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Abstract—Clinical time series are often irregularly sampled,
with varying sensor frequencies, missing observations, and mis-
aligned timestamps. Prior approaches typically address these ir-
regularities by interpolating data into regular sequences, thereby
introducing bias, or by generating inconsistent and uninter-
pretable relationships across sensor measurements, complicating
the accurate learning of both intra-series and inter-series depen-
dencies. We introduce WaveGNN, a model that operates directly
on irregular multivariate time series without interpolation or
conversion to a regular representation. WaveGNN combines
a decay-aware Transformer to capture intra-series dynamics
with a sample-specific graph neural network that models both
short-term and long-term inter-sensor relationships. Therefore,
it generates a single, sparse, and interpretable graph per sample.
Across multiple benchmark datasets (P12, P19, MIMIC-III,
and PAM), WaveGNN delivers consistently strong performance,
whereas other state-of-the-art baselines tend to perform well on
some datasets or tasks but poorly on others. While WaveGNN
does not necessarily surpass every method in every case, its
consistency and robustness across diverse settings set it apart.
Moreover, the learned graphs align well with known physiological
structures, enhancing interpretability and supporting clinical
decision-making.

Index Terms—irregular time series, graph neural networks,
transformers, clinical outcomes

I. INTRODUCTION

Continuous monitoring devices, electronic health-record
(EHR) systems, and wearable sensors now produce vast clin-
ical time-series. Effectively modeling these datasets is cru-
cial for downstream applications such as precision medicine,
monitoring patient health, optimizing treatments, and manag-
ing disease outbreaks. Unlike the ideal, uniformly sampled
sequences assumed in classical time-series analysis, clinical
measurements often exhibit irregularities, caused by sensor
malfunctions, different sampling rates across sensors, and cost-
saving measures [/1[]. This variability in data collection renders
traditional machine learning approaches, which rely on a fixed
number of regularly sampled observations across all sensors,
ineffective for accurate predictions [1]], [2].

Understanding clinical time series requires capturing both
the individual progression of each physiological signal and
how different signals interact over time. For example, track-
ing heart rate in isolation provides only partial informa-
tion, whereas modeling its temporal relationship with blood
pressure can reveal important clinical patterns. Incorporating

such inter-series dependencies is essential for improving di-
agnostic accuracy. Consequently, modelling these data poses
two coupled challenges: (1) Intra-series irregularity, where
each sensor records observations at uneven intervals and
frequently experiences missing measurements. (2) Inter-series
discrepancy, where different sensors operate at varying fre-
quencies, resulting in misaligned, unequal-length sequences.
These complexities significantly hinder traditional modeling
methods, emphasizing the need for novel approaches capable
of effectively addressing both types of irregularities.

A large body of prior work addresses intra-series irregular-
ity. One line of methods applies interpolation or imputation to
fill missing values, converting irregular series into regularly
sampled sequences for downstream models [3]-[5]. While
effective in some cases, these methods risk distorting temporal
patterns and removing information carried by the structure
of missingness itself. Alternative approaches such as GRU-
D [6] and Neural ODEs [7/] avoid imputation by directly
modeling irregular time intervals, but they typically operate
on each sensor independently and do not account for inter-
series interactions. This independence overlooks the fact that
measurements from related sensors often exhibit strong depen-
dencies (e.g., correlations between heart rate and respiration),
so leveraging inter-series dynamics can help impute missing
values more accurately and preserve meaningful temporal pat-
terns. Without modeling such inter-series relationships, intra-
series imputation risks being less reliable, particularly when
data sparsity is severe.

Recent work has attempted to model inter-variable depen-
dencies in irregular time series, but these approaches intro-
duce key limitations. Many methods, such as UTDE [3§],
T-PatchGNN [9], and Warpformer [10]], bypass irregularity
by first converting the entire irregular MTS into a regularly
spaced representation. UTDE applies learned interpolation to
fill in missing values, T-PatchGNN divides each signal into
fixed-length patches, and Warpformer transforms signals onto
a shared grid by downsampling high-frequency sensors and
upsampling sparse ones. These transformations can distort
temporal patterns and remove information carried by miss-
ingness. They also introduce additional hyperparameters such
as patch size, stride, and grid resolution, which require tuning
for each dataset. Moreover, these models do not produce a
consistent or interpretable structure across variables, making
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it difficult to understand or trust the relationships they learn
in critical domains like healthcare.

On the other hand, graphs have long been used to model
structured and interpretable relationships. Recently, graph-
based architectures have been adopted to explicitly model
inter-variable dependencies in irregular time-series, aiming to
address inter-series discrepancy. This is particularly desirable
in healthcare, where understanding interactions between phys-
iological signals is critical for decision-making [1f]. Recent
graph-based techniques for modeling clinical time series, T-
PatchGNN [9] and GraFITi [[11], often face critical limitations:
they either construct multiple fragmented graphs that are
difficult to aggregate into a coherent representation, or they
restrict interactions between variables only through simulta-
neous observations, failing to model relationships effectively
when sensor data are not aligned. Additionally, many of
these methods do not produce an interpretable, unified graph
structure, undermining transparency and limiting their clinical
applicability. We compare with both models in our experi-
ments and analyze their limitations in Section [V| alongside a
detailed discussion in Section

To address the limitations of existing approaches, we pro-
pose WaveGNN, a model that jointly captures intra-series ir-
regularity and inter-series dependencies without converting the
data to a regular format or introducing task-specific architec-
tural hyperparameter WaveGNN combines a Transformer-
based temporal encoder with a single dynamic graph neural
network that operates over sensors, enabling direct modeling
of both intra-series temporal patterns and inter-sensor relation-
ships.

The Transformer-based encoder models each sensor inde-
pendently. It uses masked attention to ignore missing values
during computation and applies relative time encodings to
capture the time gaps between observations. To account for
the fact that recent measurements are often more relevant
than older ones in clinical settings, the encoder includes a
learnable decay mechanism that assigns lower weights to older
inputs. This design allows the model to process irregular input
sequences directly, without requiring imputation, interpolation,
or resampling.

