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Abstract—In this paper, we present XST-GCNN (eXplainable
Spatio-Temporal Graph Convolutional Neural Network), an in-
novative architecture designed for processing heterogeneous and
irregular Multivariate Time Series (MTS) data. Our processing
architecture captures both temporal and feature dependencies
within a unified spatio-temporal pipeline by leveraging a GCNN
that uses a spatio-temporal graph and aims at optimizing predictive
performance and explainability. For graph estimation, we propose
several techniques, including a novel approach based on the (het-
erogeneous) Gower distance. Once the graphs are estimated, we
propose two approaches for graph construction: one based on the
Cartesian product that treats temporal instants homogeneously,
and a spatio-temporal approach that considers different graphs per
time step. Finally, we propose two GCNN architectures: a standard
GCNN with a normalized adjacency matrix and a higher-order
polynomial GCNN. In addition to predictive performance, we
incorporate intrinsic explainability through architectural design
choices, complemented by post hoc analysis using GNNExplainer,
aimed at identifying key feature-time combinations that drive the
model’s predictions. We evaluate XST-GCNN using real-world
Electronic Health Record data from the University Hospital of
Fuenlabrada to predict Multidrug Resistance (MDR) in Intensive
Care Unit patients, a critical healthcare challenge associated with
high mortality and complex treatments. Our architecture outper-
forms traditional models, achieving a mean Receiver Operating
Characteristic Area Under the Curve score of 81.03 ± 2.43. Ad-
ditionally, the explainability analysis provides actionable insights
into clinical factors driving MDR predictions, enhancing model
transparency and trust. This work sets a new benchmark for ad-
dressing complex inference tasks with heterogeneous and irregular
MTS, offering a versatile and interpretable solution for real-world
applications.
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I. INTRODUCTION

GRAPHS have become powerful tools in both Machine
Learning (ML) and Signal Processing (SP) due to their

capacity to model complex interactions and capture intrinsic
relationships within structured data [1]. In real-world applica-
tions, data often originates from multiple domains and exhibits
heterogeneous characteristics, presenting a significant challenge
for graph analysis and estimation [1], [2]. This heterogeneity
spans various data types—including numerical, categorical, and
textual, among others—collected at different temporal and spa-
tial scales, further complicating traditional graph construction
methods [2], [3]. These methods frequently rely on domain-
specific adjustments for each variable or data source, leading to
inconsistent graph representations and limiting their generaliz-
ability [2], [4].

To address the complexities described above, graph learning
techniques have emerged as a powerful approach, allowing
the inference of graph topologies directly from data, without
imposing prior assumptions on the graph structure [5]. However,
conventional methods that construct multiple graphs for differ-
ent data characteristics introduce redundancy and computational
inefficiencies [6]. This highlights the need for models capable
of estimating a unified graph that integrates relationships among
heterogeneous variables while maintaining computational effi-
ciency and explainability [7], [8].

Once a unified graph that captures the relationships within
heterogeneous data is estimated, it becomes foundational for
subsequent inference and prediction tasks. Graph Convolutional
Neural Networks (GCNNs) have proven highly effective in
this context, leveraging the graph structure to capture hidden
patterns by iterating over nodes and aggregating information
from their neighbors [9]. More recent developments, such as
Spatio-Temporal Graph Neural Networks (ST-GNNs), com-
bine the strengths of GCNNs with Recurrent Neural Networks
(RNNs) to handle both spatial and temporal dependencies in
dynamic data [4], [10], [11], [12], [13]. These models have
demonstrated significant potential in solving complex problems
involving heterogeneous and dynamic datasets [10].
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In response to the challenges of heterogeneous temporal data,
we propose the eXplainable Spatio-Temporal Graph Convolu-
tional Neural Network (XST-GCNN). This architecture is de-
signed to efficiently capture and integrate Spatio-Temporal (ST)
relationships within irregular Multivariate Time Series (MTS).
Unlike conventional models, XST-GCNN unifies discrete and
continuous data types into a cohesive graph representation,
allowing for the modeling of complex, domain-spanning in-
teractions. This approach not only estimates a single graph
that encapsulates both spatial and temporal dependencies but
also integrates explainability through architectural design and
post hoc method, essential for clinical decision-making. By
capturing both local and global relationships within medical
data, XST-GCNN offers a robust solution for enhancing outcome
prediction and supporting decisions in high-stakes environments
such as healthcare.

The effectiveness of the XST-GCNN architecture is demon-
strated through a case study on real-world medical data from
the Intensive Care Unit (ICU) of the University Hospital of
Fuenlabrada (UHF), addressing the critical issue of Multidrug
Resistance (MDR). Recognized by the World Health Organi-
zation as a growing global threat, MDR complicates infection
treatments, increases mortality rates, and imposes significant
pressures on healthcare systems [14], [15]. It is important to
highlight that MDR is an alarming subset of Antimicrobial
Resistance (AMR). The dataset, derived from Electronic Health
Records (EHRs) of the ICU-UHF, was modeled as irregular MTS
and included heterogeneous features such as real-valued and
discrete variables. EHRs are frequently used to address a range
of healthcare challenges, including early detection of sepsis,
prediction of patient deterioration, and personalized treatment
planning [16]. The inherent irregularity and variability in EHR
data, recorded at varying intervals across different patients, ex-
acerbate the limitations of traditional Time Series (TS) models,
which struggle to provide accurate and interpretable predictions
in clinical settings [4]. Graph-based models, on the other hand,
excel in representing the intricate relationships within clinical
data as networks, facilitating more comprehensive analysis and
better clinical insights [5].

By capturing detailed, interconnected relationships within
biomedical data, graph-based models enhance the integration
and analysis of critical healthcare information, such as patient
histories, diagnoses, and treatments [5], [17]. When combined
with advanced SP techniques, these models significantly im-
prove the extraction of meaningful patterns from clinical data,
boosting both explainability and predictive performance [18].
GCNNs, in particular, have revolutionized medical informatics
by leveraging graph structures to reveal hidden patterns and
improve the explainability of clinical data [19]. This is especially
valuable for assessing patient conditions and predicting clinical
outcomes. Despite their potential, current research in GCNNs
often overlooks the unique challenges posed by irregular MTS,
such as varying recording frequencies and the heterogeneous
nature of clinical data.

The XST-GCNN architecture proposed in this paper directly
addresses these challenges (heterogeneity, irregular MTS, spa-
tial and temporal dependencies, and the need for explainability)

by integrating spatial and temporal dependencies within hetero-
geneous clinical data, offering a unified, interpretable architec-
ture that enhances clinical decision-making in the context of
MDR.

A. Related Work

The heterogeneity in real-world data has led to growing
interest in architectures that support representation and learning
in heterogeneous graphs [20], [21]. Various approaches address
this heterogeneity from different perspectives: [21] explores the
integration of natural language and code snippets, focusing on
structural and semantic heterogeneity across mixed domains,
while [20] models recommendation systems using heteroge-
neous graphs defined by multiple nodes and relation types.
In [22], heterogeneity is examined as a combination of node
and edge types within information networks, employing meta
paths to interpret relational dependencies.

A comprehensive review of the state-of-the-art reveals that,
while these studies provide valuable insights into managing di-
verse data types within heterogeneous graphs, most approaches
are limited to independently estimating graphs for each data
type—categorical, sequential, or numerical, among others [2],
[21]. However, while some GNN frameworks support multiple
data types, there is still no unified architecture for the combined
integration of continuous and discrete data in a single model
designed for classification or prediction tasks [2], [20], [22].
Graph estimation across varied data contexts, as well as devel-
oping representations that integrate multiple heterogeneous data
types, remains an open area, especially in MTS analysis. Despite
recent advancements, challenges persist in learning from hetero-
geneous graphs that integrate continuous and discrete data. This
integration, compounded by temporal irregularity, introduces
distinct challenges for inference and learning in graph-based
models.

Further exploration of state-of-the-art methods for manag-
ing ST relationships in graph-based architectures reveals two
dominant approaches: spectral-based and spatial-based meth-
ods [2], [23]. ST-GNNs can also be categorized by how they
incorporate temporal variation—either through an auxiliary ML
model specifically for temporal dependencies or by embedding
time directly within the graph structure [23]. Hybrid ST-GNNs
often combine spatial modules, such as spectral graph networks,
spatial GNNs [11], or graph transformers, with temporal aspects
captured by models like RNNs or transformers [23]. Another
approach embeds temporal information within the GNN itself,
representing time as a signal, axis, subgraph, or through layer-
stacking techniques [23], [24]. Despite recent advancements, a
significant gap remains in developing models that fully integrate
temporal dimensions within the graph structure, allowing GC-
NNs to process time as an intrinsic part of graph topology and
thereby simplifying architectural complexity [2].

After conducting a state-of-the-art review from a methodolog-
ical perspective, in the clinical domain, traditional ML and Deep
Learning (DL) models, such as Neural Networks (NNs), Gated
Recurrent Units (GRUs), and transformers, have been widely
used to address MDR prediction or simplifications thereof [25],
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[26]. While these models often achieve high performance in
predicting MDR, many approaches focus on short-term patterns
or individual input instances within limited contexts, restrict-
ing their ability to capture the complex temporal dependen-
cies crucial for comprehensive MDR prediction [27], [28]. Our
previous work on MDR prediction in ICU settings focused on
feature selection across independent time points [29], improving
explainability yet constraining temporal dependency use [25],
[30]. More recently, we implemented a GRU model with ex-
plainable artificial intelligence methods adapted for irregular
MTS data [26], enhancing explainability but still lacking full
integration of ST relationships.

