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Abstract: This study proposes a vital signs monitoring framework that addresses the limitations
of traditional threshold-based alarms and existing deep-learning models in capturing multimodal
physiological interactions and spatiotemporal dynamics. The method integrates an adaptive
attention fusion mechanism that dynamically adjusts the importance of heterogeneous
physiological parameters, a spatiotemporal graph neural network that jointly models
inter-parameter correlations and temporal evolution using multi-scale windows, and a
reinforcement learning module that enables active, strategy-driven early warning and clinical
decision support. Evaluated on the MIMIC-III and eICU datasets, the proposed system achieves
96.3% anomaly detection accuracy, 38.5-minute early warning capability, and a 0.912 F1-score,
outperforming existing methods. Ablation studies confirm the contributions of adaptive fusion,
spatiotemporal graph modelling and policy optimisation.
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1 Introduction evolution patterns of physiological parameters (Kellett and
Sebat, 2017). Intelligent monitoring methods based on
machine learning have gradually become a research hotspot.
Graph neural networks (GNN) can effectively model the
associative structure among physiological parameters and
capture  dependencies among multiple variables.
Reinforcement learning (RL) learns optimal strategies
through interaction with the environment, making it suitable
for handling dynamic decision-making problems (Shickel
et al., 2018). These technologies provide new solutions for
intelligent patient vital sign monitoring.

Recently, researchers have conducted extensive
exploration in vital sign monitoring. In anomaly detection,
deep learning-based methods have achieved high-precision
anomaly recognition by analysing time-frequency
characteristics of physiological signals (Rajpurkar et al.,
2017). In predictive modelling, RNNs capture temporal
dependencies of physiological parameters, enhancing the
ability to predict disease deterioration (Purushotham et al.,
2018). In multimodal fusion, attention mechanisms have
been widely applied to integrate medical data from different
sources (Choi et al., 2016).

Several spatiotemporal graph neural network (ST-GNN)
frameworks have been proposed for healthcare applications.
recurrent attentive and intensive model (RAIM) (Xu et al.,
2018) introduced an attention mechanism for continuous
monitoring data guided by discrete clinical events for ICU
outcome prediction. Knowledge-aware medical entity
representation learning (KAME) (Ma et al., 2017) leveraged

Intelligent medical monitoring systems, as an important
component of modern healthcare systems, undertake the
critical task of real-time monitoring of patient physiological
states and timely warning of critical events. With the
advancement of medical informatisation, many vital sign
monitoring devices are connected to medical networks,
generating massive amounts of multimodal physiological
data (Johnson et al., 2016b). In this context, achieving
precise monitoring and early warning of patient vital signs
has become a core technical challenge for ensuring medical
safety and improving treatment success rates (Hravnak
et al., 2008).

Traditional vital sign monitoring mainly relies on
threshold alarm mechanisms, determining whether
physiological parameters are abnormal through preset
normal value ranges. However, this simple single-parameter
threshold judgement method has significant limitations. On
one hand, different patients have individual differences in
physiological baselines, and fixed thresholds are difficult to
adapt to personalised monitoring needs; on the other hand,
the physiological system is a complex dynamic network,
and abnormalities in a single parameter are often correlated
with changes in other parameters, making isolated analysis
of individual parameters prone to false alarms or missed
detections (Celi et al., 2013; Clifton et al., 2012). Although
expert rule-based monitoring strategies are effective in
specific scenarios, they are difficult to cover all clinical
situations and lack deep modelling capabilities for temporal
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medical knowledge graphs to enhance diagnosis prediction
through  attention-based graph embedding. Graph
augmented memory networks (GAMENet) (Shang et al.,
2019) integrated drug-drug interaction knowledge graphs
with memory-augmented neural networks for medication
recommendation. However, these frameworks primarily
focus on specific clinical tasks rather than comprehensive
real-time vital sign monitoring and intervention.

However, existing research still has the following
shortcomings:

1 Lack of deep modelling of complex interactions among
multimodal physiological parameters; existing fusion
methods mostly use fixed weights or simple
concatenation, making it difficult to capture dynamic
correlations and time-varying characteristics among
different parameters.

2 Time series analysis and multivariate correlation
analysis are independent of each other, lacking
spatiotemporal joint modelling mechanisms, unable to
simultaneously capture temporal evolution patterns and
correlations among parameters of physiological
systems.