On top of the per-sensor representations, the dynamic
graph module constructs a sparse, interpretable graph for each
sample. Each sensor is treated as a node, and edges are
formed based on two signals: (1) local similarity derived from
Transformer representations within a time window and (2)
global relationships encoded via learnable embeddings shared
across all samples. A gating mechanism balances these short-
term and long-term signals. The resulting graph reflects both
sample-specific and population-level dependencies, and its
structure is adapted dynamically for each sample. GNN layers
propagate information across this graph to form a compact
representation used for downstream classifications. Unlike
prior models, WaveGNN produces a single, stable interaction

ICode and data pointers are available at https://github.com/USC-InfoLab/
‘WaveGNN/,

graph per sample that is both clinically interpretable and robust
to irregular sampling.

We evaluate WaveGNN on four real-world healthcare
datasets covering binary, multi-class, and multi-label classifi-
cation tasks. Across all benchmarks, WaveGNN demonstrates
consistent performance, achieving the lowest average rank
(1.67) across 12 evaluations. The model is also highly robust
to missing data: across experiments simulating different levels
of missingness, WaveGNN outperforms all baselines in 20
out of 24 experiments and ranks second in the remaining
four, with relative F1 improvements of up to 12.3% on
PAM. Ablation studies further show the necessity of jointly
modeling inter- and intra-series dependencies, with F1 drops
of 35.3% and 15.1% when these components are removed. Fi-
nally, WaveGNN produces interpretable graphs whose learned
dependencies align with known physiological relationships
(Section [V-D), highlighting its utility for clinical decisions.

The remainder of the paper is organized as follows. Sec-
tion [II] reviews related work. Section [[I] covers preliminaries
and problem definition. Section describes the WaveGNN
architecture. Section [V] presents experiments on four clinical
datasets and analyzes model interpretability. Section [VI] con-
cludes the paper.

II. RELATED WORK

Modeling Intra-Series Irregularity Intra-series irregular-
ity arises from variable sampling rates, missing values, and
uneven observation intervals within each sensor. One line of
work addresses this by converting irregular sequences into
regularly spaced time series via interpolation. For instance,
IP-Net [4] and DGM?2-O [12] apply kernel interpolation over
fixed reference points, while mMTAND [5] combines multi-head
interpolation with time-aware attention. These methods sup-
port standard architectures but risk introducing bias and losing
information inherent in the pattern of missingness [8[], [13].
An alternative direction aims to model irregular sequences
directly. GRU-D [6] incorporates exponential decay terms into
both inputs and hidden states to reflect temporal recency.
SeFT [2] uses set functions to generate permutation-invariant
embeddings from unordered observations. Neural ODEs [7]]
model continuous-time dynamics to naturally handle irregular
sampling. While these approaches preserve temporal structure,
they typically process each sensor independently and do not
model cross-variable relationships.

Modeling Inter-Series Dependencies Capturing dependen-
cies across variables is critical in clinical time series, where
interactions, such as between heart rate and blood pressure,
can indicate physiological states. Several recent methods ad-
dress this by building inter-variable representations on top
of regularized input representation. UTDE [8]] jointly learns
interpolation functions and applies cross-variable attention
within a Transformer. Warpformer [10] resamples signals
onto a shared temporal grid via learnable downsampling and
upsampling. T-PatchGNN [9]] segments each signal into fixed-
length regularly-spaced patches and constructs local graphs to
capture short-term inter-series dependencies. However, these
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models rely on regularization that may distort temporal cues
and introduce tuning overhead via additional hyperparameters
(e.g., patch sizes, strides, or grid resolutions). Moreover,
they do not yield consistent or interpretable inter-variable
relationship structures.

Graph-Based Approaches Graph-based models offer a
natural way to encode structured and interpretable depen-
dencies in multivariate time series. Prior works that provide
interpretable relationship structures include BysGNN [14],
which constructs context-aware dynamic graphs for spatiotem-
poral forecasting, and NeuroGNN [15], which captures multi-
channel EEG interactions for seizure detection. However, these
models are designed for regularly sampled inputs.

To extend graph modeling to irregular settings, Raindrop [/1]
introduces event-based message passing over variable nodes.
However, it lacks explicit intra-series modeling, treats all
observations equally, and does not encode long-term depen-
dencies between variables. T-PatchGNN [9]] builds patch-
specific graphs, but these vary across time and do not pro-
duce a coherent interaction graph per instance. GraFITi [[11]]
constructs a bipartite graph over time and variable nodes, but
restricts interactions to co-observed timestamps, limiting its
effectiveness under heavy misalignment.

In contrast, WaveGNN integrates a decay-aware Trans-
former for intra-series encoding with a dynamic, per-sample
graph over variables that captures both short-term temporal
similarity and long-range structural dependencies. This yields
a consistent, sparse, and interpretable interaction graph for
each instance, without relying on interpolation, handcrafted
temporal alignment, or task-specific hyperparameters. Evalua-
tion is presented in Section

III. PRELIMINARIES

Definition 1 (Time Series Observation): A time series ob-
servation, sﬁﬁv, is a single measurement recorded by sensor v
at timestamp ¢ for sample . Sequential observations over time
form a time series s;, for that sample and sensor.

Definition 2 (Irregular Multivariate Time Series Dataset):
Let D = {(Si,ti,pi,yi)}, be a dataset where each S; is
an irregularly sampled multivariate time series for the i-th
sample, t; = {t;,}7_, are the corresponding timestamps,
y; € {1,...,C} is the associated categorical outcome label,
with C representing the total number of classes, and p; is
an optional set of static features (e.g., patient demographics).
Each S; consists of multiple time series, one for each sensor
v. Specifically, S; = {s;.,}7_;, where s;, is the time series
of observations recorded by sensor v for sample ¢. The
timestamps in ¢; , are irregularly spaced, meaning the intervals
between consecutive timestamps can vary.

Problem Definition (Irregular Multivariate Time Series
Classification Task) Given a dataset D = {(S;, t;, pi, vi) } ¥,
of irregularly sampled multivariate time series, the goal is to
learn a function f : S; — g; that maps the sample s;, to
a fixed-length representation g;. This representation can be
utilized to predict a label ¢; € {1,...,C} relevant to the
downstream task.