In contrast, recent graph-based approaches have shown sig-
nificant promise in capturing complex clinical interactions, par-
ticularly for AMR and MDR prediction. These methods leverage
GNNs to model intricate relationships among clinical, microbi-
ological, and environmental factors, enhancing prediction per-
formance for MDR cases [31], [32]. For instance, GNNs applied
to predict MDR infections in Enterobacteriaceae have demon-
strated advantages over traditional models [32], while GCNNs
have enhanced performance in antiviral drug prediction [31].
However, most studies remain focused on specific organisms or
resistance mechanisms rather than providing a broader frame-
work for MDR prediction across multiple pathogens with hetero-
geneous and irregular MTS data. These limitations underscore
the need for models incorporating dynamic temporal dependen-
cies essential in diverse clinical scenarios.

Building on these advancements, our proposed XST-GCNN
architecture uniquely integrates ST graph analysis to capture
both temporal dynamics and spatial relationships within clinical
data. This approach is aligned with recent developments in the
medical field, such as [33], which introduced an ST antibiogram
predictor, and [34], which applied an ST-GNN for various
healthcare applications.

B. Contributions and Paper Outline

This section outlines our main contributions beyond the
state-of-the-art, first methodologically and then in relation to
MDR prediction. It also provides a roadmap for the architecture
description and validation in the following sections. From the
point of view of methodology, we introduce XST-GCNN, a
graph-based DL architecture for irregular and heterogeneous
MTS, with the following features:
� Joint modeling of temporal and feature dependencies: We

propose an ST architecture that captures temporal and fea-
ture interactions within a unified architecture. The GCNN
operates on a graph whose nodes are time-feature pairs,
enhancing the representation of complex dependencies
often overlooked in traditional methods.

� Innovative graph estimation and GCNN design: We
explore several graph estimation techniques, including
correlation-based methods, graph smoothness, and our
novel Heterogeneous Gower Distance (HGD), designed
for datasets with discrete and real-valued variables and
compatible with Dynamic Time Warping (DTW). These
approaches are used to construct two types of graph

representations: i) a Cartesian Product Graph (CPG), which
preserves stable feature relationships over time, and ii)
an ST Graph (STG), which adapts the feature-to-feature
relationship for each time step.

� Adaptive GCNN architecture for ST data: At each layer,
our GCNN, which supports both CPG and STG repre-
sentations, can implement either a simple aggregation by
processing the data with the normalized adjacency matrix
or a more sophisticated higher-order polynomial filter able
to deal with heterophilic data. This adaptability allows
the model to generalize across diverse datasets, balancing
complexity, predictive performance, and robustness.

� Emphasis on explainability alongside performance: In ad-
dition to high predictive performance, we prioritize ex-
plainability. Our model identifies key feature-time step
combinations, providing insights into classification out-
comes. Explainability stems from the model’s transpar-
ent design, while explainability uses supplementary tech-
niques to clarify feature impact. Together, these qualities
aid clinical decision-making and contribute to building
trust in AI-driven predictions.

From the point of view of applicability, we validate the
architecture in the specific context of MDR prediction using ST
data from EHRs, demonstrating its effectiveness in real-world
clinical scenarios. Relevant contributions in this regard include:
� Clinical decision support: XST-GCNN enhances clinical

decision-making by identifying feature-time step combi-
nations that are essential for accurate MDR predictions,
thereby improving model explainability and providing ac-
tionable insights for clinicians.

� Superior predictive performance: XST-GCNN outper-
forms traditional ML and DL approaches in classifying
MDR in ICU patients, demonstrating its effectiveness in
improving clinical outcomes.

� Innovative application in MDR prediction: This work rep-
resents a novel approach in healthcare analytics by ap-
plying graph-based methodologies specifically tailored for
MDR prediction, highlighting the flexibility and robustness
of the XST-GCNN architecture.

The remainder of this paper is organized as follows. Section II
details the methods and architectures within the XST-GCNN
architecture, Section III describes the case study and experi-
mental validation, and Section IV concludes with key findings
and future research directions.

II. PROPOSED DATA PROCESSING ARCHITECTURE

This section introduces the proposed XST-GCNN architec-
ture, specifically designed to address the challenges of irregular
MTS and heterogeneous features, with a focus on EHR data.
As shown in Fig. 1, the architecture is meticulously crafted to
capture these complexities while enhancing explainability. We
begin by defining essential notation, followed by an in-depth
discussion of the graph learning and representation techniques
employed. The section concludes with two specific GCNN
designs tailored to process irregular MTS, yielding predictions
that exploit the ST dependencies inherent in the dataset used.
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Fig. 1. Proposed XST-GCNN architecture for inference tasks using irregular MTS and heterogeneous features. The architecture employs relatively advanced SP
techniques, including graph estimation based on correlations, smoothness constraints, and distance measures such as HGD and DTW. The graph representation is
modeled as an STG or CPG, capturing both temporal and spatial dependencies. Two definitions for the GCNN layer are proposed: Standard GCNNs with Normalized
Adjacency and Higher-Order Polynomial GCNNs. These layers are followed by LeakyReLU activation and dropout layers before passing through Fully Connected
(FC) layers and a sigmoid activation for the final inference task. The architecture also emphasizes explainability, incorporating both pre-hoc and intrinsic methods.
Pre-hoc explainability is achieved through node importance analysis during the graph representation and estimation phases. Intrinsic explainability is provided
through analysis on both real and synthetic data during and after the architecture training. This includes the consideration of synthetic Kronecker delta signals to
assess the sensitivity of the architecture with respect to each of the inputs. The combined approach put forth contributes to improved decision-making and a deeper
understanding of the model’s behavior.

A. Notation

We define our patient dataset as D = {(Xp, yp)}Pp=1, where
P denotes the total number of patients. The p-th patient is char-
acterized by a feature matrix Xp ∈ RF×T , with F representing
the number of features and T the number of time steps. The
t-th column of Xp, denoted by [Xp](:,t), is a vector comprising
the F features of patient p at time t. Conversely, the f -th row
of Xp, denoted by [Xp](f,:), represents the TS of feature f for
the p-th patient across all T time steps. Notice that in most
clinical applications, some of the features are real-valued while
others are binary. This presents several challenges, including
the selection of proper metrics to construct graphs, which will
be discussed in more detail in subsequent sections. Moving on
to the labels, patients are classified based on the presence of
MDR pathogens during their ICU stay. Specifically, patients
with at least one positive culture for MDR are assigned to the
MDR class, while those without are classified as non-MDR. In
this binary classification task, yp = 1 indicates that patient p
developed MDR, and yp = 0 indicates a non-MDR patient. The
model’s task is to predict these labels, with the predicted soft
label for the p-th patient being denoted as ŷp ∈ [0, 1].

The input MTS considered in this paper is heterogeneous and
two-dimensional, which challenges traditional DL approaches.
As explained in detail next, our approach is to build an ST graph
that jointly models dependencies across features and time steps,
and processes the information with a GCNN that leverages con-
volutions in the ST graph to integrate the information collected
in the input MTS.

B. Graph-Learning Methods

Having established the notation, we now delve into the funda-
mental concepts of (directed) weighted graphs and the methods
employed to estimate these graphs, which are pivotal to our
architecture. A weighted graph is represented asG = (V, E ,W),
where V = {1, . . . , N} denotes the set of nodes, E ⊆ V × V

represents the set of edges, and W : E → R+ is a weight func-
tion assigning positive real values to each edge [35]. These
weights indicate the strength or capacity of the connections
between nodes.

Graphs can be categorized as either directed or undirected.
In a directed graph, edges have a specific orientation, denoted
by pairs (i, j) ∈ E , indicating a connection from node i to
node j [36]. Directed graphs distinguish between out-neighbors
and in-neighbors, represented as N out

i = {j ∈ V | (i, j) ∈ E}
and N in

i = {j ∈ V | (j, i) ∈ E}, respectively. Conversely, an
undirected graph is a special case where each pair of nodes
is connected in both directions, represented by a symmet-
ric adjacency matrix [37]. In undirected graphs, the neigh-
boring set of a node i is defined as Ni = {j ∈ V | (i, j) ∈
E}. The graph is commonly represented by a weighted adja-
cency matrix A, an N ×N matrix where [A]ij > 0 indicates
the weight of the edge (i, j) ∈ E [35]. This matrix may be
asymmetric for directed graphs, while it remains symmetric
for undirected graphs. In symmetric graphs, another popular
matrix is the graph Laplacian L, which is defined as L =
D−A, where D is the (diagonal) degree matrix that satisfies
D = diag(A1).

Within this paper the estimated graphs are weighted and,
when considering time dependencies, directed. Two graph rep-
resentation approaches are considered. In the first one, each
node represents a particular feature-time tuple (f, t), so that
V = {1, . . . , F} × {1, . . . , T}. In the second one, each node
represents a particular feature f , so that V = {1, . . . , F}. De-
pending on the graph representation approach, graph estimation
can be performed by either focusing on the information from a
specific time step, denoted as X′

t ∈ RF×P , or considering the
aggregated information from all patients over time, represented
by the tensor X ′ ∈ RF×T×P .

With these considerations in mind, the next step is to discuss
the methods employed to estimate the weights associated with
the edges of these graphs (see Fig. 1). The proposed methods
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for graph computation include: a) correlation-based methods,
b) graph smoothness-based methods, and c) HGD-DTW. Thus,
the initial step involves a formal introduction to each of these
methodologies, with adaptations specific to the MDR context.
We differentiate between two distinct approaches for graph
estimation: i) analyzing the entire temporal horizon as a unified
entity, and ii) examining each temporal step as an independent
unit. These methodologies facilitate the assessment of feature
relationships by utilizing both aggregated and time-specific data,
thereby enhancing the understanding of dynamic interactions
within the dataset.