3 Monitoring systems only focus on passive warning,
lacking active decision support capabilities, and unable
to provide intelligent recommendations for clinical
intervention.

Addressing these issues, this paper proposes an intelligent
patient vital sign monitoring method based on adaptive
attention fusion spatiotemporal GNNs. The main
contributions include:

1 Proposing an adaptive attention fusion mechanism that
adjusts fusion weights of different physiological
parameters through gated networks, automatically
learning optimal selection of temporal and spatial
features according to patient physiological states,
achieving adaptive integration of multimodal data.

2 Designing a spatiotemporal graph neural network
architecture that models multiple vital sign monitoring
points of patients as graph structure nodes,
simultaneously capturing correlations among
physiological parameters and temporal evolution
patterns through graph convolution operations,
introducing multi-scale time window mechanisms to
identify abnormal patterns at different temporal
granularities, achieving joint modelling of
spatiotemporal information.

3 Constructing an active monitoring framework
integrating spatiotemporal graph neural networks and
deep reinforcement learning, introducing deep
reinforcement learning into the vital sign monitoring
system, using spatiotemporal graph features as state
inputs, utilising reinforcement learning to optimise vital
sign monitoring strategies.

2 Related work

Traditional method-based vital sign monitoring research has
laid the foundation. Subbe et al. (2001) proposed a
threshold-based alarm method that achieves anomaly
detection by setting normal value ranges for physiological
parameters, which is widely used in clinical monitoring.
Tarassenko et al. (2006) developed a multi-parameter
scoring system that comprehensively considers multiple
physiological indicators to calculate risk scores, having
certain comprehensive judgement capabilities but relying on
manually set weights. Moorman et al. (2011) further
improved heart rate variability analysis methods, achieving
early warning of neonatal sepsis through frequency domain
and time domain feature extraction, but only targeting single
physiological signals. Clifford et al. (2008) presented a
monitoring method using statistical process control,
detecting abnormal fluctuations by analysing statistical
characteristics of parameters, reducing false alarm rates to
some extent. However, these traditional methods are mainly
based on preset rules and fixed thresholds, lacking deep
understanding of complex interactions among physiological
parameters, relying only on local information, and unable to
grasp the dynamic evolution of patient physiological states
from a global perspective.

Machine learning-based intelligent monitoring methods
have developed rapidly in recent years. Ghassemi et al.
(2015) successfully applied support vector machines to
sepsis  prediction, achieving risk identification by
constructing optimal classification hyperplanes. Random
forest algorithms have been introduced for ICU mortality
prediction, and Johnson et al. (2016a) improved prediction
accuracy and robustness by ensembling multiple decision
trees. Harutyunyan et al. (2019) utilised the powerful
sequence modelling capabilities of LSTMs, achieving
outstanding results in multiple clinical prediction tasks.
Deep learning methods further improved monitoring
performance; Rajpurkar et al. (2018) proposed a
convolutional neural network-based electrocardiogram
analysis method that can automatically identify multiple
types of arrhythmias. Razavian et al. (2016) applied
recurrent neural networks to electronic medical record data
analysis, achieving good results in disease prediction. Choi
et al. (2020) achieved interpretable clinical prediction
models through attention mechanisms. However, these
methods treat feature extraction and predictive modelling as
separate independent steps, lacking a unified spatiotemporal
modelling framework, and cannot fully utilise temporal
dependencies and variable correlation information of
physiological parameters.

Deep learning-based temporal modelling methods have
provided new ideas for vital sign analysis. Lipton et al.
(2017) pioneered the use of LSTM networks for
multivariate time series classification, capturing long-term
dependencies through memory units. Che et al. (2018)
applied gated recurrent units to handle irregularly sampled
medical data, effectively handling missing value problems.
Song et al. (2018) proposed a time-aware LSTM method
that explicitly models the impact of irregular time intervals
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on predictions. Futoma et al. (2017) introduced
spatiotemporal point processes into patient trajectory
modelling, jointly modelling event occurrence times and
types. These methods have achieved certain results in
temporal feature extraction, but existing temporal models
mainly focus on longitudinal data analysis of individual
patients, lacking modelling capabilities for lateral
correlations among multiple physiological parameters.
GNNs have gained prominence in recent years as a tool
for analysing medical data. Choi et al. (2017) applied graph
convolutional networks to medical knowledge graphs. Ma et
al. (2018) applied spatiotemporal graph neural networks to
information propagation modelling among multiple patients,
achieving disease transmission prediction at the population
level. Xu et al. (2018) applied heterogeneous graph neural
networks to integrate multi-source medical data, performing
excellently in drug recommendation tasks. These methods
have shown superior performance in medical knowledge
modelling, but existing graph neural network applications
mainly focus on static relationship modelling, lacking
spatiotemporal joint modelling mechanisms for dynamic
evolution of individual patient physiological parameters.