Graph Construction Graph-based Prediction
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Fig. 1. Overall WaveGNN Framework

IV. METHODOLOGY

Figure [I] presents the end-to-end pipeline of WaveGNN.
In the first step, WaveGNN allocates nodes for each sensor,
initializing their states using static features from the dataset,
like patient demographics, if available, or randomly if not.
Next, each sensor’s irregular observation sequence is embed-
ded using a customized Transformer encoder. This encoder
employs masked attention, modified temporal encoding, and
a decay mechanism to handle irregularities and capture cor-
relations within each sensor’s sequence. The node states are
updated based on these sequence embeddings to represent
the latent state of each sensor after the observed window.
In the third step, WaveGNN establishes edges that represent
the correlations across sensors to effectively utilize inter-
series correlations. This allows WaveGNN to compensate for
missing observations during the input window by leveraging
information from other related sensors to each sensor. These
edges are formed based on the updated node states, capturing
short-term relationships during the observed window, and on
learned global node embeddings, capturing long-term relation-
ships derived from the entire training dataset. Next, WaveGNN
performs message passing, updating node states to incorporate
information from inferred relationships. This allows each
sensor to benefit from other sensors’ data, reducing the impact
of irregularity. Finally, the updated node states are aggregated
into a graph-level embedding vector, which is fed into the
prediction head. The detailed steps are presented below.



A. Sensor Graph Construction

Initialization. In WaveGNN, the graph initialization step
establishes the preliminary graph structure without connecting
nodes. These will later be updated to reflect the relationships
and state of the given sample during the observed time win-
dow. The graph comprises nodes, each representing a different
sensor measuring a time-dependent feature.

For each sample ¢, each node is initialized with a state vector
derived from static features p; corresponding to the sample
(e.g., demographics such as age and gender, and clinical
contexts such as ICU types in medical downstream tasks).
If unavailable, the vectors are initialized randomly. These
features are transformed using a two-layer MLP with ReLU
activations to create high-dimensional representations that
encapsulate the sample’s baseline characteristics and provide
a sample-specific initial context for the task:

Z; = MLP(p;) (D

Here, p; represents the sample ¢’s static features and Z; =
{21, 2in} € R™M represents the matrix of initial state
vectors for all nodes where M is the embedding dimension.
Observation Embedding. For sample ¢, for each sensor v,
let the observation at time ¢ be denoted as s} . To enhance
the expressive power of our model [16]], each observation is
mapped to a higher-dimensional space using an MLP with

tanh activations:
M, = MLP(s!,) @

We use tanh activation to ensure that embeddings are centered
around zero, which helps in capturing the inconsistencies
in the observations. For instance, two observations that are
inconsistent with each other can result in embeddings that are
oppositely signed.

Temporal Encoding. To effectively capture the temporal
dynamics and patterns within each sensor’s time series, we
augment the observation embeddings with time information.
Inspired by GRU-D [6], we similarly embed the relative times-
tamps that reflect the time difference between consecutive
observations for each sensor.

To represent these time differences, we apply
Time2Vec [17], which encodes the time information into
a vector. Time2Vec includes two components: a sinusoidal
component that captures periodic patterns, and a non-periodic
transformation component that captures non-periodic patterns
and time gaps. This dual encoding enables the model to
incorporate both regular temporal cycles and irregular time
gaps between observations. This turns the time intervals
themselves into a valuable source of information rather than
merely considering the relative position of observations, as
done in the original Transformer [|18].

For each observation at time t, ;, where v indicates the
sensor and j the index of the observation, we compute the
time delta 0, ; = t, j — ty,j—1 as the difference between the
current observation time and the previous observation time for

that sensor. The time encoding vector egq, ; is then computed
as:
est, ; = Time2Vec(dt, ;) 3)

Augmenting observation embeddings with es;, , equips the
model to better recognize and utilize the underlying temporal
structure in the data.

Decay-Based Univariate Sequence Embedding. In order to
capture the intra-series correlations, we embed each irregular
sequence of observations from each sensor separately. Given
the sequence of T observation embeddings (h,, - - ,hﬁ) €
RTXM for sample 4 and sensor v, we add the témporal encod-
ing information to the observation embeddings. For simplicity,
we omit the sample index ¢ in the following equations:

hfjj (—hfﬂ —‘re&vd V] € {1»277T} (4)

Next, we pass the time-augmented sequence H, =
(Rir,---  hiT) € RT*M through a Transformer encoder,
using the mask vector M, = (my1, - ,my7) € RT as a
padding mask. Here, each m,, ; indicates whether there was an
observation at time ¢; for sensor v (1 if present, O if missing).
If the observation is missing, the corresponding Ry is a
zero-filled place-holder vector. This way, the Transformer’s
attention mechanism focuses only on the actual observations,
effectively ignoring the missing ones while embedding the real
observations:

Z,, = TransformerEncoder(H,,, M,) 5)

The output sequence Z,, = (2!, -+, 2!T) captures the intra-
series correlations, with the attention mechanism ensuring that
the presence of missing observations does not negatively affect
the representation of the observed data.

Following this, WaveGNN utilizes a decay-based weighting
scheme to aggregate the new sequence of embeddings into a
single vector. This ensures that more recent observations have
a greater influence on the final representation, as they provide
the most up-to-date information about the sample. Moreover,
WaveGNN’s weighting accounts for the irregular time inter-
vals between observations, considering that observations with
shorter intervals between them should have similar impacts
on the final embedding, whereas those with larger time gaps
should be weighted differently.

To this end, WaveGNN first calculates the time differences
of each observation from the most recent observation %, r:

vi =t —tu (6)

Next, we compute an observation weight at ¢,, ; as follows:

ot

!
Wy j =My j - € 1X 0 )

where 7 is a learned parameter that controls the decay rate.
Mask value m,, ; is multiplied so the missing observations are
ignored. The exponential function is used because it provides
a smooth decay of weights controlled by 7 as the time
differences increase, ensuring that observations further away
from the most recent time have smaller weights.