1) Correlation-Based Methods: A simple yet effective
method to draw links between pairs of nodes is to quantify
the level of correlation between the features associated with
the nodes. Since we consider a heterogeneous setting where
some of the features are binary and some are real-valued,
we implement three distinct methods to capture the level of
association: a) the Pearson correlation coefficient [38], used
when both features are real-valued; b) the Matthews correla-
tion coefficient (aka Phi coefficient [39]), used when both
features are binary; and c) the Point-Biserial correlation coef-
ficient [39], used when one of the variables is binary and the
other is real-valued. Next, we briefly review each of these three
methods. In the following, we assume that we focus on nodes
i = 1 and j = 2, with z1 = [z

(1)
1 , z

(2)
1 , . . . , z

(K)
1 ] ∈ R1×K and

z2 = [z
(1)
2 , z

(2)
2 , . . . , z

(K)
2 ] ∈ R1×K denoting the two generic

signals associated with those two nodes, and K representing
a generic vector length.
� The Pearson correlation coefficient [38] quantifies the

linear relationship between two numerical (real-valued)
features z1 and z2. With z1 and z2 representing their
respective means over the K observations, the normalized
Pearson correlation coefficient is simply given by

rpc(z1, z2) =

∑K
k=1(z

(k)
1 − z1)(z

(k)
2 − z2),√∑K

k=1(z
(k)
1 − z1)2

∑K
k=1(z

(k)
2 − z2)2

.

(1)
� The Phi coefficient assesses the level of association be-

twesesses the level of association between two binary
features z1 and z2 ∈ R1×K [39]. Let nij(z1, z2) be the
frequency of observations corresponding to each binary
state combination of z1 and z2. Specifically, n11(z1, z2)
and n00(z1, z2) indicate the counts where both vectors
simultaneously take the values “1” and “0”, respectively,
while n10(z1, z2) and n01(z1, z2) capture the instances of
mixed states. Furthermore, let n1(z1) and n0(z1) denote
the total counts where the input vector (in this case z1) is
“1” or “0”. Then, the Phi coefficient of the pair (z1, z2) is

rφ(z1, z2)

=
n11(z1, z2)n00(z1, z2)− n10(z1, z2)n01(z1, z2)√

n1(z1)n0(z1)n1(z2)n0(z2)
.

(2)

The numerator in (2) reflects the difference in the joint
occurrences of concordant states, while the denominator

normalizes this difference by the product of the total occur-
rences, ensuring a scale-invariant measure of association.

� Finally, the Point-Biserial coefficient [39] is used when one
feature (say z1) is real-valued and the other one (say z2) is
binary. Let sz1 be the standard deviation of the numerical
feature z1, z11(z1, z2) the mean of feature z1 for the entries
where z2 is “1”, and z01(z1, z2) its counterpart for the
entries where z2 is “0”. Moreover, as in (2), the terms
n1(z2) and n0(z2) denote the number of “1’s” and “0’s”
in z2, respectively. Then, the Point-Biserial coefficient of
the pair (z1, z2) is

rpb(z1, z2)

=
z11(z1, z2)− z01(z1, z2)

sz1

√
n1(z2)n1(z2)

(n1(z2) + n0(z2))2
. (3)

The next step is to use the coefficients in (1), (2), and (3)
to build the graph. We consider first the approach where a
different graph is learned for every t. To that end, we focus
on X′

t ∈ RF×P , which is one slice of the tensor X ′. The first
step is to remove (mask) the columns of X′

t associated with
patients that, for time step t, do not have information, giving rise
to the matrix Xmasked,t = X′′ ∈ RF×Pt with Pt ≤ P . Since the
rows of X′

masked,t represent features, we compute the adjacency
of the feature-to-feature graph At by: a) computing an F × F
matrix Wt whose entry (f, f ′) is obtained using1 (1)–(3) and
b) setting to zero all the entries [Wt]ij such that |[Wt]ij | ≤ ηt,
with ηt being a pre-specified threshold. Finally, this procedure
is repeated for t = 1, . . ., T giving rise to the set of graphs with
adjacency matrices {At}Tt=1. The procedure for the case where
a single graph is used to represent the full dataset is quite similar.
To that end, we first rearrange the data in tensor X ′ ∈ RF×T×P

into the matrix X′′ ∈ RF×TP . Then, we remove (mask) the
columns of X′′ associated with (t, p) pairs with missing infor-
mation, giving rise to the matrix X′′

masked = X′′ ∈ RF×K with
K representing here the number of columns with data once the
missing information was removed. After this, we create a single
F × F matrix W, so that the (i, j)-th entry of W is set to the
Pearson/Phi/Point-biserial coefficient between the i-th and j-th
rows of X′′

masked (see footnote II-B1). Finally, the entries of W
whose magnitude is below a threshold are set to zero, giving rise
to the static adjacency matrix A.

2) Smoothness-Based Graph Estimation: Smoothness-
based graph estimation aims to learn graphs where the given
signals are smooth [40], [41], [42]. While different ways to
measure signal variability exist, the most popular in the graph
SP literature is xTLx =

∑
i,j [A]ij(xi − xj)

2 [43]. When
a set of K graph signals is given, the latter can be written
as
∑K

k=1 x
T
kLxk = tr(

∑K
k=1 xkx

T
kL) = Ktr(ĈL), with Ĉ

denoting the sample covariance matrix. To ensure that all
the features contribute the same, the sample covariance is
typically normalized, so that smoothness-based estimation
aims at learning a graph that minimizes tr(ĈnormL), where

[Ĉnorm]ij = [Ĉ]ij/
√
([Ĉ]ii[Ĉ]jj .

1The particular choice will depend on the nature of the (f, f ′) pair, using (1)
if both are real-valued, (2) is both are binary, and (3) if they are mixed.
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Among the different smoothness-based graph learning meth-
ods, we adopt the one in [42], which implements a greedy
approach to learn the edges of the graph. More specifically, the
method starts with an FC graph (i.e., a graph with F (F − 1)/2
edges), and removes the edge that reduces the graph signal
variability the most. The process is repeated iteratively until
a pre-specified value of edges (or smoothness) is reached.

As we discussed after (3), the next step is estimating the graph
in two different setups. In the first one, the goal is to learn a
graph for every time t. To that end, we use as graph signals
the columns of X′

masked,t ∈ RF×Pt , form the sample covariance
matrix Ĉnorm,t, and then use that matrix to learn At via [42]. In
the second one, the goal is to learn a single graph A. The graph
signals in this case are the columns of matrix X′′

masked = X′′ ∈
RF×K , which are used to learn the single matrix Ĉnorm.

3) Heterogeneous Gower Distance - Dynamic Time Warping:
Another popular way to build graphs is using a distance function
so that two nodes are connected if the distance between the
signals (features) associated with those nodes is below a given
threshold. Taking into account the particularities of our data,
here we implement a distance-based graph learning method
where we: i) use the HGD, which is an adaptation of the Gower
distance [44] we propose and explain below, to measure the dis-
tance between heterogeneous features, and ii) when measuring
distances between TS (i.e., when learning a single static graph),
we combine HGD with DTW, a technique used to measure
the dissimilarity between temporal sequences [45], [46]. A key
feature in DTW is that the sequences may be misaligned, which
is often the case in applications such as speech or EHR data.

First, let us consider two generic one-dimensional vectors
z1 ∈ RK and z2 ∈ RK . To enhance consistency in the compar-
ison of heterogeneous variables, we propose specific modifica-
tions to the HGD. When both z1 and z2 are continuous vari-
ables, normalization is achieved by defining the maximum val-
ues zmax

1 = max{{z(k)1 }Kk=1}, zmax
2 = max{{z(k)2 }Kk=1} and

zmax
1,2 = max{zmax

1 , zmax
2 }, and then, with a slight abuse of

notation, rescaling each variable as z(k)1 = z
(k)
1

zmax
1,2

zmax
1

and z
(k)
2 =

z
(k)
2

zmax
1,2

zmax
2

for all k. In cases where one variable (say z1) is binary,
and the other one (say z2) is continuous, the binary variable
is rescaled by setting z

(k)
1 = max{{z(k)2 }Kk=1} if z(k)1 = 1 and

z
(k)
1 = min{{z(k)2 }Kk=1} if z

(k)
1 = 0, ensuring that both vari-

ables lie within the same range. Then, the HGD between those
vectors is defined as

δHGD(z1, z2) =
1

K

K∑
k=1

|z(k)1 − z
(k)
2 |

Rk
, (4)

where Rk is the dynamic range of the k-th entry of the vector
among all the vectors in the dataset [44]. Using this defini-
tion, each of the graphs in {At}Tt=1 is learned by comput-
ing an F × F matrix W̌t whose (i, j)-th entry is [W̌t]ij =
δHGD([X

′
t](i,:), [X

′
t](j,:)). After this, we apply an exponential

transformation, so that the weights are found as

[Wt]ij = e−β[W̌t]
2
ij , (5)

with β being a temperature parameter used to tune the sensitivity
of the graph with respect to the distance. Clearly, since the trans-
formation in (5) is monotonically decreasing, smaller distances
give rise to higher weights. Finally, a thresholding operator is
applied entry-wise to set to zero edges with a small weight (i.e.,
nodes that are far apart from each other).