Addressing the shortcomings of existing research, this
paper proposes an intelligent patient vital sign monitoring
method based on adaptive attention fusion spatiotemporal
graph neural networks, achieving dynamic fusion of
multimodal data through adaptive attention mechanisms,
modelling temporal evolution of physiological parameters
using spatiotemporal graph neural networks, introducing

reinforcement learning to achieve active monitoring
decisions, and constructing an intelligent monitoring
framework.

3  Methods

This chapter elaborates in detail on the proposed intelligent
patient vital sign monitoring method based on adaptive
attention fusion spatiotemporal graph neural networks. This
method achieves dynamic fusion of multimodal
physiological data through adaptive attention mechanisms,
models temporal evolution using spatiotemporal graph
neural networks, and optimises monitoring decisions
through reinforcement learning. The overall architecture is
shown in Figure 1.

Figure 1 The architecture of vital sign monitoring (see online version for colours)
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3.1 Adaptive attention fusion mechanism

The multimodal characteristics of vital sign data contain
rich physiological state information, and accurately fusing
this heterogeneous data is crucial for achieving intelligent
monitoring. Traditional methods typically use fixed weights
or simple feature concatenation for multimodal fusion,
making it difficult to effectively capture dynamic
interactions and time-varying characteristics among
different physiological parameters. To this end, an adaptive
attention fusion mechanism was proposed, as shown in
Figure 2. Patient vital sign data is modelled as multimodal
time series X ={X',X?%,..,XM}, where M is

physiological parameter types number, X" e R7* g
observation sequence of the m™ parameter within time
window 7, and dm is the feature dimension. The adaptive
attention mechanism dynamically calculates the importance
weight of each parameter through a gated network to
achieve adaptive fusion. Specifically, for multimodal input
at time ¢, hidden representations of each modality are first
obtained through independent feature extractors:

7= fa (X0 6,) 1)

where A" e R% is the hidden representation of the m™

parameter at time ¢, fo is the modality-specific encoder,

and 6, are learnable parameters. Considering that the
importance of different physiological parameters varies at
different times, this paper designs an adaptive weight
generation module that can dynamically adjust fusion
weights according to current physiological states:

T tanh (W,h" + wec,.i +b
o = ;xp(w anh (W,h" + w.c,; + )) @)

Zexp(WT tanh (W, hi +W.c,1 +b))

i=1

M
Ct :Za[mh[m (3)

m=1

where the learnable parameter matrices W), W, and bias
vector b are initialised using Xavier uniform initial to ensure
stable convergence, and the softmax operation in
equation (2) inherently normalises the attention weights.
o" represents the attention weight of the m™ parameter at

time ¢, reflecting the contribution of that parameter to
current physiological state judgement, c.; is the context
vector from the previous time step providing historical
information, W, W., w, b are learnable parameter matrices
and bias vectors, and c¢; is the fused multimodal
representation. To further achieve collaborative fusion of
temporal and spatial features, a dual-layer attention
mechanism was introduced. After obtaining the fused
representation, a temporal attention module was employed
to learn the importance of time steps:

5 - exp(v! tanh (W, +,)) 4)

T
Zexp(vT tanh (Wic, +b,))

7=1

z= ZT:,BzCz (5)
t=1

where £ is the temporal attention weight at time ¢ and
normalised through softmax W, v, b, are learnable
parameters, and z is the final spatiotemporal fusion
representation  that simultaneously encodes spatial
correlations among parameters and temporal evolution
information. To enhance numerical stability, layer
normalisation is applied to hidden representations before
attention weight computation, this adaptive attention fusion
mechanism achieves dynamic weight adjustment of
multimodal data through gated network design. Compared
with traditional fixed-weight fusion methods, this
mechanism can adaptively integrate different parameter
information according to patients’ real-time physiological
states, preserving unique features of each modality while
capturing interactions among modalities, providing
high-quality fusion representations for subsequent
spatiotemporal graph modelling.