Finally, we normalize the weights using a softmax function
so that they sum up to 1:

’
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We then aggregate the embeddings to obtain a single vector
representation for the sequence using the calculated weights:

T
Azy =Y iy ;- 2l 9)
j=1

The final embedding vector Az, effectively captures the intra-
series dependencies and the importance of each observation in
sensor v. This representation is then used to update the node
state vector for the sensor:

Ziw < Ziw + A2y (10)
This update is applied in a residual manner to enhance the
gradient flow during training and allow the model to refine
the initial context derived from static features with information
from the actual observations.
Inferring Inter-series Relationships. Now that node states
are updated, WaveGNN infers the inter-node relationships
by combining two distinct types of adjacency matrices, each
representing the relationships from a different perspective:
e Dynamic Short-Term Dependencies (Ag): This matrix
is derived from the multi-head attention mechanism [18]
applied to the updated node states. It captures the temporal
similarity across node states of different sensors within the
observed window, reflecting immediate, short-term dependen-
cies among the nodes. This approach has been shown to be
effective in capturing dynamic node relationships [14], [15],
[19].
Ag = Multihead_Attention(keys = Z, queries = Z) (11)
o Static Long-Term Similarities (A ): WaveGNN learns
global node embeddings Z = {%1,...,%,} € R"™*M where
M is the embedding dimension. These embeddings reflect
long-term similarities between sensors, learned from the entire
dataset for a specific downstream task. A; matrix is then
computed using the dot product between these global node
embeddings, followed by a softmax normalization:
Ay, = softmax(Z x zZT) (12)
The final adjacency matrix A is formed by combining the
two similarity matrices using a learnable parameter «:
A=aAs+ (1— )AL (13)
This allows the model to learn which of these similarities
are more important in the downstream task. Finally, we zero
out the smallest K% of the elements in A to make the resulting
adjacency matrix sparser.

B. Graph-based Prediction

With the updated node states Z and adjacency matrix A,

the graph G = (Z, A) for the given window of observations is
constructed, encapsulating the latest node states and their inter-
relationships. We perform GNN-based message passing on
this graph to capture the node relationships through the node
embeddings. Afterward, we apply pooling and transformations
to obtain a single embedding vector representing all important
node embeddings. The final embedding is used to make the
prediction.
Message Passing. To perform message passing, the graph
is passed through a GNN block that utilizes a modified
Graph Convolutional Networks (GCN) variant [20]. In this
variant, we remove the normalization term and add residual
connections between the message-passing layers to preserve
directed relationships in the graph and mitigate oversmooth-
ing [21]], respectively. This yields the node embeddings matrix
V e R™*M’ where M’ represents the embedding dimension.
Graph Embedding. To derive a graph-level representation
from the node embeddings, two operations are performed:

e Max Pooling: Applied to the node embeddings to
extract the most significant features, helping to capture the
most expressive node attributes relevant to the prediction task.

o Transformation: All node embeddings are concatenated

into a single vector, which is then transformed via an MLP to
integrate information across all nodes.
Final Prediction. The final [-dimensional graph-level rep-
resentation g € R! is obtained by first concatenating the
outputs of the max pooling layer and the MLP-transformed
concatenated embeddings, followed by an MLP layer for
dimensionality reduction.

Finally, the graph-level embedding ¢ is utilized for the
downstream task of interest. In our approach, we pass this
through another MLP to predict the label of the samples:

§=MLP(g) (14)

Where ¢ represents the predicted class probabilities.

V. EXPERIMENTS
A. Experimental Setup

Datasets and Evaluation Setup. We evaluate WaveGNN
on four real-world healthcare datasets. P12 [22]] and MIMIC
IIT [23] contain ICU patient data, with labels indicating
survival during hospitalization (48-IHM). MIMIC III also
includes labels for multilabel phenotype classification (24-
PHE). P19 [24] focuses on sepsis detection, while PAM [25]]
is an activity monitoring dataset with labels for different
activities. P12, P19, and MIMIC III are naturally irregular
datasets, while irregularity in PAM is introduced artificially.
The dataset statistics’ are presented in Table [} For a fair
comparison, we followed the same preprocessing steps with
previous studies [1]], [26], and adopted the same dataset splits.
To that extent, the training, validation, and testing ratios for
P12, P19, and PAM is 80:10:10, and 85:7.5:7.5 for MIMIC
III. The indices of these splits are fixed across all methods



and experiments. Evaluation metrics also match those used in
prior studies to maintain consistency, and all hyperparameters
were kept the same across all datasets and experiments.

TABLE I
STATISTICS OF THE DATASETS USED IN EXPERIMENTAL STUDY.

Statistics MIMIC III P12 P19 PAM
# of samples 16,143 11,988 38,803 5,333
# of timestamps < 700 215 60 600
# of sensors 17 36 34 17
static info False True True False
missing ratio (%) 72.07 88.40 9490  60.00
imbalanced True True True False
# of classes 2 (IHM) / 25 (PHE) 2 2 8

Baselines. We compare WaveGNN to 11 methods. /P-Net [4],
DGM?-0 [12],, mTAND [5], and UTDE [13]] are interpolation-
based models. GRU-D [6], SeFT [2], MTGNN [27|], and
WarpFormer [10] are specialized architectures for modeling
irregular time series. Raindrop [1|], T-PatchGNN [9], and
GraFITi |11]] are graph-based methods that model inter-
variable relationships under irregular sampling. Among these,
GraFITi and WarpFormer represent recent state-of-the-art
models.

Dataset Preprocessing. To ensure compatibility with previous
approaches, we followed the preprocessing steps outlined
in [26]] E]for the MIMIC III dataset. For the P12, P19, and PAM
datasets, we used the preprocessed data provided by [1] E]E]El
To compare our approach with baselines, we used the same
data split indexes as provided by [[1] for P12, P19, and PAM,
and by [26] for MIMIC.

Computational Resources Our experiments were performed
on a cluster node equipped with a 24 GB NVIDIA GeForce
RTX 3090 GPU with CUDA version 11.8 and a Ryzen 9 5900
12-core processor, running on Ubuntu 20.04. Furthermore, all
neural network models are implemented based on PyTorch
version 2.2.2 and Pytorch Geometric version 2.5.3 on Python
version 3.9.19.