We move now to the setup where we use DTW to learn a single
(static) graph. Specifically, let X̌f ∈ RP×T be the slice of tensor
X ′ that contains the values of feature f for all patients and time
steps. Clearly, X̌f can be understood as an MTS with P values
per time step. The goal here is to use DTW to learn the feature-
to-feature graph A. Specifically, we build an F × F distance
matrix W̌ whose (i, j)-th entry is [W̌]ij = DTWHGD(X̌i, X̌j),
with DTWHGD representing the DTW distance computed using
the HGD. To explain how this distance is computed, let us
first define the cumulative distance matrix M ∈ R(T+1)×(T+1),
whose values are obtained using the following initialization and
recursive procedure [47]:

[M]1,1 = 0, [M]1,t+1 = ∞, [M]t+1,1 = ∞, for all t (6)

[M]t,t′ = δHGD([X̌i](:,t), [X̌j ](:,t′))

+ min{[M]t−1,t′−1, [M]t−1,t′ , [M]t,t′−1}. (7)

After filling M column by column (or row by row), the DTW
distance is obtained asDTWHGD(X̌i, X̌j) = [M]T+1,T+1; see,
e.g., [47] for additional details and motivation. While most
implementations of DTW consider scalar TS and Euclidean
distances, the distance in each step can be adapted for the dataset
at hand (in this case, HGD). The main advantage of DTW over
correlation and smoothness metrics in previous distances is that
DTW is able to deal with misaligned data.

C. Graph-Representation Approaches

The graph-learning methods detailed in the previous section
captured relationships between features. The goal in this section
is to explain how to leverage those results to deal with graphs
able to capture both spatial (i.e., feature-to-feature) and temporal
dynamics. The ultimate goal is to develop tractable graph-based
representations that effectively capture the intrinsic relationships
within irregular MTS data representation (see Fig. 1). To that
end, we consider two distinct approaches: one that leverages the
time varying graphs {At}Tt=1 (labeled as STG), and another one
that leverages the static graph A (labeled as CPG).

Spatio-Temporal Graph (STG): Our goal here is to describe a
graph GSTG whose nodes represent (f, t) tuples and, as a result,
is represented by the FT × FT adjacency matrix ASTG. The
firstF columns (rows) index the features associated with the first
time step, the second F columns (rows) the features associated
with the second time step, and so forth. For the STG approach,
we consider that: i) the relation among features changes over
time, and the strength of this relationship is given by {At}Tt=1,
and ii) the value of any feature at time step t is related to the
value of the same feature at the previous time step t− 1. This
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results in the following adjacency matrix

ASTG =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

A1 I 0 · · · 0

0 A2 I
. . .

...
...

. . .
. . .

. . . 0
...

. . .
. . .

. . . I

0 · · · · · · 0 AT

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦
, (8)

where I denotes the F × F identity matrix that establishes tem-
poral connections between features at consecutive time steps.
Notice that the model in (8) is directed, since ASTG �= A	

STG.
If additional information on the time evolution of the MTS
exists, e.g., by assuming that the MTS can be modeled as an
autoregressive (AR) process of another one, matrix I can be
replaced with the AR transition matrix.

Cartesian Product Graph (CPG): A related representation
approach can be implemented using the static feature-to-feature
A graph as input. As in the previous case, the goal is to build
an FT × FT adjacency matrix, labeled in this case as ACPG.
For the CPG approach, we consider that: i) the relation among
features does not change over time and the strength of this
relationship is given byA, and ii) the value of any feature at time
step t is related to the value of the same feature at the previous
time step. This results in a matrix ACPG that is obtained by
replacing At with A for all t = 1, . . ., T in (8).

Interestingly, this construction is equivalent to saying that the
graph GSTG is obtained by computing the CPG between the
static feature-to-feature graph and the directed path graph of
Gdp of length T [48]. To be more specific, Gdp is a graph with
T nodes whose adjacency matrix is given by [Adp]t,t+1 = 1 for
t = 1, . . ., T − 1 and zero for all other entries. Clearly, Gdp is
directed, has only T − 1 edges, and encodes the temporal pro-
gression. Using standard results of graph-theory, if two graphs
are combined using the CPG, the resulting adjacency matrix can
be obtained as

ACPG = Adp ⊕A, (9)

where⊕ represents the Kronecker sum. One advantage of the ST
structure in (9) is that the spectral properties of ACPG follow
directly from those of Adp and A [48], facilitating the analysis
and processing of signals defined over ACPG.

The graph-representations introduced in this section can be
leveraged to model the data matrix Xp (i.e., the information
associated with patient p) as a graph signal defined over either
GSTG or GCPG. Both approaches integrate temporal dynamics
within the spatial graph structure. The selection between ASTG

and ACPG will depend on the specificities of the application.
The STG approach is particularly advantageous when: i) the
relations between features are complex and vary significantly
over time, and ii) the number of samples (patients) for each time
step is sufficiently high so that the time-varying graphs can be
effectively estimated. In contrast, the CPG approach is more
suitable when: i) the relations between features do not change
too much over time, ii) data is limited, and iii) graph spectral
tools are important to process the data at hand.

D. Graph Convolutional Neural Network

Upon constructing the ST graphs, the next step is to develop
graph-based processing and learning architectures capable of
incorporating both spatial and temporal dependencies. Consid-
ering the heterogeneity found in our input data—numerical and
binary variables—as well as the success of NNs models in MDR
prediction [25], [26], the strategy proposed in this paper is to
create two GCNN architectures that take advantage of the ST
graphs described in (8) and (9).

The numerical experiments in Section III will showcase that,
by leveraging the ST relationships in the learned graphs, the
architectures proposed next significantly enhance predictive per-
formance and explainability, thereby facilitating more informed
decision-making in clinical settings.

Succinctly, the goal of our architectures is to predict the output
ŷp for the input F × T matrix Xp, which is the data associated
with patient p. To that end, we first vectorize Xp and then use
vec(Xp) as an input for a GCNN operating over a graph with
FT nodes [cf. (8) and (9)]. Finally, we apply an FC layer to
transform the output of the GCNN into the estimated label ŷp.
Numerous GCNNs have been proposed in the literature [4], two
of which are considered in this paper. The first one is the classical
GCNN proposed in [49], which at every layer only considers
linear averaging among one-hop neighbors. In contrast, the
second architecture, at every layer, implements a polynomial
graph filter with learnable coefficients [9], [50], enabling the
mixing of information from multiple-hop neighborhoods and
learning of low-pass/band-pass/high-pass frequency responses
tailored to the properties of the dataset at hand. The remainder
of this section is organized as follows. We first explain the two
GCNNs considered, along with their main differences. Then,
we describe our full DL architecture, which incorporates the
previous GCNNs as the key processing block.

GCNN-1: Standard GCNN with Normalized Adjacency Ma-
trix: This formulation leverages an architecture based on graph
convolutional layers utilizing the normalized adjacency matrix.
The core layer of this model normalizes the adjacency matrix
A by adding self-loops and incorporating the degree diagonal
matrix D̂ = diag((A+ I)1), leading to

Â = D̂− 1
2 (A+ I)D̂− 1

2 , (10)

where I is the identity matrix. This normalization is critical for
stabilizing the training process and enhancing the effectiveness
of information propagation, as evidenced in prior studies on GC-
NNs. The graph convolution operation at each layer is expressed
as

H(l+1) = ÂH(l)W(l), (11)

where H(l) ∈ RFT×Ul denotes the data matrix at layer l, and
W(l) ∈ RUl×Ul+1 is the trainable weight matrix. The number
of rows in H(l+1) coincides with the number of nodes (FT , for
the setup at hand). In contrast, the number of columns in H(l+1)

represents the number of “synthetic” graph signals generated
by layer l + 1. With this in mind, the formalization of this
architecture is given by

H(1) = σ(ÂXW(0) + 1b(0)), (12a)
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H(l+1) = σ(ÂH(l)W(l) + 1b(l)), for l = 1, . . . , L− 1,
(12b)

where X ∈ RFT×U0 represents the U0 input graph signals (in
our case, U0 = 1); σ is a nonlinear scalar activation func-
tion applied entry-wise; 1 is a column vector of all ones;
and b(l) ∈ R1×Ul+1 is the learnable bias vector. Overall, the
learnable parameters are {W(l) ∈ RUl×Ul+1}L−1

l=0 and {b(l) ∈
R1×Ul+1}L−1

l=0 .
GCNN-2: Higher-Order Polynomial GCNN: While effective

in many relevant applications, the architecture in (12) suffers
from problems associated with oversmoothing and poor perfor-
mance dealing with heterophilic datasets [51]. Motivated by this,
we propose a second GCNN architecture, which, at every layer,
implements (a bank of) polynomial graph filters with learnable
coefficients [9], [50]. This formulation extends the standard
GCNN by enabling: i) higher-order graph convolutions that
linearly mix information from nodes that are multiple hops away
and ii) learning generic frequency responses, which mitigates the
problems associated with oversmoothing and endows the GCNN
to be applied to non-homophilic datasets. Both generalizations
open the door to a GCNN able to capture more complex relation-
ships within the graph. The higher-order convolution operation
is defined as [9]

H(l+1) =

K−1∑
k=0

AkH(l)W
(l)
k , (13)

with Ak denoting the k-th power of A. In contrast with (11),
here we apply the adjacency matrix multiple times, which is
an effective way to mix information within a (K − 1)-hop
neighborhood. Additionally, the number of learnable weights
per convolution is K × Ul × Ul+1, endowing the architecture
with additional degrees of freedom that can be used to learn
more general graph-based transformations.

