature f belongs to the group k, and Mf,k = 0
otherwise. Although these matrices can be given a
priori, we instead propose learning them by cluster-
ing the feature-wise embedding weights W f (see Sec-
tion 2.2).

2.1. Group Embedding

Before describing the group embedding model, we for-
mally define feature groups. A feature group k is a set
of feature indices Gk ⊂ {1, . . . , F}. In practice, it is
convenient to represent groups using the membership
matrix introduced above: Mk = {1(f ∈ Gk)}Ff=1.
Each feature must belong to at least one group:
∀f ∃k : Mf,k = 1. Following Kuznetsova et al.
(2023), we initially require each feature to belong to
exactly one group: ∀f ∃! k : Mf,k = 1. For now, we
assume that feature groups are given a priori.

We now introduce the group embedding model.
First, a split function S partitions the feature embed-
dings ht into K matrices Mkht, each corresponding
to a group. Then a group-specific embedding function
ϕk independently processed each group (it can be pa-
rameterized, for example, by a small Transformer).
Finally, an aggregation function A combines the re-
sulting group embeddings ϕk (Mkht) into a single
step-wise embedding gt. The aggregation function
can be implemented as a concatenation, mean, or
attention-pooling, with the choice treated as a hy-
perparameter.

The complete group embedding procedure is given
by:

h′
t,k = S(ht), split into groups;

g′
t,k = ϕk

(
h′t,k

)
, embed the groups;

gt = A
(
g′t,k
)
, aggregate the groups.

(2)

The sketch of the architecture described above is
shown in Figure 2.

2.2. Learned Groups

Hard groups In the previous section, we assume
access to a prior grouping of features. To relax this
assumption, we introduce a feature clustering algo-
rithm that produces the membership matrix M used
by the splitting function S.

To perform the clustering, the algorithm requires
input vectors that characterize each feature. We pro-
pose using the feature-wise embedding weights {W f}
as these vectors.

However, the dimensions of these matrices may
vary between features (e.g., for numerical and one-
hot encoded categorical features), making them un-
suitable for direct comparison (see Section B.1).

To resolve this, we introduce a unification func-
tion U that maps (unifies) these matrices W f =[
w1, . . . ,wCf

,wbias

]
, where Cf is the size of encod-

ing for feature f . Specifically, U combines the weight
columns and concatenates them to the bias column.
The function U can then be written as:

U (W f ) =

[
w⊤

bias, Combine
(
{wi}

Cf

i=1

)⊤]⊤
. (3)

The combination function can sum the weight
columns, take their mean, or ignore them entirely
(producing an empty vector). The choice of this
operation is treated as a hyperparameter (see Ap-
pendix B.2).

Now, we can use any clustering algorithm on the
set of vectors {U(W f )}Ff=1 that characterize the fea-
tures (see Figure 2). The algorithm then outputs the
membership matrices {Mk}Kk=1.

In this work, we consider centroid-based clustering
algorithms: K-means, Fuzzy K-means, and Gaussian
mixture model (GMM ) clustering algorithms (Harti-
gan and Wong, 1979; Bezdek et al., 1984; Dempster
et al., 1977). We focus on these algorithms because
we find that controlling the dynamics of the centroid
µk update is a useful form of regularization (see Sec-
tion 4 for further discussion).

Soft groups In the previous sections, following
Kuznetsova et al. (2023), we assumed a hard cluster-
ing, where each feature belongs to exactly one cluster.
However, in real data, it is natural for a variable to
interact with multiple groups of features and, there-
fore, to belong to multiple clusters. For example, in
a medical setting, variables that describe body fluid
levels can be relevant to both the circulatory and re-
nal systems.
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Figure 2: Learned feature clustering scheme.

To account for this, we relax the hard clustering
assumption by introducing a soft membership model.
Instead of producing an indicator assignment vector
for each feature, the algorithm produces a vector pf

that scores the “probability” of feature f belonging
to each group.

pk
f = P(feature f is assigned to cluster k),

where the score values are normalized but are not re-
quired to sum to one. The cluster membership matrix
is then defined as

Mf,k = 1

(
pk
f

maxl pl
f

> ∆k

)
, (4)

where ∆k ∈ [0, 1) is the threshold on the member-
ship score for assigning a feature to the cluster k.
Here, division of the score vector by its maximum el-
ement prevents the clusters from being empty. Note
that hard clustering is essentially an edge case of soft
clustering when ∆ → 1.
The thresholds ∆k are treated as hyperparameters.

For simplicity, we set them equal to ∆ for all k. We
discuss practical implementation and other options
for the membership function in Appendix B.5.

2.3. Training and Regularization

The resulting model is trained using gradient descent
with an additional update to the clustering (see Al-
gorithm 1). Specifically, every feature f is assigned
to a specific cluster k based on W f . During the
backpropagation phase, the weight matrices {W f}

Algorithm 1: Training learned feature groups

Input: Num. of groups K, reg. coef. λ, EMA coef. α
Initialize: Feature groups {Mk}, centroids {µk}
while training do

for each t do
ht ← Feature embedding(xt) // (1)
gt ← Group embedding (ht, {Mk}) // (2)

end
ŷ ← Sequence model(g)
L ← L(ŷ,y) + λLreg ({µk}, {W f}) // (6)
Gradient step
{Mk} ← Clustering{µk} ({U(W f )}) // (3)

if {Mk} was updated then
µk ← EMAα(µk,µ

′
k) // (7)

{Mk} ← Clustering{µk} ({U(W f )}) // (3)

end

end

are updated based on the loss gradient. The fea-
ture clustering can then be periodically recomputed
independently of the backpropagation. For example,
every P iterations, where P is a hyperparameter. For
simplicity, we set P = 1.
Since {W f} are updated during training, clusters

could fail to form if weight matrices change much
from one epoch to another. To promote the forma-
tion of clusters within the latent feature space and
improve training stability, we introduce a regulariza-
tion loss term Lreg. Denoting cluster centroids (or
means in the GMM case) {µk}Kk=1:

Lreg

(
{U(W f )}Ff=1

)
=

1
K

∑K
k=1 Lintra

k

1
K

∑K
k=1 Linter

k

, (5)

Here Linter is an intercluster loss and Lintra is an in-
tracluster loss defined as

Lintra
k =

∑
i∈Gk

∥U(W i)−µk∥, Linter
k =

K∑
k′=1

∥µk−µk′∥.

The former is responsible for decreasing the distances
between features within the assigned cluster (“tight-
ening” the clusters). The latter is responsible for
increasing the distances between different clusters
(“pushing” them apart).

This regularization term is important for ensuring
the establishment of a robust clustering structure, es-
pecially in the early stages of training. Note that the
gradient is only taken with respect to W f , so this
function is indeed differentiable and only affects the
feature embedding function defined in Equation (1).

4



Data-Driven Discovery of Feature Groups in Clinical Time Series

F
ea

tu
re

s

Figure 3: Synthetic data labeling procedure. Fea-
ture values are sampled from Gaussian Pro-
cesses with various parameters.

The final loss then takes the form

L = L(y, ŷ) + λLreg

(
{µk}Kk=1, {W f}Ff=1

)
, (6)

where L(y, ŷ) is the supervision loss and λ ∈ [0, 1)
is the weight of the clustering loss. Combining su-
pervised task objective and feature group learning
enables grouping of features based on their mutual
relationships and relevance to the task label.
To further improve training stability, we modify

the update of µ to take into account the previous
centroid position by calculating an expected moving
average (EMA). This provides an additional degree
of control over the dynamics of centroid movement.
Specifically, for K-means algorithms, given the cen-

troids from the previous iteration µk and the newly
calculated centroids µ′

k, the update is

µk = αµk + (1− α)µ′
k, (7)

where α ∈ [0, 1) is the decay parameter.
Similarly, for GMMs we can compute an “EMA”

between the Gaussian distributions using moment
matching (see Appendix B.4 for a discussion),

µk = αµk + (1− α)µ′
k,

Σk = αΣk + (1− α)Σ′
k+

+ α(1− α)(µk − µ′
k)× (µk − µ′

k)
T .

(8)

3. Experiments

3.1. Synthetic Data

3.1.1. Setup

First, we study the performance of our method on a
synthetic dataset. While on real data, the target un-

Table 1: Clustering quality on synthetic data. Means
and standard deviations are computed over
5 runs. Best non-oracle performance is high-
lighted in bold. Dynamic clustering outper-
forms static clustering, which fails to learn
ground-truth labels.

Algorithm / Input ARI (↑) NMI (↑) Silhouette

Reference models
Random -0.00 ± 0.57 0.40 ± 0.37 -0.001 ± 0.002
Oracle 1.00 ± 0.00 1.00 ± 0.00 -0.003 ± 0.000

Static K-means
Dflat -0.24 ± 0.10 0.38 ± 0.05 0.002 ± 0.003
Dtime mean -0.14 ± 0.20 0.39 ± 0.11 0.004 ± 0.005
Dsample mean -0.03 ± 0.06 0.43 ± 0.04 0.110 ± 0.060
Dfull mean 0.04 ± 0.06 0.49 ± 0.05 -0.001 ± 0.002

Dynamic K-means
D 0.23 ± 0.51 0.59 ± 0.29 -0.001 ± 0.002

derlying feature groups are not known, we design the
synthetic dataset where the true grouping is fixed.
The dataset is simple, enabling comparison to usual
clustering methods that use simple aggregated infor-
mation to characterize the features.

To study the difference between these data repre-
sentations, we use the same clustering algorithm for
all settings. For simplicity, we choose K-means as
other clustering methods can be seen as its general-
ization.

We generate a synthetic multivariate time se-
ries dataset with 6 features of length 20, where
the feature values are sampled from Gaussian pro-
cesses (GP) with individual parameters (see Fig-
ure 3). We define the ground-truth feature groups
{{1, 2}, {3, 4}, {5, 6}}. Using these groups, we assign
a binary label to each time series as follows. First,
we sum the values of the feature products of 1, 2
and 3, 4 over all time steps. Then we calculate the
indicator function to determine whether the aggre-
gated values are greater than the thresholds κ1,2 and
κ3,4. The thresholds are chosen as medians of the
respective sums over the dataset. Finally, the two
indicators are combined into a single label y via a
logical “and” operation. The features 5 and 6 form
a group, as they both do not correlate with the label
(see Appendix C.2 for further details).

Classical clustering algorithms require an input
vector that characterizes the features and their rela-
tionship to the sample label y. Therefore, the input
dataset D must be converted to a suitable format. We

5
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construct the new dataset as a concatenation of the
label values y with a vector representing the feature
values. For the latter, we consider the following op-
tions: (1) concatenation of all feature values across all
samples i and time steps t (Dflat); (2) concatenation
of the feature values averaged over time (Dtime mean);
(3) concatenation of the feature values averaged over
the samples (Dsample mean); (4) concatenation of the
feature values averaged over both samples and time
(Dfull mean). The formal definitions of these transfor-
mations are provided in Appendix C.2.

A more sophisticated approach would involve train-
ing a sequence model to capture the interaction be-
tween features and the target label. This is precisely
what our proposed algorithm does, without requiring
any modification of the input dataset D.

We compare the ability of this static approach and
our proposed dynamic algorithm to recover the target
feature groups. For reference, we also report results
for random clustering and an oracle.