Hyperparameter Configuration Training Setup. All exper-
iments were run for 20 epochs using AdamW [28] with a
learning rate of le-4, dropout rate of 0.1, and weight decay of
le-5. A batch size of 4 was used with gradient accumulation
over 32 steps to achieve an effective batch size of 128.
We employed a ReduceLROnPlateau scheduler (factor 0.1,
patience 1, min LR 1e-8). Model selection was based on
AUROC (binary tasks), weighted F1 (PAM), and AUPRC (24-
PHE), with early stopping (patience 10). Each experiment
was repeated 3 times, and mean and standard deviation were
reported.

Input Window. Full observation windows were used for
P12 (max 215), P19 (60), and PAM (600). For MIMIC, we
used the last 700 timestamps to ensure memory efficiency.

WaveGNN Configuration. Static features (when available)
were embedded via a 2-layer MLP with ReLU activations
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to Z; € R'?8. Observation embeddings hf, € R were
generated via a 3-layer MLP with tanh activations. Sensor
sequences were encoded using a 2-layer Transformer with 64-
dim outputs, using 64-dim relative time encodings and an
initial decay parameter = 0.1. A linear projection then
mapped outputs to 128-dim.

Short-term sensor similarity (Ag) was computed using 8-
head self-attention. Long-term context came from a learnable
global embedding matrix Z € R#5¢ns0rsx128. o \yag initial-
ized to 0.5 to balance Ag and Ay. To maintain sparsity, we
pruned the lowest 30% of edges.

The GNN module consisted of 3 GCN layers with residual
connections, layer norm, and output dimension 128. The
graph embedding module concatenated (1) a 3-layer MLP-
transformed global node embedding and (2) a feature-wise
max pooling over all nodes, yielding a 256-dim vector. This
was passed through a final 2-layer MLP with ReL.U to produce
the task-specific output.

Additional hyperparameter details are provided in the code
readme.

B. Results

Overall Performance. We report the overall performance
of WaveGNN and competing baselines in Tables [lI| and
highlighting the best and second best scores.

WaveGNN achieves the best performance on PAM across
all metrics, underscoring its strength in multi-class activity
classification under high sparsity. On P12, it provides the top
AUPRC (49.4) and an AUROC nearly tied with DGM?2-O
(83.9 vs. 84.4, a 0.5 gap), showing competitive performance
on highly irregular mortality prediction. On P19, GraFITi
achieves higher scores, because this binary task involves much
shorter sequences, favoring interpolation-based methods.

As shown in Table on the MIMIC dataset, WaveGNN
shows mixed results on the binary 48-IHM task. While
WaveGNN improves over the next best model, UTDE, by
2.64% in F1 score, UTDE achieves a higher AUPRC. This
can be attributed to MIMIC’s lower missingness compared to
P12 and P19, which makes interpolation-based models more
competitive in this relatively easier binary task. However, in
the more complex multi-label classification task of 24-PHE
on the same dataset, WaveGNN outperforms UTDE by 23.7%
in F1 score, suggesting that imputation-based approaches are
less effective in challenging, multi-label settings.

Among graph-based baselines, Raindrop and GraFITi
achieve competitive results in specific tasks (e.g., GraFITi on
P19), but their performance fluctuates sharply across datasets.
Conversely, WaveGNN consistently ranks among the top meth-
ods under varying levels of irregularity and sequence lengths.

Consistency Across Datasets and Tasks. To evaluate
consistency in performance beyond individual benchmarks, we
compute the average rank of each method across all 12 dataset-
metric pairs. Table [[V| shows the results. WaveGNN achieves
the lowest average rank (1.67), substantially ahead of the next
best baseline (UTDE at 4.58). Moreover, WaveGNN is ranked
first in 7 cases and within the top two in 9 cases, whereas


https://github.com/YerevaNN/mimic3-benchmarks/tree/master/mimic3benchmark
https://figshare.com/articles/dataset/P19_dataset_for_Raindrop/19514338/1?file=34683070
https://figshare.com/articles/dataset/P12_dataset_for_Raindrop/19514341/1?file=34683085
https://figshare.com/articles/dataset/PAM_dataset_for_Raindrop/19514347/1?file=34683103

TABLE II
PERFORMANCE COMPARISON WITH THE STATE-OF-THE-ART ON P12, P19, AND PAM DATASETS. P12 AND P19 ARE EVALUATED ON MORTALITY AND
SEPSIS PREDICTION, RESPECTIVELY, BASED ON THE AUROC AND AUPRC METRICS. THE PAM DATASET IS EVALUATED ON ACTIVITY CLASSIFICATION
IN TERMS OF (WEIGHTED) ACCURACY, PRECISION, RECALL, AND F1 SCORE. THE REPORTED VALUES ARE AVERAGED ACROSS 3 INDEPENDENT RUNS.
BEST AND SECOND BEST VALUES ARE HIGHLIGHTED.

Methods P12 P19 PAM
AUROC AUPRC AUROC AUPRC Accuracy Precision Recall F1 score
GRU-D 819 £36 461 +£47 839+17 469 £+ 2.1 833+ 16 846+£12 852+16 848+12
SeFT 739 +£25 31.1+41 787 +24 31.1 £28 67.1 £22 700+24 682415 685+ 1.8
mTAND 842 +08 482+34 804+13 324 +£ 1.8 746 £ 43 743 +40 795+28 768 L34
IP-Net 826+ 14 476 +£ 3.1 846 £ 1.3 38.1 £ 3.7 743 £38 756 +21 7794+22 766 +28
DGM?2-0 844 + 1.6 473 + 3.1 86.7 £34 447+ 117 8244+£23 852+12 839+23 843+18
MTGNN 744 £ 67 3554+60 819+62 399 + 8.9 834+ 19 852+17 8.1+19 859+24
Raindrop 828 + 1.7 440+30 87.0+23 51.8 £5.5 885+ 15 89+£15 89+£06 8.8+£10
UTDE 81.1 £22 459+ 2.1 84.3 £ 3.1 411 +£60 904 +18 907+18 904+18 904+138
T-PatchGNN  62.1 +4.8 213+ 1.8 820+ 3.2 52.1 £23 906 £ 1.6 909+ 18 906+ 1.6 90.6+ 1.7
Warpformer 819 +28 396+16 894 +03 649 +04 914+14 O915+13 914+14 914+14
GraFITi 803+ 10 37.7+£04 905+ 1.1 660 1.7 946+05 947+05 946+05 946+£05
WaveGNN 839+ 12 494+ 15 880 09 571 £47 956+11 957 +11 956+ 11 956 + 1.1
TABLE III TABLE IV