Upon replacing (13) into a GCNN with L layers, we have that

H(1) = σ

(
K−1∑
k=0

ÂkXW
(0)
k + 1b(0)

)
, (14a)

H(l+1)=σ

(
K−1∑
k=0

ÂkH(l)W
(l)
k +1b(l)

)
, for l=1, . . ., L− 1,

(14b)

where X ∈ RFT×U0 are the U0 input graph signals; σ de-
notes the nonlinear entry-wise activation function; and b(l) ∈
R1×Ul+1 is the bias vector. Since the weight matrix is different
for each k, this GCNN is able to assign positive or negative
weights for the information of 1, . . .,K − 1 neighbors. This
contrasts with (11), which always assigns a positive weight to the
information of 1-hop neighbors. In a nutshell, (14) enables the
model to learn and leverage more sophisticated graph structures,
thereby enhancing its capacity to model complex relationships.

The two alternative GCNN definitions presented here provide
a way to adapt the ST DL model to the particularities and
complexities of the data at hand. Each definition serves differ-
ent scenarios, with GCNN-1 providing a more straightforward

approach suitable for general tasks, and GCNN-2 offering a
more powerful framework for capturing intricate graph-based
dependencies.

Proposed ST graph-based DL architecture: As already
pointed out, our goal is to design a DL architecture for binary
classification leveraging an ST graph whose links capture the
strength of the relation between feature-time pairs. The (MTS)
input to the architecture is the F × T matrix Xp and the (soft
label) output is the scalar ŷp ∈ [0, 1]. The architecture (cf. Fig. 1)
is composed of three blocks, which are applied sequentially.
� The first block simply vectorizes the input and re-

places missing values with zero, giving rise to the FT -
dimensional vector xzp

p = zeropadd(vec(Xp)).
� The second block implements one of the two GCNNs

presented in this section, with L denoting the number of
layers. The GCNN architecture is specified as follows.
a) No pooling is implemented and, as a result, the output

of all the GCNN layers (including the last one) can be
interpreted as FT -dimensional signals defined over the
ST graph.

b) The input of the first layer is the graph signal xzp
p ∈

RFT×1; the layers l = 1, . . ., L− 1 generate as output
multiple graph signals, with the number of generated
signals per layer Ul being set to a constant U whose
value is considered a hyperparameter; and the L-th
layer outputs a single signal (i.e., we set UL = 1), so
that the output of the GCNN h(L) = H(L) ∈ RFT×1

is a one-dimensional graph signal. For the GCNN-1
architecture, the learnable parameters are the bias vec-
tors {b(l) ∈ R1×Ul}L−1

l=0 along with the weight matrices
{W(l) ∈ RUl×Ul+1}L−1

l=0 , with U0 = UL = 1 and Ul =
U otherwise. For the GCNN-2 architecture, the learn-
able parameters are the bias vectors {b(l) ∈ R1×Ul}L−1

l=0

along with the weights {W(l)
k ∈ RUl×Ul+1}L−1

l=0 for
k = 0, . . .,K − 1.

c) The activation function applied at each layer is set to a
LeakyReLU, which is defined as LeakyReLU(h) = h
if h > 0, and αh if h ≤ 0, where α is a small posi-
tive scalar, typically set to α = 0.01. This activation
function is particularly suitable for GCNN-1, since
it has been shown to mitigate the vanishing gradient
problem by maintaining a non-zero gradient when h
is negative, thereby enhancing gradient flow during
backpropagation.

d) After applying the activation function, a dropout mech-
anism is introduced. Dropout operates by randomly
deactivating a fraction π of the features for each node
during training, effectively performing model averag-
ing and preventing co-adaptation of feature represen-
tations. Mathematically, the operation performed by
the Dropout layer can be expressed as [H

(l+1)
input ]i,u =

[H(l)]i,u[Rπ]i,u, where H(l) represents the output of

the l-th layer, H(l+1)
input is the input to the (l + 1)-th layer,

and Rπ is a random binary matrix where each entry
is independently drawn from a Bernoulli distribution
with parameter π. Here, [Rπ]i,u = 0 indicates that the
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feature u of node i is dropped out. Note that if no
dropout is applied, we simply have H

(l+1)
input = H(l), as

considered in (12) and (14).
� The third block implements an FC layer. Specifically, if
h(L) ∈ RFT denotes the output of the last layer of the
GCNN, this block estimates the soft output as

ŷp = σ(w	
o h

(L) + bo) =
1

1 + e−(w	
oh

(L)+bo)
, (15)

with wo ∈ RFT and bo being learnable parameters, and
the activation function corresponding to a sigmoid (binary
softmax). The main reason to consider a simple FC layer
is to enhance the explainability of the architecture. The en-
tries ofwo assign relevance to each element ofh(L), which
corresponds to a specific feature–time pair. Larger positive
weights indicate stronger association with the MDR class,
while larger negative weights reflect relevance to the non-
MDR class. This formulation not only facilitates the final
binary decision but also provides a clear interpretation of
how each feature-time pair contributes to the classification
outcome.

The next section assesses the performance of our ST graph-
based architectures in a real-world dataset. As explained in detail
next, our novel integration of ST dynamics into a GCNN sets
a new benchmark for predictive modeling in dynamic environ-
ments, particularly in the context of healthcare applications.

III. RESULTS AND DISCUSSION

In this section, we apply the XST-GCNN architecture to a
real-world dataset to classify MDR patients in the ICU setting
at UHF. We first describe the dataset and outline the experimental
setup, including parameter optimization. Next, we analyze graph
properties and pre-hoc explainability, followed by an evaluation
of XST-GCNN’s classification performance against state-of-
the-art methods. Finally, we explore the model’s explainability,
demonstrating how XST-GCNN clarifies the impact of each
feature-time pair on classification outcomes, providing insights
that support informed clinical decision-making.2

A. Dataset

This clinical case study uses the XST-GCNN architecture
to predict MDR in ICU patients at UHF, aiming to detect
the first MDR-positive culture within a 14-day window. The
dataset spans 17 years, from January 2004 to February 2020, and
includes the longitudinal clinical records of 3,502 ICU patients.
Among these, 548 patients had at least one MDR-positive culture
during their stay, highlighting a significant class imbalance.

A rigorous anonymization protocol was implemented to en-
sure patient confidentiality, with ethical approval obtained from
the UHF Research Ethics Committee (ref: 24/22, EC2091).

2Due to space limitations, only a summary of the numerical results is included
in the main manuscript. Additional results, including figures, tables, and graph
representations, are available in the supplementary material submitted together
with the main manuscript. Furthermore, we also provide additional results,
analysis, and the code for the complete set of experiments in our GitHub
repository https://github.com/oscarescuderoarnanz/XST-GCNN.

Building on this foundation, the primary objective is to solve
a binary classification problem by predicting, based on data
available within the first T = 14 days, whether a patient will
develop MDR. Due to variations in ICU stays—since not all
patients remain hospitalized for the same number of days, nor
do they develop MDR on the same day—MTS data exhibit
irregularities that must be addressed in the analysis. The analysis
is confined to ICU stays, excluding pre-admission data, to focus
on the transmission dynamics of MDR pathogens within the ICU
environment.

To achieve this, microbiological cultures and antibiograms
were conducted to identify MDR pathogens, with particular
attention to the first MDR-positive culture detected. Patients
without MDR were labeled as yp = 0, while those with a positive
MDR culture within the first 14 days were labeled as yp = 1.
The 14-day window was chosen for its clinical relevance, align-
ing with standard infection control practices where the risk of
transmission and the application of treatment protocols are most
critical.

The dataset’s richness is underscored by the extensive set of
F = 80 variables collected for each patient, which are crucial for
understanding the factors contributing to MDR development and
the overall ICU environment. These variables are organized into
three main categories, providing a comprehensive foundation
for the analysis:
� Patient-specific antibiotic therapy: To monitor daily an-

tibiotic therapy in the ICU for each patient, binary vari-
ables were created to indicate whether the patient re-
ceived specific antibiotic families. These families include
Aminoglycosides (AMG), Antifungals (ATF), Intestinal
anti-infectives (ATI), Antimalarials (ATP), Carbapenems
(CAR), 1st, 2nd, 3 rd, and 4th generation Cephalosporins
(CF1, CF2, CF3, CF4), Glycyclines (GCC), Glycopep-
tides (GLI), Lincosamides (LIN), Lipopeptides (LIP),
Macrolides (MAC), Monobactams (MON), Nitroimida-
zoles (NTI), unclassified antibiotics (Others), Oxazo-
lidinones (OXA), Miscellaneous (OTR), Broad-spectrum
Penicillins (PAP), Penicillins (PEN), Polypeptides (POL),
Quinolones (QUI), Sulfonamides (SUL), and Tetracy-
clines (TTC). The variable Others denotes the ad-
ministration of other antibiotics not included in this
list.

� ICU occupancy and co-patient treatments: This group
of variables captures essential environmental factors that
reflect the overall health conditions and treatment protocols
within the ICU. “Co-patients” are defined as the other
patients sharing the ICU with the p-th patient during the
same time interval, excluding the patient under study.
The variables include continuous data on the number of
co-patients receiving each of the 25 antibiotic families,
represented as “familyn”. Additionally, daily ICU occu-
pancy is documented through three main variables: i) the
total number of co-patients (# of pattot), ii) the number of
co-patients diagnosed with MDR bacteria (# of patMDR),
and iii) the number of co-patients undergoing any form
of antibiotic therapy (# of patatb). These variables offer a
detailed view of the ICU environment, providing insights

https://github.com/oscarescuderoarnanz/XST-GCNN
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into the overall health status and treatment practices within
the unit.