Performance is evaluated using the Adjusted Rand
Index (ARI), Normalized Mutual Information (NMI),
and the silhouette score. ARI and NMI are metrics
that measure how close the learned clustering is to
the true feature groups (Luecken et al., 2022; Hassan
et al., 2021). They are in range [-1,1] and [0,1] respec-
tively, with higher values indicating higher similarity.
ARI measures how many permutations it would take
to transform one into another. NMI represents the
mutual information between true and predicted clus-
terings. The silhouette score, unlike ARI and NMI,
does not rely on true feature groups. Instead, it mea-
sures how well the clusters are formed in a geometric
sense using distances in the embedding space (see Ap-
pendix C.1 for details).

3.1.2. Results

We present the results in Table 1. We see that the
static K-means fails to recover the feature groups for
all data representations, performing no better, and
often worse, than random clustering. In contrast, dy-
namic K-means can recover the correct feature groups
for at least some initializations.

We also notice that the silhouette score for the or-
acle is lower than for the random clustering and most
static K-means assignments. This indicates that op-
timizing an internal clustering metric, such as the
silhouette score, does not necessarily correspond to
recovering the true feature groups. This finding high-
lights the importance of using a downstream metric

that ensures that the learned groups actually benefit
the target application.

3.2. Medical Data

3.2.1. Setup

Next, we evaluate our method’s ability to improve
downstream performance on real-world data. We
consider two widely used Intensive Care Unit (ICU)
datasets: HiRID (Faltys et al., 2021) and MIMIC-III
(Johnson et al., 2016). We follow the pre-processing
and labeling protocol introduced by Yèche et al.
(2021) and subsequently adopted by Yèche et al.
(2024); Kuznetsova et al. (2023). The technical de-
tails and the full training setup are provided in Ap-
pendix C.3.2.

We consider mortality and circulatory failure pre-
diction on HiRID, and mortality and decompensa-
tion prediction on MIMIC-III. Mortality prediction
(Mort) is an offline binary classification task: given
a time series, the model predicts whether the pa-
tient will survive at the end of their stay. Circula-
tory failure (Circ) and decompensation (Decomp) are
early event prediction tasks (online binary classifica-
tion): at each time step, the model predicts whether
an event will occur in the next few hours (see Ap-
pendix C.3.1 for more details).

Given the strong class imbalance across all tasks,
we evaluate performance using the Area Under the
Precision-Recall Curve (AUPRC). We also report the
Area Under the Receiver Operator Curve (AUROC),
although it has been shown to tend to saturate in this
setting (Saito and Rehmsmeier, 2015), so we priori-
tize AUPRC (see Appendix C.1 for more details).

We compare models that learn feature groups with
models that use groups defined a priori. Following
Kuznetsova et al. (2023), previous groups are defined
based on (1) measurement type (e.g., vital signs, lab-
oratory tests) and (2) the organ system to which
the variables belong (e.g., circulatory, nervous). We
also report reference results for models that do not
use any feature grouping, with numbers taken di-
rectly from Kuznetsova et al. (2023), where the FT-
Transformer (Gorishniy et al., 2023) is used as the
base architecture. Specific assignments are listed in
Appendix C.3.5.

3.2.2. Results

Downstream performance The results of dif-
ferent clustering algorithms along with models us-
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Table 2: Performance benchmark for different grouping schemes (AUPRC ↑) on online and offline
classification tasks using ICU datasets. Mean and standard deviation are reported over three
training runs with different random seeds. Best results are highlighted in bold. Reference results
for prior groups (Prior) and models without feature grouping (None) are taken from Kuznetsova
et al. (2023). Learned groupings perform comparably to expert-defined ones.

Feature Grouping HIRID MIMIC-III

Type Membership Algorithm Circ Mort Decomp Mort

None – – 0.388 ± 0.006 0.605 ± 0.006 0.387 ± 0.003 0.512 ± 0.008
Prior Hard Type 0.402 ± 0.004 0.627 ± 0.019 0.380 ± 0.004 0.521 ± 0.001
Prior Hard Organ 0.406 ± 0.004 0.623 ± 0.012 0.374 ± 0.001 0.526 ± 0.006

Learned Hard K-means 0.393 ± 0.006 0.631 ± 0.009 0.381 ± 0.002 0.525 ± 0.006
Learned Hard Fuzzy K-means 0.382 ± 0.010 0.629 ± 0.012 0.386 ± 0.007 0.523 ± 0.003
Learned Hard GMM 0.399 ± 0.001 0.625 ± 0.006 0.381 ± 0.001 0.519 ± 0.011

Learned Soft Fuzzy K-means 0.395 ± 0.002 0.615 ± 0.001 0.377 ± 0.006 0.521 ± 0.009
Learned Soft GMM 0.403 ± 0.004 0.610 ± 0.022 0.380 ± 0.003 0.520 ± 0.006

ing prior groups (Prior) and models without feature
grouping (None) are reported in Table 2. Our models
generally outperform architectures without grouping
and match the best results achieved by using the prior
grouping in Kuznetsova et al. (2023). Additional re-
sults, including AUROC and p-values, are reported
in Appendix C.3.3.

Interpretation of learned groups The learned
groups, analyzed in detail with the help of a medi-
cal doctor in Appendix C.3.4, are generally clinically
explainable. Models trained on the same task tend
to discover related groups, frequently capturing ei-
ther the baseline state of the patient or specific types
of shock. However, larger clusters sometimes con-
tain heterogeneous sets of variables, which reduces
explainability and suggests that controlling for clus-
ter size may be beneficial. These findings indicate po-
tential for refining expert-defined feature groups by
tailoring them to specific prediction tasks and patient
cohorts.

For the decompensation prediction on MIMIC-III,
we observe that models without grouping outper-
form those with expert-defined groups. Examining
the clustering dynamics during training (Figure 12),
we find that the model learns to assign all features
to a single group. This behavior suggests that the
method can correct a suboptimal initialization, re-
discovering the most suitable grouping strategy (see
Appendix B.6 for further discussion). We discuss
the possible reason behind the no-grouping outper-

forming algorithms with grouping on this task in Ap-
pendix C.3.4.

At the same time, the feature groups discovered in
other tasks are novel. In Figure 4, we visualize the
embedding space of the model trained on HiRID for
mortality prediction using t-SNE (van der Maaten
and Hinton, 2008), coloring the features according
to the learned and expert-defined groupings. The
learned clusters are well-formed, yet distinct from the
expert-defined groups, indicating that the method
uncovers new, task-relevant structures.

Ablations To better understand how the model
hyperparameters affect its performance, we perform
ablation studies and report their results in Ap-
pendix C.3.6. They show that regularization and
EMA improve performance on several tasks. How-
ever, there is no single best choice for the initializa-
tion method, number of clusters, unification function,
or merge function, as the optimal configuration varies
between tasks.

4. Discussion and Limitations

Our method has shown comparable downstream per-
formance to the a priori defined feature groups.
This indicates that the feature groups proposed by
Kuznetsova et al. (2023) are indeed a strong baseline.
However, our method is able to match this baseline
while providing greater flexibility. For example, on
new data or tasks, it could automatically discover
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Figure 4: Embedding space of learned features colored according to learned and prior groupings (K-means,
HiRID mortality). The embedding space is visualized using t-SNE of Euclidean distances between
centroids and features. The model produces novel feature clusters that differ from prior groupings.

feature groups that lead to strong downstream per-
formance, which is not guaranteed for prior group-
ings.

This flexibility comes at the cost of increased com-
plexity in two respects, (1) computational cost and
(2) additional hyperparameters. The computational
cost arises from feature clustering, but since this step
does not require GPU resources, we found that train-
ing times with prior and learned clustering were com-
parable in practice (see Appendix C.3.6). The addi-
tional hyperparameters include the number of clus-
ters, the EMA coefficient, and the type and strength
of regularization. However, given that base archi-
tectures already involve dozens of hyperparameters
and require extensive tuning (Yèche et al., 2021;
Kuznetsova et al., 2023), the additional hyperparam-
eters might not pose a significant limitation in prac-
tice.

In this work, we focused on centroid-based clus-
tering algorithms, which allow additional regulariza-
tion through the EMA of centroids. We did not ex-
plore centroid-less methods such as DBSCAN (Hah-
sler et al., 2019) and Gumbel-Softmax NN-based ap-
proaches (Imrie et al., 2022; Jang et al., 2016). Since
these methods lack centroid regularization, they may
face challenges in dynamic training settings. Simi-
larly, we have not considered updating centroids us-
ing gradients, as this might make the clustering less
stable due to the stochasticity of the gradient descent.
We leave the investigation of these methods to future
work.

Our model currently relies on clustering algorithms
with a fixed number of clusters, specified as a hy-
perparameter. Although in practice models may use
fewer clusters (e.g., K-means for decompensation pre-
diction), automatic discovery of the optimal number

of clusters remains an open direction for future re-
search (we discuss this problem in more depth in
Section B.7 and provide initial results for the Elbow
method in Section C.3.3).

Finally, we have limited the scope of our experi-
ments to in-distribution evaluation. In the real world,
generalization across hospitals is a critical challenge
(Moor et al., 2023; Burger et al., 2024, 2025; Van
De Water et al., 2023). Our model is naturally adapt-
able to such settings and could potentially reveal how
feature groups vary across institutions, thereby pro-
viding insights into distribution shifts.

5. Related Work

ML for ICU Large EHR datasets have enabled
the rapid development of machine learning models for
ICU time series. Harutyunyan et al. (2019); Hyland
et al. (2020); Yèche et al. (2021) formalized clinical
prediction tasks and developed strong tree-based and
deep learning architectures for MIMIC-III and HiRID
datasets. Yèche et al. (2023); Yèche et al. (2024);
Kuznetsova et al. (2023) further improved deep learn-
ing models by modifying the loss function and archi-
tecture. We build directly on this line of research,
adopting the same datasets and task definitions.

Feature embedding in time series Out-of-the-
box deep neural networks often struggle to match the
performance of tree-based architectures on tabular
data. To address this shortcoming, Gorishniy et al.
(2022) proposed various strategies for feature embed-
ding and incorporated them into ResNet (He et al.,
2016) and Transformer (Vaswani et al., 2017) mod-
els. Tomašev et al. (2021, 2019); Kuznetsova et al.
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(2023) adapted these innovations to ICU time series
with various embedding architectures.

Feature grouping Predefined feature groups have
been shown to improve the downstream performance
and explainability of time series models. Kuznetsova
et al. (2023); Tomašev et al. (2019, 2021) employed
expert-defined feature groups to improve downstream
performance on ICU time series data. Swamy et al.
(2024) used predefined feature groups to design an
inherently interpretable neural network. We extend
these ideas by learning feature groups to directly
improve downstream performance while enhancing
model explainability.

Several works have explored data-driven feature
grouping before, but with key differences from our
approach. Masoomi et al. (2020b) considered local
(or instance-wise) feature grouping, while we focus
on global feature groups that could help predictive
modeling for a set clinical task in all patients. Im-
rie et al. (2022) also considered global feature group-
ing, learning feature groups for static data using an
ensemble-based method. Our method is tailored for
time series and learns groups by clustering embedding
weights directly within a deep learning architecture.