PERFORMANCE COMPARISON WITH THE STATE-OF-THE-ART ON MIMIC
111 DATASET, FOR 48-IHM AND 24-PHE TASKS. THE PERFORMANCE OF
48-THM 1S MEASURED ON F1 AND AUPRC, AND 24-PHE ON F1
(MACRO) AND AUROC. WE REPORT THE AVERAGE RESULTS ACROSS 3
INDEPENDENT RUNS, HIGHLIGHTING BEST AND SECOND BEST VALUES.

CROSS-DATASET/TASK CONSISTENCY ACROSS ALL 12 DATASET-METRIC
EVALUATION PAIRS (P12, P19, PAM, AND MIMIC). WE REPORT
AVERAGE RANK (LOWER IS BETTER), THE NUMBER OF TIMES EACH
METHOD RANKED FIRST (TOP-1), AND THE NUMBER OF TIMES EACH
METHOD RANKED AMONG THE TOP TWO (TOP-2).

Methods 48-IHM 24-PHE
F1 AUPRC F1 AUROC

GRU-D 428 £06 459+04 190x£10 733 =£0.1
SeFT 165+ 86 239+ 05 6.1 £02 657 +£0.1
mTAND 43905 47513 19904 735=£0.1
IP-Net 372 £28 394+ 11 1794+07 735 +0.1
DGM?2-0 391 £15 378+ 15 184+02 71.7+02
MTGNN 386 +25 365+21 145+£17 706 +£0.7
Raindrop 395 £37 362+04 218+17 740=+09
UTDE 453 +07 496 £1.0 249+04 756+ 0.2
T-PatchGNN 398 + 14 361 +£08 157£16 709 +£09
Warpformer 218 £63 326+ 15 193+07 741+£02
GraFITi 288+ 1.1 371 +11 155£07 727 +£02
WaveGNN 465 +09 478+ 13 308+£02 749+0.1

competing methods rarely maintain such consistency (e.g.,
UTDE achieves top performance on some MIMIC evaluation
metrics but ranks poorly on P12 and PAM, GraFITi excels on
P19 but drops sharply on P12). These results demonstrate that
WaveGNN provides consistent performance across datasets
and tasks, avoiding the inconsistency of baselines that perform
well only under favorable conditions.

Robustness to Missing Data. We evaluate WaveGNN
under more challenging conditions where entire sensor streams
are missing, simulating real-world scenarios such as sensor
failures or deployment constraints. Following Raindrop [1f], we
experiment with two setups on the PAM dataset: (1) removing
all observations from a fixed set of the most informative
sensors, and (2) removing observations from a randomly
selected set of sensors. Table |V| reports the results for both
settings when 10%, 30%, and 50% of sensors are removed.

WaveGNN outperforms all baselines in 20 out of 24 ex-
periments and ranks second in the remaining four. Notably, it

Method Avg Rank  Top-1 Count  Top-2 Count
WaveGNN 1.67 7 9
UTDE 4.58 2 4
GraFITi 5.25 2 6
Warpformer 5.04 0 2
Raindrop 5.50 0 0
DGM2-O 6.71 1 1
GRU-D 6.62 0 0
mTAND 6.88 0 2
T-PatchGNN 7.25 0 0
IP-Net 7.88 0 0
MTGNN 8.79 0 0
SeFT 11.83 0 0

achieves up to 5% relative improvement in F1 score with 10%
sensor removal, and gains of 12.3% and 6.5% with 30% and
50% removal, respectively.

Among the baselines, Raindrop and WarpFormer are the
most competitive in robustness. In contrast, GraFITi, which
previously ranked among the top performers, suffers a signif-
icant performance drop. This drop is likely due to GraFITi’s
reliance on inter-variable interactions at shared timestamps.
When informative sensor observations are missing, the model
has less reliable information to compensate for irregularity.

Imputation-based methods such as mTAND and UTDE also
experience substantial declines in robustness with increasing
sensor removal. These approaches still try to fill in the missing
values, but with entire sensor observations missing, they have
little to no reliable data to base their imputations on. This
leads to inaccurate or biased reconstructions which affects their
robustness under missing data.

C. Ablation Study

We created different variations of WaveGNN to understand
the effectiveness of its components: w/o short-term and w/o



TABLE V
ROBUSTNESS EXPERIMENTS ON THE PAM DATASET UNDER DIFFERENT MISSING SENSOR RATIOS AND DIFFERENT SETTINGS. WE REPORT THE AVERAGE
RESULTS ACROSS 3 INDEPENDENT RUNS. BEST AND SECOND BEST VALUES ARE HIGHLIGHTED.