� Patient health monitoring variables: This category in-
cludes both continuous and binary variables that serve as
key indicators of patient health. Continuous variables mon-
itor daily hours of mechanical ventilation, tracheostomy
duration, ulcer presence, hemodialysis hours, and the num-
ber and types of catheters used, including Peripherally In-
serted Central Catheters (PICC), Central Venous Catheters
(CVC), and specific insertion sites such as right (R), left
(L), subclavian (S), femoral (F), and jugular (J). Addition-
ally, we include the Nine Equivalents of Nursing Man-
power Use Score (NEMS), a patient severity scale utilized
by nursing staff. Binary variables capture whether the pa-
tient received insulin, artificial nutrition, sedation, muscle
relaxation, or underwent postural changes. Additionally,
organ failures are closely monitored to identify specific
dysfunctions—hepatic, renal, coagulation, hemodynamic,
and respiratory—with the administration of vasoactive
drugs also being recorded. These variables offer critical
insights into the patient’s health status and the necessary
interventions during their ICU stay.

B. Experimental Setup and Parameter Optimization

The experimental setup was designed to evaluate the pre-
dictive performance of the XST-GCNN architecture. The
dataset was divided into a training set (Dtrain) with 70% of
the patients and a test set (Dtest) with the remaining 30%.
Given the class imbalance—where MDR-positive cases were
underrepresented—an undersampling approach was used within
Dtrain to balance the class distribution and reduce potential
bias [52]. This method was chosen to maintain the integrity of the
original data while minimizing the risk of overfitting. Combined
with 5-fold cross-validation, this strategy enhanced the model’s
generalization and reduced overfitting.

Hyperparameter tuning was performed to optimize the XST-
GCNN architecture, aiming to minimize the binary cross-
entropy loss. We explored key hyperparameters, including
dropout rates {0.0, 0.15, 0.3}, learning rates {1e-3, 1e-2, 5e-2,
0.1}, and learning rate decay {0, 1e-5, 1e-4, 1e-3, 1e-2}. The
number of units in the hidden layers ranged from {4, 8, 16, 32,
64}, and the network depth varied between 1 and 6 layers to
find the most effective configuration. For the GCNN component
within XST-GCNN, which uses polynomial filter banks, we
evaluated the polynomial order K by testing values of 2 and
3, as these represent the definitions of the GCNN we assessed.

Model performance was assessed using four key metrics: sen-
sitivity, specificity, Receiver Operating Characteristic - Area Un-
der the Curve (ROC-AUC) [53], and Area Under the Precision–
Recall Curve (AUC-PR) [54]. Sensitivity quantifies the model’s
ability to correctly identify MDR cases, whereas specificity
measures its accuracy in recognizing non-MDR instances. ROC-
AUC provides a global threshold-independent evaluation of
the model’s discriminative capacity between the two classes.
However, given the pronounced class imbalance in our dataset
(roughly 85% non-MDR vs. 15% MDR), AUC-PR offers a

more informative and clinically meaningful metric, as it better
reflects the model’s ability to identify early-positive cases—an
aspect of particular relevance in critical care settings. All results
presented in Section III-C were obtained on the held-out test set
(Dtest) and evaluated across these four metrics. To ensure the
robustness and reliability of the findings, each experiment was
independently repeated three times with different random splits
of the training and test sets, thereby accounting for variability
in data partitioning.

C. Testing XST-GCNN in a Real-World Dataset

In this section, we assess some properties of the graph derived
from our real dataset to understand feature interactions and data
relationships. We then compare our approach with state-of-the-
art methods and explore the explainability of the best-performing
model using both synthetic and real signals.3

1) Graph Properties and Pre-Hoc Explainability: To under-
stand in more detail the structure of the graphs generated by
our XST-GCNN architecture, we analyzed two fundamental
metrics in graph theory: edge density and edge entropy. Edge
density, η(G), quantifies graph connectivity by calculating the
ratio of existing edges to the maximum possible number of
edges [55]. For an undirected graph with |V| vertices and |E|
edges, it is defined as η(G) = 2|E|

|V|(|V|−1) , where a value of 1
indicates a complete graph and 0 indicates a graph without edges.
Edge entropy, H(G), measures the complexity of the graph’s
structure by assessing the distribution of edges, calculated as
H(G) = −∑|V|

i=1 di ln di, where di represents the normalized
weighted degree of the i-th node [55].

The analyses conducted, which evaluate edge density and
edge entropy across various thresholds, demonstrate that select-
ing a threshold value of 0.975 effectively ensures meaningful
graph sparsity while preserving structural integrity. This thresh-
old maintains low edge density and stable entropy, facilitating
the identification of key relationships without excessive con-
nectivity. By assessing multiple threshold values, we confirmed
that the model preserves its performance and representational
capacity with the chosen threshold, validating its robustness
and utility in processing heterogeneous and irregular MTS.
Additional information regarding the method’s sensitivity to
threshold selection is provided in the supplementary material
(see Appendix A).

Additionally, the resultant graphs were provided to clinical
experts of the UHF, including the head of the ICU, who validated
the relevance and accuracy of the ST graph representations.
This implies that, even before training the architecture, the
selected representation has the potential to help clinical experts
to visually assess evolving patterns, highlighting connections
between different features across time, and identifying which
variables gain or lose relevance throughout the timeline. Further
details on these representations and pre-hoc explainability can
be found in Appendix B of our supplementary material.

3Additional results, figures, and tables can be found in the supplementary
material and in the following folder of the GitHub repository https://github.
com/oscarescuderoarnanz/XST-GCNN

https://github.com/oscarescuderoarnanz/XST-GCNN
https://github.com/oscarescuderoarnanz/XST-GCNN
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TABLE I
MEAN ± STANDARD DEVIATION OF THE PERFORMANCE (ROC-AUC,

SENSITIVITY, SPECIFICITY, AUC-PR) ON 5 TEST SETS WHEN CONSIDERING

XST-GCNN ARCHITECTURE AND BASELINE MODELS FOR MDR VERSUS

NON-MDR PATIENT CLASSIFICATION. THE HIGHEST AVERAGE PERFORMANCE

FOR EACH FIGURE OF MERIT IS IN BOLD.

2) Prediction Results: The experimental analysis demon-
strates the effectiveness of the proposed XST-GCNN architec-
ture in classifying patients as MDR or non-MDR by modeling
ST relationships and heterogeneous features in EHR data. Table I
reports the results benchmarked against several baselines to
assess the predictive performance of different approaches.

To contextualize the performance of XST-GCNN, we com-
pare it with several sequence modeling baselines. These in-
clude four temporal architectures—Long Short-Term Memory
(LSTM) [56], GRU [57], Transformer [58], and Mamba [59]—
along with Gated-Graph RNN (G-GRNN) [11], and a standard
GCNN with normalized adjacency matrix. The GCNN baselines
were evaluated using the graph learning strategies detailed in
Section II-B.

Among temporal models, Mamba achieved the highest ROC-
AUC (79.40± 3.58%) and specificity (87.77± 0.16%), while
matching Transformer in AUC-PR (approximately 49%). G-
GRNN yielded the best AUC-PR (51.31± 3.23%). In contrast,
all static GCNN variants underperformed relative to tempo-
ral models. Even with the best distance metric (HGD-DTW),
static GCNNs reached only 74.53± 0.94% in ROC-AUC and
42.04± 0.98% in AUC-PR, highlighting their limitations under
severe class imbalance. Mamba offered the most balanced over-
all performance, while G-GRNN may be preferable in settings
prioritizing sensitivity.

We then evaluated twelve variants of XST-GCNN, from
two graph construction strategies—CPG and STG—combined
with three edge-weighting criteria (correlation, smoothness,
and HGD or HGD-DTW), and two convolutional backbones:
a first-order graph convolution (GCNN-1) and a higher-order
polynomial variant (GCNN-2). Within GCNN-1, CPG mod-
els performed best with HGD-DTW, reaching a ROC-AUC of
77.77± 1.71% and the highest AUC-PR among all GCNN-1
variants (46.70± 5.26%), along with a sensitivity of 75.47±

2.67%. For STG, the HGD weighting also led to superior results,
achieving 78.17± 1.04% in ROC-AUC and 49.08± 4.46%
in AUC-PR, outperforming correlation- and smoothness-based
STGs. These results highlight the benefit of temporally informed
graph construction in clinical tasks involving irregular time
series. Overall, STG with HGD emerged as the most robust
GCNN-1 configuration. Nevertheless, all GCNN-1 models were
outperformed by their GCNN-2 counterparts, demonstrating the
advantage of higher-order spectral filtering in capturing complex
ST dependencies.

Switching to GCNN-2 yielded substantial performance gains.
For example, CPG with correlation-based edges reached a
ROC-AUC of 80.59± 4.79% and an AUC-PR of 54.43±
4.09%, improving early-positive yield by nearly ten percent-
age points relative to GCNN-1, while maintaining balanced
sensitivity (72.33± 4.71%) and specificity (80.13± 4.59%).
Even stronger results were obtained with STG: using HGD
weighting, this configuration achieved the highest ROC-AUC
(81.03± 2.43%) and AUC-PR (54.98± 2.82%), with sensitiv-
ity and specificity of 72.33± 2.35% and 78.68± 1.24%, re-
spectively. These results confirm the effectiveness of combining
temporally-aware graph learning with higher-order spectral fil-
tering to enhance discriminative power, particularly under class
imbalance.