In a related context, the same clustering algorithms
have been applied to time series in the context of sam-
ple grouping (Ma et al., 2019), while our focus is on
grouping features. Similarly, interdependencies be-
tween features can be expressed via attention weights
(Ma et al., 2020), while our method produces explicit
and global groups. Finally, feature grouping has also
been used to achieve other goals, such as improving
the computational efficiency of the attention mecha-
nism (Roy et al., 2021; Vyas et al., 2020), tailoring it
to specific downstream tasks (Li et al., 2021), or phe-
notyping patients via tensor decomposition (Becker
et al., 2023).

6. Conclusion

In this work, we introduce a novel method for learn-
ing feature groups in clinical time series by clustering
weights of feature-wise embeddings. Our experiments
show that this dynamic model is capable of recovering
ground-truth feature groups on synthetic data. On
real-world ICU datasets, our method produces novel
feature groups that match the performance of expert-
defined groups. We show that the model produces
interpretable clusters and is capable of rediscover-
ing the best-known groupings. Looking ahead, this

framework could be used to explore feature groups
across tasks and hospitals more broadly, offering valu-
able data-driven insights for building more robust and
explainable models.
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Appendix A. Notation

• Data

– x ∈ RT×
∑F

f=1 Cf — time series

– xt — time step t ∈ {1, . . . , T}
– xt,f — feature f ∈ {1, . . . , F} at time step
t

– y — true label, either y ∈ {0, 1} for binary
classification or y ∈ {0, 1}T for early event
prediction

– ŷ — predicted label

– T — length of the time series

– F — number of features

– Nnum — number of numerical features

– Ncat — number of categorical features

– Cf — size of feature f encoding, equals
to one for numerical and to the number of
classes for categorical features

– D — size of the dataset

• Embedding architecture

– H — token size

– W f ∈ RCf×H — tokenization matrix

– wi — i-th column of W f

– ψ — nonlinear feature embedding function

– K — number of feature groups

– Gk ∈ 2F — set of indices of features be-
longing to the group k ∈ {1, . . . ,K}

– M — feature-group membership matrix;
for hard clustering M ∈ {0, 1}F,K where
Mk,f = 1 iff f ∈ Gi, for soft clustering
M ∈ RF,K

– S — splitting function

– ϕk — group embedding function for group
k

– A — aggregation function

– gt — final embedding

• Learned grouping

– U — function converting feature embedding
matrices W f to the same dimensionality

– µ — centroid or GMM

– Σ — GMM covariance

– Lreg — cluster regularization loss term

– Linter — intercluster loss, “tightens” the
clusters

– Lintra — intracluster loss, “pushes” the
clusters apart

– λ — regularization loss term coefficient

– α — centroid moving decay parameter

– pf ∈ [0, 1]K— cluster membership score
vector for feature f

– ∆ – cluster membership threshold

Appendix B. Method Details

B.1. Categorical and Numerical Features

In the medical time series we consider, each feature
xt,f can be categorical or numerical. The categor-
ical features are considered to be one hot encoded:
xt,f ∈ 1

Cf , where Cf is the number of categories
for feature f . The numerical features are simply
represented by real numbers: xt,f ∈ RCf , Cf = 1.
We denote the number of categorical and numeri-
cal features Ncat and Nnum, respectively. Without
loss of generality, we will assume that numerical fea-
tures are indexed {1, . . . , Ncat}. Then we can write

x ∈ RT×(Nnum+
∑Ncat

f=1 Cf ).
The embedding matrices then have the following

dimensions W f ∈ R(Cf+1)×H (+1 for the bias term).
For numerical features, the dimensions of W f are the
same for any f : the matrix contains two columns for
the weight and the bias term, respectively. For cate-
gorical variables, {W f} has Cf + 1 columns, so the
dimensions can differ for different variables. Because
the dimensions can differ for different features, so we
have to introduce the unification function U .

B.2. Unification Function

In Equation (3) we define the unification function as

U (W f ) =

[
w⊤

bias, Combine
(
{wi}

Cf

i=1

)⊤]⊤
.

Here we more formally define Combine and introduce
abbreviations used in the ablation tables Tables 17,
18, 19, 20 and 21.

Specifically, for numerical features Combine returns
the weight unchanged, while for categorical features
it performs one of the following operations:

• ignore (bias) returning ∅;
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• substitute with zeros (bias ext catzero): 0Cf
;

• sum (bias sum linear):
∑Cf

i=1 wi;

• average (bias avg linear): 1
Cf

∑Cf

i=1 wi.

B.3. Regularization

Denote ui = U(W i). The intracluster loss intro-
duced earlier is then

Lintra
k =

∑
i∈Gk

∥ui − µk∥ =

F∑
i=1

∥Mk,iui − µk∥ .

This form is easy to compute in a vectorized fashion,
so we use it to calculate the loss in practice. We call
this version hard intracluster loss.

We introduce another, more general loss for clus-
ter compactness that we call a soft intracluster loss.
Now, instead of calculating the average over the dis-
tances between each cluster’s centroid and its fea-
tures, we calculate the average over the weighed dis-
tances between cluster centroids and all features.
This is achieved by applying a softmax to the real-
valued membership matrix M . For hard clustering,
M contains raw distances between each centroid and
feature. For soft clustering, M is just the usual real-
valued membership matrix. The loss is then

Lintra
k =

F∑
i=1

∥Softmax [Mk,i]ui − µk∥ .

We consider both regularization variants for all al-
gorithms, with the choice treated as a hyperparame-
ter.

B.4. EMA for GMM

The expected moving average (EMA) allows us to
stabilize the training by making the centroid updates
more conservative. For GMM, a similar operation
would involve computing an “average” between two
Gaussian distributions that should also be Gaussian.
This can be done using several approaches.
First, the resulting distribution can be viewed as

a mixture of experts (Runnalls, 2007; Alspach and
Sorenson, 2003). However, a linear mixture of two
Gaussian distributions is not necessarily Gaussian.
Instead, a new Gaussian distribution can be built
to match the moments of the mixture distribution.
This Gaussian distribution also happens to have a

minimal KL distance to the original mixture distri-
bution among the Gaussian distributions. Its mean
and covariance are

µk = αµk + (1− α)µ′
k,

Σk = αΣk + (1− α)Σ′
k+

+ α(1− α)(µk − µ′
k)× (µk − µ′

k)
T .

Second, the resulting distribution can be viewed as
a (generalized) product of experts (Hinton, 2002; Cao
and Fleet, 2014). In this case, the resulting distribu-
tion is Gaussian with the following parameters

Σ−1
new = αΣ−1

1 + (1− α)Σ−1
2 ,

µnew = Σnew

(
αΣ−1

1 µ1 + (1− α)Σ−1
2 µ2

)
.

Third, from the perspective of optimal transport
theory, the resulting distribution can be viewed as
the Wasserstein barycenter of the original Gaussian
distributions (Agueh and Carlier, 2011; Cuturi and
Doucet, 2014). In the case of Wasserstein-2 distance,
it is also a Gaussian with mean and covariance

µnew = αµ1 + (1− α)µ2,

Σnew =
(
αΣ

1/2
1 + (1− α)Σ

1/2
2

)2
.

For our application, we choose to use moment
matching because it is the fastest and easiest to com-
pute. Future works can investigate whether other
approaches lead to better stabilization of the GMM
components during training.

B.5. Soft Membership Functions

The soft membership function transforms a real-
valued characterization of the cluster membership
(e.g., distances to the centroids for K-means) to a
binary one. Ideally, it should produce clusters that
are (a) not empty and (b) not overly full. Inability
to satisfy these conditions would likely lead to non-
informative feature groups and worse downstream
performance. Furthermore, the function should ex-
pose a parameter to control “softness” of the learned
clusters. Designing such a function for use during
training is not trivial, so we considered multiple op-
tions.

First, we tried simple thresholding with the thresh-
old parameter ∆ controlling the softness.

Mk,f = 1
(
pk
f > ∆

)
.

However, in this case, since the absolute values of the
cluster membership (e.g. distances to centroids) are
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not controlled, a good value of the threshold param-
eter would differ across clusters and training runs.

One way to address this challenge is to select fea-
ture groups based on percentiles instead of thresholds
(i.e., choose the top 5 % features for each cluster).
However, in this case the sizes of the clusters end up
having a fixed size, which constrains the ability of the
model to learn divers groups.

Another way to address this is to softmax the mem-
bership values before applying the threshold

Mk,f = 1
(
Softmaxpl

f > ∆
)
.

In practice, we found it very hard to tune with
∆ ≳ 0.4 producing empty clusters and ∆ ≈ 0.3 pro-
ducing full clusters. This is probably due to the dis-
tances being similar to each other in the early stages
of training.

A different way to control the magnitude of the
membership values is to normalize by the maximum
as Equation (4). We found this approach to be easier
to tune but still suffer from producing overly com-
plete clusters. An additional practical modification
that we apply is to first assign every feature to a
cluster using an argmax like in hard clustering, then
assign every cluster with a feature, and finally apply
the soft membership function. These additional steps
ensure that every feature is assigned and that every
cluster is not empty, resulting in improved stability
and easier hyperparameter search.

B.6. Cluster Initialization

One of the important design questions for clustering
algorithms is their initialization. We consider initial-
ization from k-means++ and expert-defined feature
groups.

k-means++ is a classic algorithm used to select cen-
troids for K-means (Arthur and Vassilvitskii, 2006).
First, one feature is chosen uniformly at random as
a cluster centroid. Then, the next centroid is chosen
randomly among the other features with a probabil-
ity proportional to the inverse square distance to the
closest centroid. This process is continued until all
centroids are chosen. The algorithm was designed for
K-means and is therefore directly applicable in our
case as well. For GMM, first we use k-means++ to
initialize centroids, then we choose the closest cen-
troid to each feature to define the initial groups, and
finally we calculate the Gaussian means and covari-
ance using these groups.

Expert-defined feature groups for ICU data were
proposed by Kuznetsova et al. (2023). In this case,
the expert group features are given directly as in-
put to the model, so we calculate the K-means cen-
troids or GMM means and covariances directly using
these splits. Using expert-defined feature groups al-
ready improves downstream performance, so initial-
izing from them can help discover even better learned
feature groups.

B.7. Adaptive Number of Clusters

As discussed in Section 4 , the number of clusters
that the proposed algorithm uses is technically fixed,
which is a limitation. Note, however, that the al-
gorithm does have some flexibility: it can use fewer
clusters by setting some of them to be empty like in
the MIMIC Decompensation case (see Figure 12).

To choose the best number of clusters we use a
simple hyperparameter search. Other methods that
could be used for that or for adjusting the number of
clusters dynamically include stability-based method
(Lange et al., 2004), the elbow method (Thorndike,
1953), and the Dirichlet processes (Ferguson, 1973).

Stability-based methods would choose the number
of clusters based on the metrics that characterize the
stability of clustering between bootstrapped versions
of the dataset. This does not align with our main
goal of improving the downstream performance of the
underlying predictive model.

The elbow method could be used with the down-
stream performance metrics directly. However, in
practice, it would require fixing all other hyperparam-
eters. Our ablation study shows that performance
can vary based on them (see Appendix C.3.6), so fix-
ing one set of parameters for a different number of
clusters might not lead to the best performance. At
the same time, performing a sufficient hyperparame-
ter search already allows us to draw plots similar to
those used by the elbow method (subfigures (j) in Ta-
bles 17, 18, 19, 20 and 21). We show results for the
application of the elbow method in Appendix C.3.3.