Experiment Setting

Leave-fixed-sensors-out

Leave-random-sensors-out

Missing sensor ratio Methods Accuracy Precision Recall F1 score Accuracy Precision Recall F1 score
10% GRU-D 654+ 1.7 726 + 2.6 643+ 53 636+ 04 | 684+ 37 7424+ 30 708+ 42 720+ 37
SeFT 589 + 23 625+ 1.8 59.6 + 2.6 596+ 26 | 400+ 19 408+ 32 410+ 07 399+ 15
mTAND 58.8 & 2.7 595+ 53 644+ 29 618+ 41 | 534+ 20 548+ 27 570+ 19 559+ 22
RAINDROP | 772 + 2.1 823 + 1.1 7844+ 19 752+ 31 | 767+ 1.8 7994+ 1.7 779+ 23 786+ 1.8
UTDE 71.8 + 1.7 76.5 + 2.6 718+ 1.7 706+ 23 | 745+ 19 7594+ 2.1 745+ 19 746+ 2.1
GraFITi 733 £ 32 75.0 &£ 2.0 733 + 32 72.6 = 2.8 753 £ 1.5 75.7 £ 2.1 753 £ 1.5 752 £ 1.8
Warpformer 863 + 1.4 86.7 £ 1.8 863 + 14 863 + 14 78.8 + 1.6 784 + 2.1 78.8 £ 1.6 784 + 1.8
T-PatchGNN | 63.8 £+ 4.5 61.5 + 8.6 63.8 + 4.5 61.8 + 6.4 65.2 + 2.1 66.8 + 1.8 65.2 + 2.1 64.0 £ 2.2
WaveGNN 869 + 22 880+ 13 869+ 22 869+ 33|82+ 15 839+ 08 82+ 15 825+ 13
Improvement \ +0.69% +1.50% +0.70% +0.70% \ +4.31% +5.00% +4.31% +4.96%
30% GRU-D 45.1 + 29 51.7+ 6.2 421+ 66 472+ 39| 580+ 20 632+ 1.7 582+ 31 593+ 35
SeFT 3274+ 23 279 + 24 3454+ 30 280+ 14 | 317+ 15 3104+ 27 320+ 1.2 280+ 1.6
mTAND 275 + 45 312+ 73 30.6 & 40 308+ 56 | 347+ 55 4344+ 40 363+ 47 395+ 44
RAINDROP | 524 + 2.8 60.9 + 3.8 5134+ 1.6 484+ 56 | 603+ 33 68.1 £ 46 603+ 33 603+ 33
UTDE 412 + 29 469 + 6.5 412+ 29 357+ 39 579 + 2.5 65.0 + 3.4 579 £ 2.5 584 + 2.8
GraFITi 59.7 £ 43 64.2 + 5.6 59.7 £ 43 589 + 52 63.5 £ 59 66.2 + 5.2 63.5 £ 59 639 £ 59
‘Warpformer 64.8 £ 5.6 67.5 + 4.1 64.8 + 5.6 62.6 + 5.7 65.3 + 4.1 64.5 + 4.1 65.3 + 4.1 63.6 + 5.0
T-PatchGNN | 439 + 3.0 36.8 + 5.1 439 + 3.0 369 £+ 3.3 59.8 £ 1.5 654 + 1.0 59.8 £ 1.5 57.7 £ 1.6
WaveGNN 712 + 28 757+ 34 712+ 28 703+ 32| 686+ 16 751+ 1.8 68.6+ 1.6 69.0 L 13
Improvement |  +9.87% +12.14% +9.87% +1230% | +5.05% +10.27% +5.05% +7.98%
50% GRU-D 373 +£ 2.7 29.6 +£ 5.9 3284+ 46 266+ 59 | 497+ 1.2 5244+ 03 425+ 1.7 475+ 12
SeFT 247 + 1.1 159 + 2.7 2534+ 26 182+ 24 | 264+ 14 2304+ 29 275+ 04 235+ 1.8
mTAND 169 £ 3.1 126 £ 5.5 170+ 1.6 1394+ 40 | 209+ 3.1 351+ 6.1 23.0+ 32 277+ 39
RAINDROP | 46.6 £ 2.6 445+ 2.6 424+ 39 380+ 40 | 4724+ 44 594+ 39 448+ 35 476+ 52
UTDE 306 £ 24 329+ 135 306+ 24 2514+ 39 | 435+ 1.7 527+ 40 4354+ 1.7 432+ 19
GraFITi 229 £ 1.2 10.6 £ 0.9 229 £ 1.2 124 £ 19 479 + 34 534 + 44 479 4+ 34 484 4+ 4.5
Warpformer 43.6 + 3.2 353 + 34 43.6 + 3.2 350 £ 2.7 53.6 + 2.1 54.0 + 2.4 53.6 + 2.1 50.7 + 3.4
T-PatchGNN | 31.0 £ 1.7 15.6 £ 6.0 31.0 £ 1.7 20.0 + 5.1 40.1 £ 1.8 29.5 + 6.1 40.1 £ 1.8 31.6 £ 0.8
WaveGNN 432 £+ 35 46.6 + 6.1 432+ 35 382+ 34| 5124+ 33 633+ 51 512+ 33 512+ 33
Improvement \ -7.29% +4.71% -0.91% +0.52% \ -4.47% +6.56% -4.47% +0.99%

long-term variants remove the Ag and Ay, similarity matrices,
so that the short- and long-term inter-series relationships
are not considered, respectively. The w/o inter-series variant
excludes the graph message passing part, so neither of the
inter-series similarity measures are considered, while the w/o
intra-series variant removes the transformer-based module and
simply averages the observation embeddings for each sensor to
obtain a univariate sequence embedding. Finally, the w/o tem-
poral encoding variant discards the temporal encoding module
and uses a simple positional encoding for the Transformer,
and the w/o decay rate variant removes WaveGNN'’s decay
mechanism, aggregating the output sequence embedding of the
Transformer with equal weights, thereby treating all sequence
observations equally.

Table presents the results of the ablation study on the
PAM dataset, showing the impact of removing various compo-
nents of WaveGNN. Our findings indicate that all components
contribute to improved performance, with the most significant
drops occurring when inter-series and intra-series relationships
are removed, leading to performance decreases of 35.3% and
15.1% in weighted F1 score, respectively. This shows the
importance of simultaneously addressing both intra-variable
dynamics and inter-variable dependencies to effectively model
irregular datasets.

Interestingly, the removal of dynamic short-term dependen-

cies has a greater negative impact on performance than the
removal of long-term dependencies. This outcome is intuitive,
as short-term dependencies between sensors within the current
input window are often more critical than long-term depen-
dencies, given their specificity to the individual sample and
time window, rather than being generalized across all samples
and time periods. For example, the relationship between a
patient’s heart rate and blood sugar level during a particular
time window might differ from the typical pattern usually seen
in that patient, possibly due to the effects of medication or
other factors, making it more relevant to focus on these short-
term dependencies.