Therefore, based on the predictive performance analysis, the
STG with GCNN-2 (HGD) configuration delivered the best
overall performance, surpassing all baselines in ROC-AUC and
AUC-PR. This variant attained the highest ROC-AUC (81.03±
2.43%) and the highest AUC-PR (54.98± 2.82%) across all
models evaluated. Compared to Mamba, it improved ROC-AUC
by 1.6 percentage points (pp), AUC-PR by 5.9 pp, and sensitivity
by 8.2 pp, with a 9.1 pp decrease in specificity—an acceptable
trade-off in clinical screening scenarios where minimizing false
negatives is critical.

In addition, we complemented the predictive performance
analysis with inference time measurements for representative
model variants, as shown in Fig. 2 (three right-hand panels).
While baseline models are faster due to their lower architec-
tural complexity, the inference times observed for all models—
including XST-GCNN—remain within a few seconds per pa-
tient. Although this reflects a moderate increase compared to
the sub-second latency of simpler baselines, the additional cost
is acceptable in practice and justified by the improvements in
ROC-AUC and AUC-PR, alongside the clinical relevance of
timely and reliable MDR detection.

In summary, the XST-GCNN model configured with STG and
GCNN-2 (HGD) establishes a new benchmark for MDR predic-
tion on irregular ICU TS. It outperforms all baselines on the most
informative metrics and provides flexible configurations that
balance sensitivity and specificity according to clinical needs.
The consistent improvements in AUC-PR, despite the 85/15
class imbalance, highlight the value of jointly modeling spatial
and temporal dependencies using high-order spectral filtering
and HGD-based graph learning.

3) Explainability: As shown in the previous section, the pro-
posed XST-GCNN delivers predictive performance for MDR
classification, achieving high ROC-AUC and AUC-PR scores
while effectively handling irregular MTS and heterogeneous
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Fig. 2. Inference time comparison (in seconds) across all evaluated architectures. From left to right, the plot presents: (a) baseline architectures (GRU, LSTM,
Transformer, Mamba, G-GRNN, and GCNN); (b) the proposed XST-GCNN variants using the correlations strategy; (c) smoothness; and (d) HGD-DTW. The
boxplots show the distribution of inference times during the inference phase on the test set, providing a comparative view of the computational efficiency across
architectures.

Fig. 3. Bar graph depicts the frequency distribution of variables associated with MDR (blue) and non-MDR (green) cases across a range of clinical features.
The x-axis represents different clinical variables, while the y-axis indicates the frequency of occurrence for each variable. This visual comparison highlights the
prevalence and variation of specific clinical features between MDR and non-MDR groups, providing insights into potential risk factors and patterns associated
with MDR.

clinical variables. Beyond its predictive capacity, the architec-
ture offers intrinsic explainability by identifying the most rele-
vant feature–time interactions contributing to each class predic-
tion. XST-GCNN was evaluated using both real-world EHR data
and synthetic inputs, allowing a robust assessment of the model’s
explainability across diverse conditions. To further validate
these intrinsic explanations, we incorporated a widely adopted
post-hoc method for graph-based models, GNNExplainer [60],
enabling direct comparison with the intrinsic explanations pro-
duced by XST-GCNN. This evaluation was conducted on the
Dtest cohort using the best-performing configuration—STG es-
timated via HGD with GCNN-2—outlined in Section III-C2.
The resulting patterns highlighted critical feature–time pairs
associated with MDR risk and were reviewed by clinical experts,
offering external validation of the explainability outcomes.

a) Analysis with real patient data: We start our analysis
by trying to identify which (f, t) pairs are more relevant for
classifying patients as either MDR or non-MDR. To that end,
we: i) use the absolute value of the product of the input and
the weight of FC layer [cf. (15)] as the importance value and
ii) deem as relevant the 56 pairs with highest importance value,
which represents the 5% of the FT = 1120 pairs. In short, a)
for each patient in the test set we compute the 1120 values

at the input of the FC layer and select the top 56 (f, t) pairs;
and b) we then repeat the experiment for each test patient and
count the number of times each (f, t) pair is selected. The
results are shown in Fig. 3. The x-axis represents the 1120
(f, t) pairs, with the first 14 values being associated with the 14
measurements of feature AMG, the next 14 values with the 14
measurements of feature ATF, and so forth. The y-axis indicates
the number of times each pair was selected in the top 5% across
test samples, by class. High positive values strongly indicate
MDR status, while negative weights correspond to non-MDR
relevance, highlighting key variables influencing predictions and
aiding clinical decision-making. The frequency distribution in
Fig. 3 reveals distinct patterns and risk factors differentiating
these patient groups. Additional results and analysis of Fig. 3
are available in the GitHub repository.4

The main analysis of the results is as follows. For non-MDR
patients, the most relevant variables were concentrated in the
initial 4 time steps, particularly within the first 24 hours and
again after the first 72 hours of admission. These include specific

4The complete analysis can be found at https://github.com/
oscarescuderoarnanz/XST-GCNN/tree/main/XST-GNN_Architecture/
step3_GCNNs , within each experiment’s folder.

https://github.com/oscarescuderoarnanz/XST-GCNN/tree/main/XST-GNN_Architecture/step3_GCNNs
https://github.com/oscarescuderoarnanz/XST-GCNN/tree/main/XST-GNN_Architecture/step3_GCNNs
https://github.com/oscarescuderoarnanz/XST-GCNN/tree/main/XST-GNN_Architecture/step3_GCNNs
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antibiotic treatments and the number of co-patients receiving
the same antibiotics, such as POL, OTR, TTC, LIP, GCC, CF2,
LIP, ATP, and ATI. Additionally, during these first 24 hours,
variables related to the patient’s health status—such as hours
on hemodialysis, tracheostomies, ulcers, and CO1 PICC 2, Co2
CVC - LJ and RF—emerged as significant. As time progressed
from 24 to 72 hours, the total number of patients and those taking
antibiotics, as well as NEMS, gained relevance, while after 72
hours post-admission, factors such as catheter types, patient sta-
tus (NEMS), insulin, mechanical ventilation, respiratory failure,
and the number of transfusions became increasingly important.

For patients with MDR infections, the 56 most relevant nodes
were primarily identified within the initial 24 hours, with certain
variables demonstrating importance across consecutive time
points. Key variables in this critical period included the admin-
istration of antibiotic therapies and the number of co-patients
receiving antibiotics from the same families, such as ATI, GCC,
OTR, and TTC, with co-patient relevance observed for 21 out of
23 antibiotic families at the first time step, highlighting broader
environmental impact. Additionally, patient health monitoring
variables, including the number of catheters, CO2 CVC - RF,
NEMS scores, hours on mechanical ventilation, and indications
of hemodynamic, respiratory, and multi-organ failure, emerged
as critical, correlating strongly with a more severe prognosis.
The total number of MDR co-patients, overall ICU occupancy,
and the total number of patients receiving antibiotics were
also significant indicators of patient outcomes. Other important
variables over time included co-patients receiving ATP and OTR
in the last five time steps, CO2 CVC - LF from t4 to t8, and CO2
CVC - RF from t9 to t13, reflecting the increased complexity
and severity commonly associated with MDR patients.

b) Analysis with synthetic signals: We analyze the model’s
sensitivity by evaluating the activation response to individual
input nodes (feature-time steps) in our pre-trained architecture.
More specifically, as illustrated in Fig. 1, we generate 1120
Kronecker delta inputs and, for each of them, evaluate the impact
in each of the entries of the output of the GNN h(L) as well as in
the decision made by the fully connected layer by computing the
value of w	

o h
(L) in (15). This sensitivity analysis contributes to

understanding the influence of each input value on the model’s
predictions, verifying that the relationships learned from real
data are faithfully represented in the model’s behavior.

The complete details and visualization of the results obtained
can be accessed in our GitHub repository. Below, we summarize
the main insights derived from analyzing the values w	

o h
(L),

focusing on three cases: (i) large values below zero, (ii) values
above zero, and (iii) values close to zero. In case (i), large
positive weights show higher relevance within the first 48
hours for variables such as C02 CVC - RJ and RS, insulin,
vasoactive drugs, and multi-organ failure. We have information
on antibiotics taken by co-patients, specifically AMG and ATF,
as well as whether a patient receives antibiotics like ATP, LIN,
LIP, OXA, Others, PEN, and QUI. After the first 48 hours of
patient admission, antibiotics such as ATP, CF1, CF3, MAC,
MON, NTI, POL, and QUI begin to gain greater importance.
Health monitoring variables in this case include C02 CVC - LF,
coagulation failure, and hemodynamic, hepatic, respiratory, and
multi-organ conditions. Additionally, insulin administration,

postural changes, and vasoactive drugs remain relevant. In case
(ii), large negative values initially highlight the first 48 hours,
with notable relevance for information on antibiotics taken by
co-patients, such as CAR, CF3, Others, PAP, and QUI, as well as
the total number of patients and those receiving antibiotics. CF1
and OXA also contribute significantly. For health monitoring
variables, transfusion count, hours with C02 CVC - LJ, and
presence of postural changes emerge as key factors, alongside
indicators of hemodynamic and hepatic failure. After 48 hours,
the relevance shifts towards variables like antibiotics AMG, ATF,
CAR, CF3, GLI, LIP, Others, PEN, QUI, and SUL concerning
co-patients, among which CF2 is uniquely significant. Health
status variables gain importance, including hours with C02
CVC - LF, and instances of coagulation, multi-organ, and
respiratory failure, along with information on insulin, postural
changes, relaxation, sedation, and vasoactive drugs. Lastly,
case (iii) encompasses values close to zero, corresponding
to many node-time steps with minimal impact on class
determination, indicating a stable or low-relevance state across
most temporal intervals. For further details and a comprehensive
visualization of these findings, please refer to our GitHub
repository: https://github.com/oscarescuderoarnanz/XST-
GCNN/tree/main/XST-GNN_Architecture/step3_GCNNs.