More advanced methods like Dirichlet processes
would require a big modification to the pipeline and
would likely be challenging to stabilize within our dy-
namic clustering context, which is why we leave this
to future work.
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Appendix C. Experiment Details

C.1. Metrics

We evaluate feature groups according to either how
good the clusters are themselves or how they influ-
ence downstream performance. For the former, we
use both internal metrics (do not require knowledge
of the true underlying feature groups) and external
metrics (vice versa).
The true feature grouping is known only for syn-

thetic data. In this case, we can use external metrics:

• Adjusted rand index (ARI) represents the
number of permutations of points needed to re-
cover the true clustering from the learned one
(Hubert and Arabie, 1985). It takes values be-
tween -1 and 1, higher the better (0 corresponds
to random assignment and 1 corresponds to a
perfect match). More formally, if the rand index
RI is the proportion of pairs of points that are
correctly assigned, and E(RI) is expected to be
RI under a random permutation, then

ARI =
RI−E(RI)

max(RI)− E(RI)
.

• Normalized mutual information (NMI) is de-
rived from information theory and represents the
mutual information between true and predicted
clusterings (Vinh et al., 2009). It takes values
between zero and one; the higher, the better.
Denoting I mutual information, and H as en-
tropy,

NMI(u, v) =
I(u, v)√
H(u)H(v)

.

Without access to the true feature grouping, the
quality of the clusters can be evaluated based on the
distances between the clusters and points (internal
metrics). For example, we use intercluster and in-
tracluster distances for regularization Equation (5).
Additionally, for synthetic data, we compute the

• Silhoette score (Rousseeuw, 1987). Denoting
mean distances between a feature f to the points
in the same cluster Dsame and to the points in
the nearest cluster Dnearest

S = Ei

[
Dnearest −Dsame

max (Dnearest,Dsame)

]
.

For downstream performance, we consider met-
rics that are commonly used in the field and

suit highly imbalanced tasks on ICU data (Yèche
et al., 2021; Harutyunyan et al., 2019). Specif-
ically, for classification, we use area under the

precision-recall curve (AUPRC) and area

under the receiver-operator curve (AUROC).

C.2. Synthetic Data

We generate synthetic data by sampling 10,000 ex-
amples from Gaussian processes with 6 features and
the length of 20. We use the RBF kernel for all
features with length scales {1, 2, 4, 8, 1, 2} and am-
plitudes {0.5, 1.0, 3.5, 0.5, 0.5, 0.5}.
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Figure 5: Samples from the synthetic dataset.

The data transformations for static clustering are
formally defined as

Dflat =

∥∥∥
i,t

(
xi
t,f | yi

)
F

f=1

,

Dtime mean =

{∥∥∥
i

(
1

D

∑
t

xi
t,f | yi

)}F

f=1

,

Dsample mean =

{∥∥∥
t

(
1

T

∑
i

xi
t,f | yi

)}F

f=1

,

Dfull mean =

 1

DT

∑
i,t

xi
t,f | yi


F

f=1

.

Here,
∥∥ and | are concatenation operations.

We train the model for 1000 epochs with a learn-
ing rate 0.002, an early stopping patience of 10 and a
batch size of 5000. Clustering is done using Hard K-
means with k-means++ initialization and no regular-
ization. FT-Transformer has 6 hidden units, 2 heads,
and a depth of 1. Further details can be found in the
source code.
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Table 3: Performance benchmark for different grouping schemes (AUROC ↑) on online and offline
classification tasks using ICU datasets. Mean and standard deviation are reported over three
training runs with different random seeds. Best results are highlighted in bold. Learned groupings
perform comparably to expert-defined ones. Reference results for prior groups (Prior) and models
without feature grouping (None) are taken from Kuznetsova et al. (2023).

Feature Grouping HIRID MIMIC-III

Type Membership Algorithm Circ Mort Decomp Mort

None – – 0.911 ± 0.001 0.905 ± 0.002 0.916 ± 0.001 0.858 ± 0.002
Prior Hard Type 0.910 ± 0.002 0.901 ± 0.003 0.914 ± 0.001 0.860 ± 0.002
Prior Hard Organ 0.916 ± 0.0003 0.910 ± 0.003 0.914 ± 0.001 0.861 ± 0.002

Learned Hard K-means 0.912 ± 0.0008 0.912 ± 0.004 0.917 ± 0.0002 0.863 ± 0.002
Learned Hard Fuzzy K-means 0.907 ± 0.0004 0.908 ± 0.003 0.916 ± 0.0009 0.861 ± 0.004
Learned Hard GMM 0.912 ± 0.0008 0.900 ± 0.004 0.917 ± 0.0009 0.858 ± 0.001

Learned Soft Fuzzy K-means 0.911 ± 0.0022 0.902 ± 0.002 0.916 ± 0.0019 0.863 ± 0.002
Learned Soft GMM 0.912 ± 0.0012 0.906 ± 0.001 0.915 ± 0.0024 0.861 ± 0.003

C.3. Medical Data

C.3.1. Task Definitions

We consider clinically relevant tasks defined for the
HiRID and MIMIC-III datasets (Yèche et al., 2021;
Harutyunyan et al., 2019). These can be split into
static (prediction is made once per sample) and dy-
namic tasks (prediction is made continuously for the
sample); and into classification and regression tasks.
On HiRID we consider

• Circulatory failure (Circ), a dynamic binary
classification task predicting whether a circula-
tory failure will occur in the next 8 hours;

• Mortality (Mort), a static binary classification
predicting whether the patient will pass away at
the end of the admission using observation from
the first 24 hours;

On MIMIC-III we consider

• Decompensation (Decomp), a dynamic binary
classification task predicting whether a patient
will pass away in the next 24 hours;

• Mortality (Mort), a static binary classification
predicting whether the patient will pass away at
the end of the admission using observation from
the first 24 hours.

More detailed definitions can be found in
Kuznetsova et al. (2023); Yèche et al. (2021); Haru-
tyunyan et al. (2019).

C.3.2. Setup

We train using 1 to 4 NVidia RTX2080TI GPUs with
Xeon E5-2630v4 CPUs. The batch size ranges from
1 to 16 depending on the model size and hardware
capacity. The training time is between 5–22 hours.
We use Adam optimizer and early stopping with pa-
tience of 10 epochs (Diederik, 2014). The models are
implemented in PyTorch (Paszke et al., 2019) and
scikit-learn (Pedregosa et al., 2011).

We perform a hyperparameter search across the
number of clusters, type of embedding extraction
function U , EMA coefficients, regularization type and
coefficient, cluster initialization type, fuzzy coeffi-
cient (for fuzzy K-means), covariance matrix type (for
GMM), membership coefficient (for soft membership
models). The parameters for the underlying embed-
ding and sequence model are taken from Kuznetsova
et al. (2023); Yèche et al. (2021). Further details can
be found in the project repository.

For t-SNE visualizations, we use a perplexity of 10
for HiRID and 5 for MIMIC with a random seed of
42 (van der Maaten and Hinton, 2008).

C.3.3. Additional Results

Additional metrics Similarly to Table 2, we
present the downstream performance now measured
by AUROC in Table 3. Our conclusions are consis-
tent for both metrics.
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We provide p-values for the paired Student t-
test (Student, 1908) on the null hypothesis that a
model with grouping performs better than the refer-
ence model without grouping in terms of AUPRC in
Table 4.

Table 4: P-values for comparison of various mod-
els to the reference model without feature
grouping by AUPRC. Values under 0.05 are
highlighted in bold.

Grouping HiRID Circ HiRID Mort MIMIC Decomp MIMIC Mort

Prior by Type 0.0348 0.1745 0.0774 0.1890
Prior by Organ 0.0167 0.1045 0.0109 0.0774
Learned Hard K-means 0.3651 0.0187 0.0530 0.0927
Learned Hard Fuzzy K-means 0.4335 0.0548 0.8361 0.1275
Learned Hard GMM 0.0827 0.0151 0.0620 0.4275
Learned Soft Fuzzy K-means 0.1719 0.0982 0.0833 0.2660
Learned Soft GMM 0.0286 0.7364 0.0460 0.2433

In addition, we provide an F-score (Goutte and
Gaussier, 2005) and the Matthews correlation coef-
ficient (MCC) (Chicco and Jurman, 2023) for the
mortality prediction experiments. These metrics
were proposed to address limitations of AUROC
and AUPRC in evaluating performance on imbal-
anced tasks, but are not yet widely used in ICU re-
search (Chicco and Jurman, 2023; Yadav and Sub-
bian, 2025).

Table 5: MCC and F1 scores for various clustering
algorithms trained for mortality prediction.

Algorithm MCC F1

MIMIC Mort HiRID Mort MIMIC Mort HiRID Mort

K-means 0.4467 ± 0.0097 0.5838 ± 0.0030 0.5142 ± 0.0090 0.6171 ± 0.0012
Fuzzy K-means 0.4538 ± 0.0083 0.5837 ± 0.0071 0.5113 ± 0.0023 0.6139 ± 0.0031
GMM 0.4458 ± 0.0070 0.5804 ± 0.0069 0.5046 ± 0.0074 0.6118 ± 0.0037
Soft Fuzzy GMM 0.4453 ± 0.0041 0.5661 ± 0.0065 0.5104 ± 0.0072 0.5976 ± 0.0050
Soft GMM 0.4459 ± 0.0106 0.5797 ± 0.0074 0.5110 ± 0.0075 0.6104 ± 0.0102

Learning dynamics We investigated the cluster
learning dynamics and describe them for various
models using a fixed seed in Figures 9, 10, 11, 12,
13 and 14. Generally, we observe that in several
cases the models keep the groupings constant from
initialization. We believe this to be the case of
the exploration–exploitation trade-off: the earlier the
clustering is set, the more time and signal passes
through the other parts of the architecture, poten-
tially improving the downstream performance. To
control the trade-off, we can adjust the regulariza-
tion and EMA coefficients. It also seems that the

Fuzzy K-means model is particularly suitable for ex-
ploration.
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Figure 6: Dynamics of cluster sizes for the Fuzzy K-
means trained for circulatory prediction on
HiRID.

Impact of initialization As we discussed in Sec-
tion B.6, our method can use the prior feature group-
ing as the initialization, as well as initialize from
the k-means++ algorithm. From the ablation stud-
ies, we see that k-means++ performs better for Soft
GMM trained on HiRID circulatory failure, K-means
trained on HiRID mortality, and K-means trained
on MIMIC mortality Tables 17(a), 18(a) and 21(a).
Priors perform better for Fuzzy K-means trained on
HiRID mortality and GMM trained on decompensa-
tion Tables 19(a) and 20(a). This demonstrates that
our approach does not depend entirely on a good ini-
tialization from priors, but rather can leverage them
to achieve better performance if algorithmic initial-
ization does not work well.

Elbow method Here we investigate whether the
Elbow method can be effectively used for the selec-
tion of the optimal number of clusters. We fix the
hyperameters used by the best performing models on
HiRID and MIMIC mortality prediction and vary the
number of clusters. Resulting performance is shown
in Figure 7. We see that the difference in perfor-
mance is comparable to the that achieved by altering
other hyperparameters Tables 18 and 21. This sug-
gests that the original approach of searching for the
best joint set of hyperparameters is more beneficial
for the downstream performance.