Lastly, both the temporal encoding and the decay mech-
anism components are integral to WaveGNN’s overall per-
formance. Temporal encoding allows the model to capture
the temporal dynamics and patterns within each sensor’s time
series, while the decay mechanism ensures that more recent
data, which is often more indicative of final outcomes, is
given appropriate weight. Together, these components enable
WaveGNN to manage the timing and relevance of observations
effectively, contributing to overall performance.

D. Interpretation of Learned Sensor Graphs

In this section, we examine the interpretability of the
sensor graphs constructed by WaveGNN, using a trained
model checkpoint on the P12 dataset. Specifically, we analyze
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Fig. 2. Learned adjacency matrices capturing feature dependencies in ICU patients. (a) and (b) show dynamic short-term dependencies (Ag) for two test
samples, highlighting patient-specific variations. (c) presents the static long-term similarity matrix (Ay,), representing global feature relationships shared across

all samples.

TABLE VI
ABLATION STUDY RESULTS ON THE PAM DATASET. WE REPORT THE
AVERAGE RESULTS ACROSS 3 INDEPENDENT RUNS.

Ablation Setting \ Accuracy Precision Recall F1 score
w/o short-term 899 £19 901 £19 899 £19 898 £2.0
w/o long-term 923 £19 924 £19 923 £19 922 £19
w/o inter-series 641 +£17 635 £20 641 3.1 619 £3.1
w/o intra-series 812 £13 815 £15 812 £13 812 £14

w/o temporal encoding | 90.6 + 1.1 90.6 £ 1.0 90.6 + 1.1 904 =+ 1.2
w/o decay rate 906 £23 907 £23 90.6 +£23 905 +123
WaveGNN | 95.6 £ 1.1 957 + 1.1 956 £ 1.1 956 + 1.1

the adjacency matrices learned for two distinct test samples,
which were excluded from the training set. The first sample
corresponds to a patient who remained in the ICU for more
than three days (label = 1), while the second corresponds to
a patient discharged within three days (label = 0).

As detailed in Section WaveGNN constructs two types
of adjacency matrices to model graph-based relationships: a
static, globally shared matrix Ay, encoding long-term sim-
ilarities, and dynamic, sample-specific matrix Ag, encoding
short-term dependencies within the input window. These ma-
trices capture directed pairwise relationships between sensor
features, where A;; represents the influence of feature ¢
on feature j. The final adjacency matrix is derived as a
weighted combination of Ay, and Ag, controlled by a trainable
parameter o (Equation [T3).

Figure 2] presents heatmaps of the learned adjacency ma-
trices. Rows and columns represent sensor features, while the
color intensity depicts the edge weight, indicating the strength
of pairwise feature relationships.

a) Static Long-Term Similarities (Ar): The globally
shared matrix A (Figure captures consistent long-term
feature dependencies across the dataset. For example, FiO,
(fraction of inspired oxygen) and SaO, (oxygen saturation)
exhibit a relatively strong relationship (highlighted with red
circles), aligned with the clinical understanding that FiO,
directly impacts blood oxygen levels [29]]. This global depen-
dency suggests that WaveGNN effectively captures universal

feature relationships important for modeling patient states.

b) Dynamic Short-Term Dependencies (Ag): The dy-
namic matrices Ag (Figures 2a] and [2b)) are generated for each
sample by WaveGNN’s learned graph constructor, adjusting
the graph to each patient’s unique characteristics. These matri-
ces encode short-term dependencies that vary across patients:

o For the sample with label = 1 (Figure 2a), Glasgow
Coma Scale (GCS) and Cholesterol exhibit strong con-
nections to other features (highlighted with red bars),
suggesting their importance in predicting prolonged ICU
stays. GCS is widely used to assess neurological sta-
tus, and lower scores are often associated with critical
conditions requiring extended ICU care [30]. Choles-
terol levels are linked to metabolic and inflammatory
responses, which can influence recovery time, with ab-
normalities often observed in patients with prolonged
hospitalization [31]]. The model’s identification of these
relationships aligns with clinical expectations, indicating
that WaveGNN effectively captures key physiological
dependencies associated with extended ICU stays.

o For the sample with label = 0 (Figure |7_5|), Blood Urea
Nitrogen (BUN) and Heart Rate (HR) exhibit strong
connections to other features (highlighted with red bars),
suggesting their role in characterizing shorter ICU stays.
BUN is commonly used to monitor kidney function and
metabolic stress, while HR is a key vital sign reflect-
ing physiological stability. The learned graph structure
indicates that these features are highly interconnected in
short-stay patients, aligning with the idea that acute phys-
iological changes tend to be more immediate and short-
lived [32]]. In contrast, prolonged ICU stays often involve
more complex dependencies beyond acute variations, as
seen in the previous case with GCS and Cholesterol.
These differences in feature interactions for the two sam-
ples suggest that WaveGNN effectively captures short-
term physiological variations, adjusting its graph structure
to reflect patient-specific ICU trajectories.



Notably, the values in the short-term dependency matrices
(Ag) are smaller compared to the long-term similarity matrix
(AL), as Ag refines the graph structure for each sample rather
than encoding global dependencies. The balance between these
components is controlled by the learned parameter «, which
determines the relative contributions of A; and Ag in the
final graph. For this trained checkpoint, the model has learned
« = 0.5211, indicating that short-term dependencies (Ag)
contribute slightly more than long-term similarities (Ap).

VI. CONCLUSION

We introduced WaveGNN, a novel framework for model-
ing irregular multivariate time series that avoids imputation
and operates directly on raw clinical data. By combining
a decay-aware Transformer for intra-series encoding with a
sample-specific graph neural network for inter-series mod-
eling, WaveGNN produces sparse, interpretable graphs per
instance. Our evaluation shows that WaveGNN achieves con-
sistent performance across four clinical benchmarks, obtaining
the lowest average rank across 12 evaluations. The model is
also robust to varying levels of missingness, outperforming
all baselines in 20 of 24 missing-data robustness experiments,
while providing interpretable graph structures that align with
known physiological relationships. In the future, we plan to
expand WaveGNN to support multimodal scenarios.
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