These analyses underscore the importance of managing spe-
cific interventions, especially those related to vascular access
and antibiotic administration, to effectively manage patients at
risk of developing MDR infections. These insights not only
enhance predictive performance but also provide clinicians with
a deeper understanding of the critical factors influencing patient
outcomes, facilitating more informed and effective decision-
making.

c) GNNExplainer analysis: GNNExplainer [60] is a
model-agnostic post-hoc explainability method that estimates
the relevance of input components by learning soft masks over
node features and/or graph structures. For the targeted XST-
GCNN configuration (STG estimated via HGD with GCNN-2),
GNNExplainer was configured to generate node-level relevance
scores for the binary classification task. Each node encodes a
clinical feature at a specific time step, resulting in a matrix of
dimensionF × T per patient. The explanations mask the relative
contribution of each feature–time pair to the model’s output. To
produce robust class-wise explanations, GNNExplainer was ap-
plied to all test-set instances separately for MDR and non-MDR
classes. The resulting relevance maps were then aggregated
within each class to generate average heatmaps that highlight
consistent predictive patterns across the population.

Fig. 4 presents the resulting explanation scores: panel (a)
shows the average explanations for non-MDR patients, panel (b)
for MDR patients, and panel (c) the point-wise difference
between the two. In the non-MDR map, antibiotic therapy
variables—especially ATI and CAR—show the highest impor-
tance scores, with ATF becoming more significant during the
final time steps. Moderate relevance is noted for CF3, LIP,
and PAP, which are also associated with antibiotic treatment.
Furthermore, ICU occupancy and co-patient treatment variables
(e.g., Others, SUL, CF1, TTC) demonstrate intermediate levels
of activation, whereas health-monitoring parameters (e.g., in-
sulin dosage, coagulation failure) exhibit negligible influence.

https://github.com/oscarescuderoarnanz/XST-GCNN/tree/main/XST-GNN_Architecture/step3_GCNNs
https://github.com/oscarescuderoarnanz/XST-GCNN/tree/main/XST-GNN_Architecture/step3_GCNNs
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Fig. 4. Feature–time explanation scores obtained with GNNExplainer. Columns represent (left) non-MDR patients, (centre) MDR patients, and (right) their
difference (non-MDR – MDR). Each heat-map cell shows the relative importance of a clinical variable (rows) at a specific time step (columns) for the final
prediction.

For MDR patients, explanations remain centered on ATI, CAR,
and ATF during the last three time steps, with moderate salience
for CF3, GCC, and LIP. Other categories, such as patient mon-
itoring and ICU occupancy, have negligible contributions. The
differential heatmap highlights key discriminative features: an-
tibiotics such as AMG, ATF, ATI, CAR, and ATP are more salient
for MDR classification, whereas non-MDR cases are relatively
more influenced by co-patient and monitoring variables. The
sparse distribution of high-scoring regions suggests that only
a subset of feature–time pairs is clinically decisive, supporting
the model’s explainability and relevance. Notably, these results
were reviewed and validated by the head of the ICU at UHF,
who confirmed the clinical coherence of the patterns identified—
particularly regarding antibiotic pressure—but also highlighted
the absence of variables from other relevant categories such as
ventilation status, transfusions, or organ failure. These missing
patterns, expected from a clinical perspective, reflect a lower
degree of granularity in the GNNExplainer output compared to
the richer intrinsic attributions captured by XST-GCNN.

d) Clinical relevance of explainability: The intrinsic ex-
plainability of XST-GCNN proves both technically robust and
clinically actionable. In non-MDR cases, it highlights early
warning signals, including specific antibiotic regimens, co-
treatment patterns, and markers of patient status such as catheter-
ization and mechanical ventilation—key for timely intervention.
In MDR cases, it identifies variables associated with cumula-
tive antibiotic pressure, ICU occupancy, and clinical severity,
such as sedation, postural adjustments, and multi-organ failure.
Compared to the post-hoc GNNExplainer, which predominantly
surfaces antibiotic-related features, XST-GCNN captures a more
comprehensive set of clinically relevant factors. This includes
overlooked but critical variables such as ventilation parameters,
transfusions, and organ failure indicators. The difference in
granularity was validated through expert review by the head
of the ICU at UHF, who confirmed both the coherence of the
patterns and the added value of the intrinsic explanations. Such
detailed attribution supports more informed clinical decisions,
enhancing the management and outcomes of MDR patients.
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IV. CONCLUSIONS AND FUTURE WORK

In this work, we proposed a novel graph-based DL architec-
ture specifically designed to process irregular and heterogeneous
MTS data. Our approach jointly modeled dependencies between
features and time through an ST architecture, where a GCNN
operates on a graph that integrates both temporal and feature
dimensions. A primary contribution was our innovative use
of HGD for graph estimation, effectively modeling the com-
plexities of heterogeneous data by accurately representing both
categorical and real-valued features. Additionally, we explored
and compared various methods for defining the GCNN and
estimating the graph structure, evaluating their impact on model
performance. Beyond predictive performance, we emphasized
explainability by designing inherently interpretable architec-
tures and complemented it with post-hoc analysis to clarify
the model’s decision process, conducting detailed analyses to
illuminate the model’s decision-making process, and facilitating
more informed decisions.

We validated the XST-GCNN model through a real-world
case study focused on predicting MDR in ICU patients by lever-
aging ST information embedded in EHR data. The proposed
model delivered substantial improvements over conventional
state-of-the-art machine learning and deep learning approaches,
highlighting both its predictive capabilities and practical rele-
vance for healthcare analytics. In particular, the XST-GCNN
variant that combined STG graphs estimated via HGD with
a higher-order polynomial GCNN achieved a ROC-AUC of
81.03± 2.43%, sensitivity of 72.33± 2.35%, specificity of
78.68± 1.24%, and AUC-PR of 54.98± 2.82%. These results
surpassed those of the best-performing baseline, Mamba, which
reached 79.40± 3.58% (ROC-AUC), 64.15± 4.08% (sensitiv-
ity), 87.77± 0.16% (specificity), and 49.09± 3.61% (AUC-
PR). Compared to Mamba, XST-GCNN achieved a gain of 1.6
pp in ROC-AUC and nearly 6 points in AUC-PR, while offer-
ing a considerably more balanced trade-off between sensitivity
and specificity. Inference-time evaluations further showed that,
although XST-GCNN is approximately three times slower than
the lightweight Mamba model, its latency remains well within
acceptable bedside constraints and is more than compensated by
the significant improvement in early-positive detection. Beyond
enhancing binary classification performance, XST-GCNN also
produced interpretable insights into the contributions of specific
feature–time pairs, reinforcing its potential for clinical decision
support and model transparency.

Further analysis of the estimated graphs and their clinical
relevance confirmed that the architecture effectively captured
critical patterns and variables essential for MDR prediction. The
most relevant explainability findings obtained were related to the
early administration of certain antibiotics, such as CAR, and the
number of co-patients receiving similar treatments within the
first 24 hours, which were highly predictive of MDR outcomes.
Additionally, variables associated with organ failure, including
decreased renal function and respiratory failure, were identified
as key indicators. These patterns were consistently observed in
both real-world ICU data and synthetic tests, highlighting the
model’s ability to detect meaningful clinical signals that are

essential for predicting MDR status. A complementary post-hoc
analysis using GNNExplainer partially reproduced the core
antibiotic-related patterns, albeit with reduced granularity. Its
focus remained predominantly on antibiotic therapy variables,
while it largely failed to capture clinically expected features from
ICU occupancy and physiological monitoring domains.

Looking ahead, we will focus on extending XST-GCNN to do-
mains where irregular MTS, heterogeneous inputs, and explain-
ability are essential. While designed to be domain-agnostic, eval-
uating the model on tasks with more explicit spatial structure—
such as fMRI analysis, melanoma progression prediction, or
traffic flow modeling in urban networks—will allow us to assess
its capacity to capture ST patterns across diverse contexts. These
applications offer rich spatial signals and meaningful tempo-
ral dynamics, providing a valuable testbed for validating the
generalizability and explainability of the proposed architecture.
In addition, motivated by the explainability results, we plan to
integrate more advanced mechanisms such as Graph Attention
Networks [7] to enhance the model’s ability to identify the most
relevant relationships in the data. This extension aims to improve
explainability in both clinical and non-clinical settings. We also
intend to explore GNN-specific explainability techniques to
obtain more fine-grained insights into graph-level decisions and
better align the model’s outputs with expert knowledge. Another
important area of focus will be optimizing the computational
efficiency of XST-GCNN, making it suitable for deployment in
resource-constrained environments. This will increase its acces-
sibility to a wider range of healthcare institutions, particularly
those with limited computational resources. Finally, we plan
to explore combining the current architecture with RNNs by
replacing the FC layer with an RNN. This modification will
further enhance the model’s capacity for processing sequential
data, allowing it to capture temporal dependencies in more
complex datasets better.

In conclusion, XST-GCNN represents a significant advance-
ment in the application of GNNs to clinical data, particularly for
the prediction of MDR infections. By addressing the outlined
challenges, including explainability and efficiency, and refining
the approach, this research sets the stage for the development of
more effective and reliable predictive models, with the potential
to significantly impact patient care and clinical outcomes.
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