Attention weights Our method includes an addi-
tional explainability mechanism based on attention
weights, which is active when attention aggregation
is used. This is the case for the best Fuzzy K-means
trained on the HiRID dataset for circulatory failure
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Figure 7: Elbow method for optimal number of clus-
ters for mortality prediction.

prediction (other models for this task use mean aggre-
gation, see Table 2). We visualize these weights over
groups and the time before the events for three ran-
domly selected samples in Figure 8. We see that the
model consistently ranks the clusters: cluster 4 has
the highest weight, followed by clusters 3, 4, and 0,
while cluster 1 gets the lowest. The size of the clusters
suggests that this ranking does not simply give more
weight to the larger clusters (see Figure 6). We ana-
lyze the feature assignments shown in Table 10: clus-
ter 1 seems to combine variables on acute neurological
event and resuscitation; cluster 0 is the largest and
contains a mix of diverse features; cluster 2 contains
a combination of variables related to sepsis and acute
pancreatic conditions; cluster 3 might indicate acute
respiratory distress (ARDR) if the underlying venti-
lator support (AWPmean) and deep sedation (deep
sedation) variables are high, it also curiously seem-
ingly unrelated coagulation variable (FVII); cluster
4 contains many dynamic variables that might indi-
cate patient crashing (key vitals: RR, HR; key labs:
a Lac, CRP). Attention therefore places more weight
on clusters that indicate patient crash and respiratory
distress, while placing less weight on a large group
of mixed variables and a group specifically targeting
acute neurological conditions. Although insightful,
this interpretation should be viewed with caution be-
cause the model underperforms other clustering algo-
rithms in terms of the downstream metric.

C.3.4. Learned Groups

The feature groups learned on MIMIC for decompen-
sation and mortality prediction are shown in Tables 6,
7 and 8. The feature groups learned on HiRID for cir-
culatory failure and mortality prediction in Tables 9,
11 and 12. We present results for the best model
if one stands out clearly, and for the top two mod-

els if multiple models are competitive (see Table 2).
We compare (1) the learned groups with the expert-
defined groups, (2) the groups learned on the same
dataset but for different tasks, and (3) the groups
learned by different models on the same dataset and
the same task.

MIMIC decompensation Fuzzy K-means shows
the best downstream performance for this task. As
discussed previously (see Section 3.2), from the learn-
ing dynamics (see Figure 12) we see that the model
initially splits the features into four groups and even-
tually learns to assign all the features to one cluster
(see Table 6). This replicates the best prior grouping
that also just assigns all features to a single group
(see Table 2).

MIMIC mortality The best two models for this
task are K-means and fuzzy K-means. Both models
produce eight clusters, with four or five of them con-
taining a single feature (see Tables 7 and 8)). The
K-means appears to select groups that focus on iden-
tifying particular conditions such as shock (cluster 0),
inflammation (cluster 1), acidoses (cluster 2), etc. or
baseline state of the patient such as their constitu-
tion (cluster 7) and organ function (clusters 1 and
6) Table 7). The Fuzzy K-means produces clusters
of similar sizes. Some of them are quite similar to
what K-means produces: cluster 1 is exactly the same
(respiratory rate), cluster 5 (systolic blood pressure)
and cluster 6 (mean blood pressure) describe blood
pressure, clusters 6 (weight) and cluster 3 (height)
describe patient’s size. Cluster 5 could be related to
septic shock: low diastolic blood pressure and high
glucose could be its indicators. Other clusters seem
more mixed: cluster 0 contains variables that de-
scribe vital signs and neurological status, cluster 8
describes gas exchange and hemodynamics. These
clusters (and the dataset in general) do not contain
many variables, so we do not see an obvious pattern
here.

Surprisingly, the models divide some naturally re-
lated variables, such as respiratory and hemodynamic
features, into different groups (e.g., K-means assigns
oxygen saturation and respiratory rate to clusters 0
and 5; blood pressure and heart rate to clusters 0 and
7). It is not immediately clear what the benefit is,
but perhaps splitting the variables allows capturing
the relation between different organ systems within
one cluster for multiple clusters, enabling better char-
acterization of certain conditions. Specifically, the
model might need the features characterizing the res-
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Figure 8: Attention weights between clusters and over time before the event produced by Fuzzy K-means
trained for circulatory failure prediction on HiRID.

piratory system in both groups that describe coma
and hypoxia.

MIMIC overall We notice that the models select
only one cluster for decompensation and eight for
both models for mortality. We speculate that this
difference in behavior occurs from the nature of the
tasks. Decompensation is an online task, where the
model should capture the rapid deterioration of the
patient’s condition. Mortality is an offline prediction
task, where the model is supposed to assess the pa-
tient’s general status over the first two days and relate
it to the outcome after the whole, possibly multiday
ICU stay. This means that models trained for de-
compensation prediction might not rely on the pre-
dictive groups, but rather on how quickly all features
change; whereas models trained for mortality predic-
tion would rely on identifying whether the patient
has a particular condition (e.g., shock) or if they are
likely to develop it based on their overall status (e.g.,
weight, respiratory support, etc.).

HiRID circulatory failure The soft GMM model
shows the best downstream results for this task. In
Table 9 we see three clusters that single out three
laboratory measurements: creatine kinase (cluster 1),
alkaline phosphatase (cluster 2), and creatine kinase-
MB (cluster 3). These could be indicators of spe-
cific critical events: a spike in creatine kinase could
suggest rhabdomyolysis, creatine kinase-MB could in-
dicate biliary sepsis, and alkaline phosphatase could
point to acute myocardial infarction. However, other
variables could also indicate these conditions, so it is
not completely certain that the model uses these vari-
ables to predict these specific conditions. The other
two clusters are quite large, containing the rest of over

200 variables from HiRID. Interpreting them also be-
comes harder, with both containing vitals, laboratory
analysis, and treatments for various organ systems at
the same time.

HiRID mortality For mortality, the best down-
stream results are produced by K-means and Fuzzy
K-means models. Both produce a similar number of
clusters (4 and 5 respectively) that have somewhat
similar sizes (except for cluster 2 of Fuzzy K-means)
(see Tables 11 and 12). Here, as in the circulatory
failure case, interpreting the clusters is not straight-
forward. Cluster 0 from K-means, for example, con-
tains many hemodynamic variables (e.g., WBC, fer-
ritin, Ca, etc.) but at the same time contains elec-
trolytes (e.g., Na, K); cluster 1 contains numerous
vital signs (e.g., HR, SpO2), but at the same time
contains treatments (e.g., antiviral, immunosuppres-
sion, milrinone). Similarly, for Fuzzy K-means, clus-
ter 1 contains coagulation factors (FII, FV, FVII,
FX) but at the same time cardiologic variables (e.g.,
ABP, ZVD), treatments (e.g., antibiotics, cortisol)
and other variables. The only small feature cluster
here, cluster 2, could be related to cardiopulmonary
management during resuscitation.

HiRID overall Across tasks, we find that models
use a similar number of clusters for HiRID. Due to
the large number of variables, they become difficult
to access. Due to computational cost, we considered
only up to 8, which seems too few to the over 200
features that HiRID has.

Consistent with MIMIC, we find that the smaller
clusters seem to track specific acute conditions. This
finding could help develop new feature groups tailored
to specific tasks or patient cohorts.
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C.3.5. Prior Feature Groups

The prior grouping by organ system for HiRID and
MIMIC-III is presented in Tables 13 and 14, respec-
tively. Prior grouping by measurement type is shown
in Tables 15 and 16. The tables are reproduced with
minor modifications from Kuznetsova et al. (2023).
For a description of individual variables, see Hyland
et al. (2020) and Johnson et al. (2016).

C.3.6. Ablation Studies

Ablation studies are shown in Tables 17, 18, 19, 20
and 21. We discuss them in Section 3.2.
Generally, we find that a number of clusters of 3–

5, a small EMA rate of 0.25, and a regularization
weight of 0.0001 generally leads to good performance
and can be used as a good first set of parameters.
However, the choice of the initialization, architecture
functions, and regularizer type depends on the under-
lying dataset and task, and should be optimized. To
balance flexibility and simplicity, we suggest starting
with k-means++, bias unification, attention merging,
and a hard regularizer.
The training time of the best-performing runs for

circulatory failure prediction on HiRID was on aver-
age 348 minutes without grouping, 403 minutes with
prior organ grouping, 368 minutes for K-means, 299
minutes for Fuzzy K-means, 544 minutes for Soft
Fuzzy K-means, 305 minutes for GMM, and 303 min-
utes for Soft GMM. For other tasks the training times
of different models were similarly close, averaging to
around 96 minutes for mortality prediction on HiRID,
359 for decompensation prediction on MIMIC, and
95 for mortality prediction on MIMIC (note that the
number of GPUs and the batch size varies between
tasks).
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Table 6: Feature grouping learned by K-means model of MIMIC features for decompensation prediction.
Interpreted as no grouping is necessary.

Group name Features

Cluster 0: all features Capillary refill rate, Glasgow coma scale eye opening, Glasgow coma scale motor re-
sponse, Glasgow coma scale total, Glasgow coma scale verbal response, Diastolic blood
pressure, Fraction inspired oxygen, Glucose, Heart Rate, Mean blood pressure, Oxygen
saturation, Respiratory rate, Systolic blood pressure, Temperature, pH

Table 7: Feature grouping learned by K-means model of MIMIC features for mortality prediction. Inter-
preted as grouping by baseline status and monitoring of certain conditions.

Group name Features

Cluster 0: “coma status” Glasgow coma scale eye opening, Glasgow coma scale verbal response, Time, Mean
blood pressure, Oxygen saturation

Cluster 1: “respiratory status” Respiratory rate

Cluster 2: “inflammation status” Temperature

Cluster 3: “acidosis status” pH

Cluster 4: “hypoxia status” Glasgow coma scale motor response, Height, Fraction inspired oxygen, Glucose

Cluster 5: “systolic function status” Systolic blood pressure

Cluster 6: “baseline constitution” Weight

Cluster 7: “hemodynamic stability” Capillary refill rate, Glasgow coma scale total, Diastolic blood pressure, Heart Rate

Table 8: Feature grouping learned by Fuzzy K-means model of MIMIC features for mortality prediction.
Interpreted as grouping by baseline status and monitoring of certain conditions.

Group name Features

Cluster 0: “mixed vitals and neuro-
logical status”

Capillary refill rate, Glasgow coma scale eye opening, Glasgow coma scale total, Glas-
gow coma scale verbal response, Time, Heart Rate, Temperature

Cluster 1: “respiratory status” Respiratory rate

Cluster 3: “baseline statury” Height

Cluster 4: “motor status” Glasgow coma scale motor response

Cluster 5: “septic shock” Diastolic blood pressure, Glucose

Cluster 6: “circulatory status” Mean blood pressure

Cluster 7: “respiratory support” Fraction inspired oxygen

Cluster 8: “mixed gas exchange and
hemodynamics”

Oxygen saturation, Systolic blood pressure, Weight, pH
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Table 9: Feature grouping learned by Soft GMM model of HiRID features for circulatory failure prediction.
Interpreted as isolated specific indicators and two large mixed feature groups.

Group name Features

Cluster 0: “mixture class” OUTurine/h, Administriation of antibiotics, administration of antiviral, Acetazo-
lamide, non-steroids, Parenteral Feeding, a-BE, Ca, Ketalar, Antiepileptica, Anti deli-
rant medi, aPTT, Fibrinogen, Muskelrelaxans, Anexate, Cl-, Factor VII, Neutr, Amio-
daron, TSH, T Central, ABPs, ABPd, GCS Antwort, Glucose Administration, PAPd,
PCWP, Steroids, Others in Case of HIT, Marcoumar, Propofol, Protamin, Anti Fib-
rinolyticum, Kalium, Non-opioide, a Hb, a Lac, Incrys, Incolloid, packed red blood
cells, platelets, coagulation factors, pH Liquor, Plateaudruck, theophyllin, C-reactive
protein, AWPmean, RR set, vasodilatators, ACE Inhibitors, Adenosin, Ca2+ total,
Digoxin, a pCO2, INR, albumin, phosphate, Ammoniak, Hb, a PO2, Mg lab, platelet
count, Atropin, Urea, Mineralokortikoid, Segm. Neut., Terlipressin, BNP, urinary cre-
atinin, urinary Na+, urinary urea, Lipase, AMYL-S

Cluster 1: “rhabdomyolysis indica-
tor”

creatine kinase

Cluster 2: “biliary sepsis indicator” alkaline phosphatase

Cluster 3: “acute myocardial infarc-
tion indicator”

creatine kinase-MB

Cluster 4: “mixture class” NIBPs, Administation of antimycotic, RR, K-sparend, NIBPd, NIBPm, GCS Motorik,
Insuling Langwirksam, GCS Augenoffnen, PAPm, PAPs, ICP, supplemental oxygen,
Aldosteron Antagonist, Enteral Feeding, ZVD, Chemotherapie, Immunoglobulin, Im-
munsuppression, Phosphat, Na, a MetHb, OUT, NSAR, v-Lac, a HCO3-, Periphe-
rial Anesthesia, K+, Na+, FII, Parkinson Medikaiton, dobutamine, Sartane, Factor
V, Ca Antagonists, B-Blocker, Andere, Ca2+ ionizied, Beh. Pulm. Hypertonie,
Stabk. Neut., Cortisol, HR, ASAT, SpO2, ABPm, ALAT, ETCO2, RASS, Antihel-
menticum, TOF, bilirubine; total, CO, SvO2(m), Loop diuretics, Thiazide, Haemofil-
tration, steroids, FIO2, ST1, Insulin Kurzwirksam, Peep, Thrombozytenhemmer, Hep-
arin, NMH, Benzodiacepine, Alpha 2 Agonisten, Barbiturate, ST2, Liquor/h, ST3, Ly-
setherapie, Rhythmus, IN, Pankreas Enzyme, VitB Substitution, Nimodipin, Opiate,
Weight, Mg, a COHb, Trace elements, Bicarbonate, GCSF, FFP, a pH, Psychopharma,
norepinephrine, epinephrine, Ventilator mode, TV, Naloxon, Spitzendruck, milrinone,
levosimendan, vasopressin, procalcitonin, lymphocyte, desmopressin, Laktat Liquor,
AiwayCode, factor X, glucose, total white blood cell count, a SO2, Zentral venöse
sättigung, Bilirubin; direct, Thyrotardin, Thyroxin, Thyreostatikum, MCH, gamma-
GT, MCHC, Antihistaminka, Troponin-T, pH Drain, Glucose Liquor, creatinine, MCV,
BSR, AMYL-Drainag, Ferritin
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Table 10: Feature grouping learned by Fuzzy K-means model of HiRID features for circulatory failure pre-
diction.

Group name Features

Cluster 0: “mixed” OUTurine/h, NIBPs, Administation of antimycotic, K-sparend, NIBPd, GCS Motorik,
Insuling Langwirksam, GCS Augenoffnen, administration of antiviral, PAPm, PAPs,
ICP, supplemental oxygen, Aldosteron Antagonist, Enteral Feeding, ZVD, non-steroids,
Chemotherapie, Parenteral Feeding, Immunoglobulin, Immunsuppression, Phosphat,
Na, a-BE, a MetHb, Ca, OUT, NSAR, v-Lac, Ketalar, a HCO3-, Peripherial Anesthe-
sia, Antiepileptica, Anti delirant medi, Fibrinogen, K+, Na+, Parkinson Medikaiton,
dobutamine, Sartane, Cl-, Factor V, Ca Antagonists, B-Blocker, Andere, Beh. Pulm.
Hypertonie, Neutr, Stabk. Neut., None, Cortisol, None, T Central, ABPd, ASAT,
ABPm, Glucose Administration, RASS, PAPd, PCWP, Antihelmenticum, TOF, biliru-
bine; total, Steroids, CO, SvO2(m), Loop diuretics, Thiazide, Haemofiltration, steroids,
FIO2, Thrombozytenhemmer, NMH, Others in Case of HIT, Benzodiacepine, Alpha 2
Agonisten, Barbiturate, Marcoumar, ST2, Protamin, Anti Fibrinolyticum, Liquor/h,
Rhythmus, Pankreas Enzyme, VitB Substitution, Kalium, Non-opioide, Mg, a Hb,
Trace elements, Incolloid, packed red blood cells, Bicarbonate, FFP, a pH, nore-
pinephrine, epinephrine, TV, Naloxon, Spitzendruck, Plateaudruck, milrinone, levosi-
mendan, theophyllin, vasopressin, procalcitonin, desmopressin, vasodilatators, Aiway-
Code, Ca2+ total, albumin, glucose, total white blood cell count, a SO2, Mg lab,
None, alkaline phosphatase, Atropin, Thyrotardin, Urea, Mineralokortikoid, MCH,
MCHC, Segm. Neut., Terlipressin, Troponin-T, creatinine, AMYL-Drainag, urinary
Na+, AMYL-S

Cluster 1: “acute neurological sta-
tus”

ETCO2, Lysetherapie, Nimodipin, Incrys, coagulation factors, pH Liquor, Laktat
Liquor, a pCO2, BSR, BNP

Cluster 2: “sepsis and pancreatic
dysfunction”

Administriation of antibiotics, ALAT, Heparin, Propofol, ST3, Weight, platelets, lym-
phocyte, phosphate, Thyroxin, Thyreostatikum, Antihistaminka, Lipase

Cluster 3: “sever ARDS + FVII” Factor VII, Opiate, AWPmean

Cluster 4: “dynamic shock and in-
flammation”

RR, NIBPm, Acetazolamide, aPTT, Muskelrelaxans, Anexate, FII, Ca2+ ionizied,
Amiodaron, TSH, HR, ABPs, SpO2, GCS Antwort, ST1, Insulin Kurzwirksam, Peep,
IN, a COHb, a Lac, GCSF, Psychopharma, Ventilator mode, C-reactive protein, RR
set, ACE Inhibitors, Adenosin, factor X, Digoxin, INR, Ammoniak, Hb, a PO2, Zentral
venöse sättigung, None, platelet count, Bilirubin; direct, gamma-GT, None, pH Drain,
Glucose Liquor, creatine kinase, MCV, creatine kinase-MB, Ferritin, urinary creatinin,
urinary urea
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Table 11: Feature grouping learned by K-means model of HiRID features for mortality prediction. Inter-
preted as mixed grouping, with clusters generally containing large subgroups of variables relating
to different systems and conditions.

Group name Features

Cluster 0: “cardiovascular, multi-
organ variables”

Ca, dobutamine, Ca Antagonists, Andere, Ca2+ ionizied, Beh. Pulm. Hypertonie,
Amiodaron, ABPd, PAPd, FIO2, Others in Case of HIT, Barbiturate, Marcoumar,
VitB Substitution, a Hb, epinephrine, Naloxon, procalcitonin, desmopressin, Laktat
Liquor, INR, phosphate, total white blood cell count, Bilirubin; direct, MCH, pH
Drain, MCV, AMYL-Drainag, Ferritin, Lipase

Cluster 1: “vitals, multi-organ vari-
ables”

RR, administration of antiviral, PAPm, ICP, Enteral Feeding, non-steroids, Par-
enteral Feeding, Immunsuppression, Cl-, HR, SpO2, Glucose Administration, RASS,
SvO2(m), Thrombozytenhemmer, Heparin, Benzodiacepine, Anti Fibrinolyticum,
Kalium, Weight, Trace elements, GCSF, a pH, Plateaudruck, milrinone, ACE In-
hibitors, Ca2+ total, a pCO2, alkaline phosphatase, Thyrotardin, Urea, Thyroxin,
Mineralokortikoid, gamma-GT, Troponin-T, BSR

Cluster 2: infection management,
sedation

Administriation of antibiotics, Administation of antimycotic, NIBPd, supplemental
oxygen, Chemotherapie, Phosphat, Ketalar, Anti delirant medi, aPTT, K+, B-Blocker,
TSH, ABPs, PCWP, Antihelmenticum, Loop diuretics, Thiazide, Alpha 2 Agonisten,
Propofol, ST2, Protamin, a COHb, AWPmean, vasodilatators, glucose, Ammoniak,
Zentral venöse sättigung, Antihistaminka, creatine kinase-MB, urinary urea, AMYL-S

Cluster 3: “fluids, inflammation” ZVD, Immunoglobulin, a-BE, a MetHb, OUT, a HCO3-, Peripherial Anesthesia, Fib-
rinogen, Muskelrelaxans, Anexate, Na+, FII, Parkinson Medikaiton, Factor VII,
Haemofiltration, steroids, IN, Incrys, Incolloid, Bicarbonate, FFP, Psychopharma, Ven-
tilator mode, pH Liquor, Spitzendruck, theophyllin, C-reactive protein, RR set, factor
X, Digoxin, albumin, Mg lab, Atropin, Thyreostatikum, MCHC, Terlipressin, Glucose
Liquor, creatinine

Cluster 4: “vasoactive drugs,
shock”

OUTurine/h, NIBPs, K-sparend, NIBPm, GCS Motorik, Insuling Langwirksam,
GCS Augenoffnen, PAPs, Aldosteron Antagonist, Acetazolamide, Na, NSAR, v-Lac,
Antiepileptica, Sartane, Factor V, Neutr, Stabk. Neut., Cortisol, T Central, ASAT,
ABPm, ALAT, ETCO2, GCS Antwort, TOF, bilirubine; total, Steroids, CO, ST1,
Insulin Kurzwirksam, Peep, NMH, Liquor/h, ST3, Lysetherapie, Rhythmus, Pankreas
Enzyme, Nimodipin, Opiate, Non-opioide, Mg, a Lac, packed red blood cells, platelets,
coagulation factors, norepinephrine, TV, levosimendan, vasopressin, lymphocyte, Ai-
wayCode, Adenosin, Hb, a PO2, a SO2, platelet count, Segm. Neut., creatine kinase,
BNP, urinary creatinin, urinary Na+
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Table 12: Feature grouping learned by Fuzzy K-means model of HiRID features for mortality prediction.
Interpreted as mixed grouping, with clusters generally containing large subgroups of variables
relating to different systems and conditions.

Group name Features

Cluster 0: monitoring, treatments,
mixed

OUTurine/h, NIBPs, Administation of antimycotic, NIBPm, GCS Motorik, adminis-
tration of antiviral, Aldosteron Antagonist, Immunsuppression, Phosphat, a MetHb,
Ca, OUT, Ketalar, a HCO3-, Anti delirant medi, aPTT, Muskelrelaxans, FII, Parkin-
son Medikaiton, Cl-, Ca Antagonists, Amiodaron, GCS Antwort, Glucose Adminis-
tration, PCWP, bilirubine; total, Loop diuretics, NMH, Benzodiacepine, Liquor/h,
Non-opioide, Trace elements, Spitzendruck, theophyllin, RR set, Laktat Liquor, Ai-
wayCode, Ca2+ total, a pCO2, INR, phosphate, total white blood cell count, a PO2,
alkaline phosphatase, Atropin, Thyreostatikum, gamma-GT, Terlipressin, Troponin-T,
Glucose Liquor, MCV, BSR, AMYL-Drainag, Ferritin, AMYL-S

Cluster 1: sefation, shock, mixed K-sparend, Insuling Langwirksam, Parenteral Feeding, v-Lac, Neutr, Stabk. Neut.,
TSH, HR, RASS, TOF, steroids, Others in Case of HIT, Alpha 2 Agonisten, Barbitu-
rate, Marcoumar, Propofol, VitB Substitution, Nimodipin, Opiate, a Lac, Bicarbonate,
Psychopharma, milrinone, Thyrotardin, Urea

Cluster 2: cardiopulmonary man-
agement during resuscitation

CO, Peep, Incrys

Cluster 3: hemodynamics, respira-
tory, infection, mixed

Administriation of antibiotics, RR, NIBPd, GCS Augenoffnen, PAPm, PAPs, ICP, sup-
plemental oxygen, Acetazolamide, Enteral Feeding, ZVD, non-steroids, Chemotherapie,
Immunoglobulin, Na, a-BE, NSAR, Peripherial Anesthesia, Antiepileptica, Fibrino-
gen, K+, Anexate, Na+, dobutamine, Sartane, Factor V, B-Blocker, Andere, Ca2+
ionizied, Beh. Pulm. Hypertonie, Factor VII, Cortisol, T Central, ABPs, ABPd,
ASAT, SpO2, ABPm, ALAT, ETCO2, PAPd, Antihelmenticum, Steroids, SvO2(m),
Thiazide, Haemofiltration, FIO2, ST1, Insulin Kurzwirksam, Thrombozytenhemmer,
Heparin, ST2, Protamin, Anti Fibrinolyticum, ST3, Lysetherapie, Rhythmus, IN,
Pankreas Enzyme, Kalium, Weight, Mg, a COHb, a Hb, Incolloid, packed red blood
cells, GCSF, FFP, a pH, platelets, coagulation factors, norepinephrine, epinephrine,
Ventilator mode, TV, Naloxon, pH Liquor, Plateaudruck, levosimendan, vasopressin,
C-reactive protein, AWPmean, procalcitonin, lymphocyte, desmopressin, vasodilata-
tors, ACE Inhibitors, Adenosin, factor X, Digoxin, albumin, glucose, Ammoniak, Hb,
a SO2, Zentral venöse sättigung, Mg lab, platelet count, Bilirubin; direct, Thyroxin,
Mineralokortikoid, MCH, MCHC, Antihistaminka, Segm. Neut., pH Drain, creatine
kinase, creatinine, creatine kinase-MB, BNP, urinary creatinin, urinary Na+, urinary
urea, Lipase
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Figure 9: Dynamics of feature assignments to clusters for Soft GMM model trained on HiRID for circulatory
failure prediction. Grouping does not change from the initialization.
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Figure 10: Dynamics of feature assignments to clusters for K-means model trained on HiRID for mortality
prediction. The groups settle in the first few iterations and stay constant throughout the rest of
the training.
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Figure 11: Dynamics of feature assignments to clusters for Fuzzy K-means model trained on HiRID for
mortality prediction. The groups slowly evolve, with the fourth cluster gradually increasing in
size.
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Figure 12: Dynamics of feature assignments to clusters for Fuzzy K-means model trained on MIMIC for
decompensation prediction. The features eventually end up assigned to a single cluster, replicating
the best previously known grouping.
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Figure 13: Dynamics of feature assignments to clusters for K-means model trained on MIMIC for mortality
prediction. Grouping does not change from the initialization.
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Figure 14: Dynamics of feature assignments to clusters for Fuzzy K-means model trained on MIMIC for
mortality prediction. Grouping gradually evolves, stabilizing at around half point of the training.
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Table 13: Prior grouping of HiRID features by organ system.

Group name Features

Central nervous (Cns) GCS Antwort, GCS Motorik, GCS Augenöffnen, RASS, ICP, TOF, Benzodiacepine,
Alpha 2 Agonisten, Barbiturate, Propofol, Liquor/h, Nimodipin, Opiate, Non-opioide,
NSAR, Ketalar, Peripherial Anesthesia, Antiepileptica, Anti delirant medi, Psy-
chopharma, Muskelrelaxans, Anexate, Naloxon, Parkinson Medikaiton, pH Liquor, Lak-
tat Liquor, Glucose Liquor

Circulatory HR, T Central, ABPs, ABPd, ABPm, NIBPs, NIBPd, NIBPm, PAPm, PAPs, PAPd,
PCWP, CO, SvO2(m), ZVD, ST1, ST2, ST3, Rhythmus, IN, OUT, Incrys, Incolloid,
packed red blood cells, FFP, platelets, coagulation factors, norepinephrine, epinephrine,
dobutamine, milrinone, levosimendan, theophyllin, vasopressin, desmopressin, vasodilata-
tors, ACE Inhibitors, Sartane, Ca Antagonists, B-Blocker, Andere, Adenosin, Digoxin,
Amiodaron, Atropin, Thyrotardin, Thyroxin, Thyreostatikum, Mineralokortikoid, Anti-
histaminka, Terlipressin, Troponin-T, creatine kinase, creatine kinase-MB, BNP, TSH,
AMYL-S

Hematologic Glucose Administration, Insuling Langwirksam, Insulin Kurzwirksam, Thrombozyten-
hemmer, Heparin, NMH, Others in Case of HIT, Marcoumar, Protamin, Anti Fibri-
nolyticum, Lysetherapie, Pankreas Enzyme, VitB Substitution, Weight, a-BE, a COHb,
a Hb, a Lac, a MetHb, v-Lac, aPTT, Fibrinogen, FII, Factor V, Factor VII, factor X,
INR, albumin, glucose, Ammoniak, Hb, total white blood cell count, platelet count, MCH,
MCHC, MCV, Ferritin, Lipase

Immune Administriation of antibiotics, Administation of antimycotic, administration of antiviral,
Antihelmenticum, Steroids, Enteral Feeding, steroids, non-steroids, Chemotherapie, Im-
munoglobulin, Immunsuppression, GCSF, C-reactive protein, procalcitonin, lymphocyte,
Neutr, Segm. Neut., Stabk. Neut., BSR, Cortisol

Hepatic ASAT, ALAT, bilirubine, total, Bilirubin, direct, alkaline phosphatase, gamma-GT

Pulmonary SpO2, ETCO2, RR, supplemental oxygen, FIO2, Peep, Ventilator mode, TV, Spitzen-
druck, Plateaudruck, AWPmean, RR set, AiwayCode, Beh. Pulm. Hypertonie, a pCO2,
a PO2, a SO2, Zentral venöse sättigung, pH Drain, AMYL-Drainag

Renal OUTurine/h, K-sparend, Aldosteron Antagonist, Loop diuretics, Thiazide, Acetazo-
lamide, Haemofiltration, Parenteral Feeding, Kalium, Phosphat, Na, Mg, Ca, Trace ele-
ments, Bicarbonate, a HCO3-, a pH, K+, Na+, Cl-, Ca2+ ionizied, Ca2+ total, phos-
phate, Mg lab, Urea, creatinine, urinary creatinin, urinary Na+, urinary urea

Table 14: Prior grouping of MIMIC-III features by organ system.

Group name Features

Central nervous (Cns) Glasgow coma scale eye opening, Glasgow coma scale motor response, Glasgow coma
scale total, Glasgow coma scale verbal response

Circulatory Diastolic blood pressure, Heart Rate, Mean blood pressure, Systolic blood pressure, Tem-
perature, Capillary refill rate

Hematologic Glucose

Pulmonary Fraction inspired oxygen, Oxygen saturation, Respiratory rate

Renal pH

Other Time, Height, Weight
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Table 15: Prior grouping of HiRID features by measurement type.

Group name Features

Derived from raw data ETCO2, OUTurine/h, IN, OUT, Incrys, Incolloid

Laboratory a-BE, a COHb, a Hb, a HCO3-, a Lac, a MetHb, a pH, a pCO2, a PO2, a SO2, Zen-
tral venöse sättigung, Troponin-T, creatine kinase, creatine kinaseMB, v-Lac, BNP, K+,
Na+, Cl-, Ca2+ ionizied, Ca2+ total, phosphate, Mg lab, Urea, creatinine, urinary cre-
atinin, urinary Na+, urinary urea, ASAT, ALAT, bilirubine, total, Bilirubin, direct, al-
kaline phosphatase, gamma-GT, aPTT, Fibrinogen, FII, Factor V, Factor VII, factor X,
INR, albumin, glucose, Ammoniak, C-reactive protein, procalcitonin, lymphocyte, Neutr,
Segm. Neut., Stabk. Neut., BSR, Hb, total white blood cell count, platelet count, MCH,
MCHC, MCV, Ferritin, TSH, AMYL-S, Lipase, Cortisol, pH Liquor, Laktat Liquor, Glu-
cose Liquor, pH Drain, AMYL-Drainag

Monitored HR, T Central, ABPs, ABPd, ABPm, NIBPs, NIBPd, NIBPm, PAPm, PAPs, PAPd,
PCWP, CO, SvO2(m), ZVD, ST1, ST2, ST3, SpO2, ETCO2, RR, ICP, TOF, FIO2,
Peep, Ventilator mode, TV, Spitzendruck, Plateaudruck, AWPmean, RR set

Observed ZVD, Rhythmus, supplemental oxygen, GCS Antwort, GCS Motorik, GCS Augen öffnen,
RASS, ICP, AiwayCode, Haemofiltration, Liquor/h, Weight

Treatment packed red blood cells, FFP, platelets, coagulation factors, norepinephrine, epinephrine,
dobutamine, milrinone, levosimendan, theophyllin, vasopressin, desmopressin, vasodilata-
tors, ACE Inhibitors, Sartane, Ca Antagonists, BBlocker, Andere, Adenosin, Digoxin,
Amiodaron, Atropin, K-sparend, Aldosteron Antagonist, Loop diuretics, Thiazide, Ac-
etazolamide, Administriation of antibiotics, Administation of antimycotic, administration
of antiviral, Antihelmenticum, Benzodiacepine, Alpha 2 Agonisten, Barbiturate, Propo-
fol, Glucose Administration, Insuling Langwirksam, Insulin Kurzwirksam, Nimodipin,
Opiate, Non-opioide, NSAR, Ketalar, Peripherial Anesthesia, Steroids, Thrombozyten-
hemmer, Enteral Feeding, Parenteral Feeding, Heparin, NMH, Others in Case of HIT,
Marcoumar, Protamin, Anti Fibrinolyticum, Kalium, Phosphat, Na, Mg, Ca, Trace ele-
ments, Bicarbonate, Antiepileptica, Anti delirant medi, Psychopharma, steroids, non-
steroids, Thyrotardin, Thyroxin, Thyreostatikum, Mineralokortikoid, Antihistaminka,
Chemotherapie, Lysetherapie, Muskelrelaxans, Anexate, Naloxon, Beh. Pulm. Hyper-
tonie, Pankreas Enzyme, Terlipressin, Immunoglobulin, Immunsuppression, VitB Substi-
tution, Parkinson Medikaiton, GCSF

Table 16: Prior grouping of MIMIC-III features by measurement type.

Group name Features

Laboratory Glucose, pH

Monitored Diastolic blood pressure, Heart Rate, Mean blood pressure, Systolic blood pressure, Tem-
perature, Fraction inspired oxygen, Oxygen saturation, Respiratory rate

Observed Glasgow coma scale eye opening, Glasgow coma scale motor response, Glasgow coma
scale total, Glasgow coma scale verbal response, Capillary refill rate

Other Time, Height, Weight
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Table 17: Ablation results over various parameters for GMM (soft) trained on HiRID for circulatory failure
prediction.

(a) Initialization

Parameter AUPRC

k-means++ 0.403 ± 0.173
prior 0.366 ± 0.017

(b) Unification

Parameter AUPRC

bias 0.395 ± 0.173
bias avg linear 0.403 ± 0.005
bias ext catzero 0.366 ± 0.017
bias sum linear 0.396 ± 0.008

(c) Merge

Parameter AUPRC

attention 0.366 ± 0.017
mean 0.403 ± 0.173

(d) Regularization type

Parameter AUPRC

hard 0.393 ± 0.173
soft 0.403 ± 0.008

(e) Regularization coefficient

Parameter AUPRC

0.0000 0.393 ± 0.008
0.0001 0.403 ± 0.007
0.0010 0.395 ± 0.173

(f ) Regularization coefficient

0.0 0.0001 0.001
Regularization coefficient

0.20

0.25

0.30

0.35

0.40

0.45

0.50

0.55

AU
PR

C

Mean Performance
Std. Dev.

(g) EMA rate

Parameter AUPRC

0.00 0.393 ± 0.017
0.05 0.403 ± 0.004
0.25 0.396 ± 0.008
0.50 0.293 ± 0.173
0.75 0.393 ± 0.007
0.95 0.389 ± 0.008

(h) EMA rate

0.0 0.05 0.25 0.5 0.75 0.95
EMA rate

0.20

0.25

0.30

0.35

0.40

0.45

AU
PR

C

Mean Performance
Std. Dev.

(i) Number of clusters

Parameter AUPRC

3 0.393 ± 0.007
5 0.403 ± 0.007
7 0.396 ± 0.003
9 0.395 ± 0.017
11 0.389 ± 0.173

(j ) Number of clusters

3 5 7 9 11
Number of clusters

0.20

0.25

0.30

0.35

0.40

0.45

0.50

0.55

AU
PR

C

Mean Performance
Std. Dev.

(k) Membership threshold

Parameter AUPRC

0.80 0.393 ± 0.008
0.85 0.395 ± 0.173
0.90 0.403 ± 0.017

(l) Membership threshold

0.8 0.85 0.9
Membership threshold

0.20

0.25

0.30

0.35

0.40

0.45

0.50

0.55

AU
PR

C

Mean Performance
Std. Dev.
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Table 18: Ablation results over various parameters for K-means trained on HiRID for mortality prediction.

(a) Initialization

Parameter AUPRC

k-means++ 0.631 ± 0.080
prior 0.615 ± 0.026

(b) Unification

Parameter AUPRC

bias 0.631 ± 0.080
bias avg linear 0.615 ± 0.009
bias ext catzero 0.584 ± 0.078
bias sum linear 0.602 ± 0.014

(c) Merge

Parameter AUPRC

attention 0.631 ± 0.080
mean 0.615 ± 0.078

(d) Regularization type

Parameter AUPRC

hard 0.631 ± 0.080
soft 0.602 ± 0.078

(e) Regularization coefficient

Parameter AUPRC

0.0000 0.626 ± 0.080
0.0001 0.615 ± 0.078
0.0010 0.631 ± 0.009
0.1000 0.431 ± 0.017

(f ) Regularization coefficient

0.0 0.0001 0.001 0.1
Regularization coefficient

0.40

0.45

0.50

0.55

0.60

0.65

0.70

AU
PR

C

Mean Performance
Std. Dev.

(g) EMA rate

Parameter AUPRC

0.00 0.604 ± 0.012
0.05 0.626 ± 0.015
0.25 0.607 ± 0.028
0.50 0.602 ± 0.078
0.75 0.564 ± 0.080
0.95 0.631 ± 0.026

(h) EMA rate

0.0 0.05 0.25 0.5 0.75 0.95
EMA rate

0.40

0.45

0.50

0.55

0.60

0.65

0.70

AU
PR

C

Mean Performance
Std. Dev.

(i) Number of clusters

Parameter AUPRC

3 0.626 ± 0.080
5 0.631 ± 0.009
8 0.534 ± 0.078

(j ) Number of clusters

3 5 8
Number of clusters

0.40

0.45

0.50

0.55

0.60

0.65

0.70

AU
PR

C

Mean Performance
Std. Dev.
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Table 19: Ablation results over various parameters for Fuzzy K-means trained on HiRID for mortality pre-
diction.

(a) Initialization

Parameter AUPRC

k-means++ 0.597 ± 0.040
prior 0.629 ± 0.059

(b) Unification

Parameter AUPRC

bias 0.608 ± 0.012
bias avg linear 0.610 ± 0.040
bias ext catzero 0.620 ± 0.059
bias sum linear 0.629 ± 0.016

(c) Merge

Parameter AUPRC

attention 0.620 ± 0.059
mean 0.629 ± 0.040

(d) Regularization type

Parameter AUPRC

hard 0.629 ± 0.040
soft 0.610 ± 0.059

(e) Regularization coefficient

Parameter AUPRC

0.0000 0.629 ± 0.016
0.0001 0.468 ± 0.059
0.0010 0.595 ± 0.040

(f ) Regularization coefficient

0.0 0.0001 0.001
Regularization coefficient

0.40

0.45

0.50

0.55

0.60

0.65

AU
PR

C

Mean Performance
Std. Dev.

(g) EMA rate

Parameter AUPRC

0.25 0.629 ± 0.059
0.50 0.610 ± 0.040
0.75 0.620 ± 0.015
0.95 0.597 ± 0.016

(h) EMA rate

0.25 0.5 0.75 0.95
EMA rate

0.40

0.45

0.50

0.55

0.60

0.65

0.70

AU
PR

C

Mean Performance
Std. Dev.

(i) Number of clusters

Parameter AUPRC

3 0.610 ± 0.012
4 0.608 ± 0.008
5 0.374 ± 0.059
6 0.620 ± 0.015
8 0.629 ± 0.040

(j ) Number of clusters

3 4 5 6 8
Number of clusters

0.40

0.45

0.50

0.55

0.60

0.65

0.70

AU
PR

C

Mean Performance
Std. Dev.

(k) Fuzzy coefficient

Parameter AUPRC

2 0.610 ± 0.012
5 0.629 ± 0.059
10 0.597 ± 0.016

(l) Fuzzy coefficient

2.0 5.0 10.0
Fuzzy coefficient

0.40

0.45

0.50

0.55

0.60

0.65

0.70

AU
PR

C

Mean Performance
Std. Dev.
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Table 20: Ablation results over various parameters for GMM trained on MIMIC for decompensation predic-
tion.

(a) Initialization

Parameter AUPRC

k-means++ 0.378 ± 0.025
prior 0.391 ± 0.006

(b) Unification

Parameter AUPRC

bias 0.385 ± 0.005
bias avg linear 0.391 ± 0.012
bias ext catzero 0.364 ± 0.025
bias sum linear 0.377 ± 0.011

(c) Merge

Parameter AUPRC

attention 0.391 ± 0.025
mean 0.381 ± 0.012

(d) Regularization type

Parameter AUPRC

hard 0.380 ± 0.012
soft 0.391 ± 0.025

(e) Regularization coefficient

Parameter AUPRC

0.0000 0.385 ± 0.011
0.0001 0.391 ± 0.007
0.0010 0.378 ± 0.025
0.1000 0.377 ± 0.012

(f ) Regularization coefficient

0.0 0.0001 0.001 0.1
Regularization coefficient

0.30

0.32

0.34

0.36

0.38

0.40

0.42

AU
PR

C

Mean Performance
Std. Dev.

(g) EMA rate

Parameter AUPRC

0.00 0.385 ± 0.012
0.05 0.373 ± 0.006
0.25 0.381 ± 0.011
0.50 0.378 ± 0.025
0.75 0.374 ± 0.007
0.95 0.391 ± 0.003

(h) EMA rate

0.0 0.05 0.25 0.5 0.75 0.95
EMA rate

0.30

0.32

0.34

0.36

0.38

0.40

0.42

AU
PR

C

Mean Performance
Std. Dev.

(i) Number of clusters

Parameter AUPRC

2 0.385 ± 0.025
3 0.381 ± 0.012
4 0.377 ± 0.009
5 0.391 ± 0.007
8 0.381 ± 0.011

(j ) Number of clusters

2 3 4 5 8
Number of clusters

0.30

0.32

0.34

0.36

0.38

0.40

0.42

AU
PR

C

Mean Performance
Std. Dev.

(k) Covariance type

Parameter AUPRC

diagonal 0.381 ± 0.011
full 0.391 ± 0.012

spherical 0.385 ± 0.025
tied 0.381 ± 0.004
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Table 21: Ablation results over various parameters for K-means trained on MIMIC for mortality prediction.

(a) Initialization

Parameter AUPRC

k-means++ 0.525 ± 0.106
prior 0.516 ± 0.068

(b) Unification

Parameter AUPRC

bias 0.520 ± 0.014
bias avg linear 0.520 ± 0.015
bias ext catzero 0.503 ± 0.068
bias sum linear 0.525 ± 0.106

(c) Merge

Parameter AUPRC

attention 0.515 ± 0.012
mean 0.525 ± 0.106

(d) Regularization type

Parameter AUPRC

hard 0.520 ± 0.015
soft 0.525 ± 0.106

(e) Regularization coefficient

Parameter AUPRC

0.0000 0.525 ± 0.014
0.0001 0.515 ± 0.012
0.0010 0.520 ± 0.068
0.1000 0.498 ± 0.106

(f ) Regularization coefficient

0.0 0.0001 0.001 0.1
Regularization coefficient

0.40

0.45

0.50

0.55

0.60

AU
PR

C

Mean Performance
Std. Dev.

(g) EMA rate

Parameter AUPRC

0.00 0.520 ± 0.014
0.05 0.497 ± 0.009
0.25 0.525 ± 0.006
0.50 0.508 ± 0.015
0.75 0.515 ± 0.013
0.95 0.520 ± 0.106

(h) EMA rate

0.0 0.05 0.25 0.5 0.75 0.95
EMA rate

0.40

0.45

0.50

0.55

0.60

0.65

AU
PR

C

Mean Performance
Std. Dev.

(i) Number of clusters

Parameter AUPRC

3 0.516 ± 0.106
5 0.520 ± 0.031
8 0.525 ± 0.014

(j ) Number of clusters

3 5 8
Number of clusters

0.40

0.45

0.50

0.55

0.60

0.65

AU
PR

C

Mean Performance
Std. Dev.
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