3.2 Spatiotemporal graph neural network
architecture

Complex interactions exist among physiological parameters.
Traditional methods separate time series analysis and
multivariate correlation analysis, making it difficult to
simultaneously capture temporal evolution patterns and
correlations among parameters of physiological systems. To
achieve joint modelling of spatiotemporal information, this

paper models patient vital sign monitoring as a
spatiotemporal ~ graph learning task. Physiological
parameters are constructed as G=(V,E, ), where
V = {vi, va, ..., vu} represents the node set with each node

corresponding to one physiological parameter, E is the edge
set representing relationships among parameters, and
Ae RMM is the adjacency matrix reflecting connection
strength among nodes. To adaptively learn dynamic
correlations among physiological parameters, this paper
designs an adjacency matrix generation mechanism:

Apear = softmax (ReLU (EET)) (6)

where Ej, E, € RMx

learned through training. Aiam captures data-driven
parameter correlation patterns. Meanwhile, an adjacency
matrix Apror constructed from prior medical knowledge is
introduced, and the final adjacency matrix is a fusion of
both:

A= 2Aicam + (1 - )L)Aprior (7)

is the node embedding matrix

where A is implemented as a trainable parameter initialised
at 0.5 and optimised during training through gradient
descent along with other network parameters. To ensure the
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adjacency matrix remains valid, 4 is constrained to the range
[0, 1] using a sigmoid activation function. Based on the
graph structure, a spatiotemporal graph convolutional layer
is designed to achieve joint updating of node features. For
time t, the feature update process of node i is:

4y
H§’“’<z‘)=a[ 2 T W“>H§”(j)+b<”J ®)

JjeN (i) i

where H,;/({) ! represents the feature representation
of node i at time ¢ in the /" layer, A/ (i) is neighbour node i,

Aj is the normalised adjacency matrix element, d;, d; are the
node degree, the values of WY, b are learned through the
training process, and ¢ is the activation function. Gated

recurrent units are introduced to process temporal
dimension information:
H, = tanh (W, [H,,1, © Hi | +b;) ©
HP =(1-u,) O Hiy +u, O H, (10)

where r, u, are the reset gate and update gate, and H" is

final output combining spatiotemporal information.
Considering that physiological abnormalities may manifest
at different time scales, this paper designs a multi-scale time
window mechanism. Through multiple parallel temporal
convolution branches, different temporal patterns are
captured respectively:

Oy =ConvlD (H; kernel = k, dilation = d; ) (11)
Ouri = Concat (0, 0s, ..., Ok ) (12)

where k is convolution kernel size, dj is dilation coefficient,
K is scale number and Oy integrates multi-scale temporal
features. Specifically, the kernel sizes of 3, 5 and 7 was
used to capture short-term, medium-term, and long-term
temporal dependencies respectively, enabling simultaneous
detection of rapid physiological changes and gradual
deterioration patterns.

3.3 Active monitoring decision framework based on
reinforcement learning

Traditional vital sign monitoring systems mainly focus on
anomaly detection and passive alarms, lacking intelligent
support capabilities for clinical decisions. To achieve the
transformation from passive monitoring to active decision
making, this paper introduces a reinforcement learning
framework into the monitoring system. The monitoring
decision problem is modelled as a Markov decision process
(S, A, R,P,y), where the state space S is composed of

feature representations extracted by the spatiotemporal
graph neural network:

St=|:Ht0msZt»pt:| (13)

where HP" is the spatiotemporal graph feature, z, is the

adaptive fusion feature, and p; is the patient basic
information and medical history vector. The action space
A covers monitoring strategy adjustment and intervention
recommendation generation:

A = {afreq > Athreshold » Qalert » aintervene} (14)

where ageq 18 the monitoring frequency adjustment action
that reduces sampling frequency when the condition is
stable, @reshold 18 the warning threshold optimisation action
that adjusts alarm thresholds according to patient individual
characteristics, aaer 1S the warning level setting action that
distinguishes abnormal situations of different urgency
levels, and dintervene 1S the intervention recommendation
generation action that provides treatment suggestions for
medical staff. The design of the reward function
comprehensively considers monitoring accuracy and
resource efficiency:

1y = W1 Faccuracy — W2Halse — W3Fdelay + W4 efficiency (15)

where Faceuracy 15 the correct warning reward given when the
system successfully predicts critical events, 7 is the false
alarm penalty providing negative incentive for false alarms
to reduce false alarm rate, rgeay is the delay penalty
encouraging the system to detect abnormalities early,
Fefficiency 18 the efficiency reward providing positive incentive
for reasonable resource utilisation, and w; to w4 are weight
coefficients. The negative reward rrie for false alarms
balances exploration and exploitation by discouraging
overly aggressive warning strategies during early
exploration while ensuring that exploitation focuses on
high-confidence predictions supported by multiple
spatiotemporal features. The weight coefficient & controls
this trade-off between cautious exploitation and broader
exploration of the decision space. This paper adopts the
actor-critic architecture to learn optimal policies. The actor
network outputs action probability distribution based on
current state, expressed as:

7(a |s,;97,)=s0ftmax(]2m0r(s,;H,,)) (16)

where fuctor 1S the policy network and 6, are network
parameters. The critic network evaluates state value,
mathematically expressed as:

V(St;ev):f;:mic (S[;HV) (17)

where fuiic is the value network and 6, are network
parameters. The policy network is updated through the
advantage actor-critic (A2C) algorithm:

VgnJ(Qﬂ)zE[Vg” 10g7t(a,|s,;9,,)A(s,,a,)] (18)

where the advantage function A(s, a) = r: + yV(sw1; 6v)
— W(ss; 6,) measures the advantage of actions relative to
average level. The value network is updated by minimising
temporal difference error:
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L(é’v)=E[(n +yV(st+1;9V)—V(st;0V))2] (19)

To improve learning efficiency, a prioritised experience
replay mechanism is introduced that performs weighted
sampling of experience samples according to the magnitude
of temporal difference errors:

(|5t|+3)a

D (o] +e)”

J

pi= (20)

where ¢; is the TD error of sample i, ¢ is a smoothing
constant, and « controls the priority degree. This
reinforcement learning framework gradually optimises
monitoring decision strategies through interaction with
clinical expert knowledge bases and historical case data.
The actor-critic architecture enables the system to
dynamically adjust monitoring strategies according to
patient conditions, providing personalised intelligent
decision support for clinical medical staff. To ensure
clinical safety and facilitate real-world deployment, the
reinforcement learning decision layer incorporates safety
constraints that restrict high-risk actions and includes a
human-in-the-loop ~ validation = mechanism, allowing
clinicians to review and override system recommendations
before execution.

4 Experimental results and analysis
4.1 Experimental setup and evaluation metrics

Two public benchmark datasets are leveraged to conduct a
comprehensive evaluation of the method’s performance.
The MIMIC-III dataset contains vital sign records of over
53,000 ICU patients, with data sampling frequency of once
per hour and average monitoring duration of 2.1 days. The
eIlCU dataset contains medical records of 200,859 ICU
patients from 208 hospitals in the USA, with more diverse
data and average monitoring duration of 1.8 days. For both
MIMIC-III and eICU datasets, we construct graph nodes
using seven core vital sign parameters: heart rate (HR),
systolic and diastolic blood pressure (SBP, DBP), peripheral
oxygen saturation (SpO,), respiratory rate (RR), body
temperature (Temp), and Glasgow coma scale (GCS). These
parameters were selected as they are consistently monitored
across both datasets and represent critical physiological
indicators for detecting patient deterioration in intensive
care settings. The experiments consider multiple clinical
scenarios, including early warning of critical events such as
sepsis, respiratory failure, and cardiogenic shock, with
different prediction time windows (1 hour, 4 hours, 8
hours). Data preprocessing includes missing value
imputation, outlier detection, data standardisation, and other
steps, with training set, validation set, and test set ratios of
7:2:1. For data preprocessing, we apply forward-fill
imputation for gaps shorter than 6 hours and median
imputation for longer missing periods, followed by outlier
detection using the interquartile range (IQR) method with

threshold of 1.5xIQR to identify and replace physiologically
implausible values. All vital sign parameters are then
normalised using z-score standardisation computed
separately for each parameter across the training set to
ensure zero mean and unit variance.

This paper selects five representative existing methods
for comparison. The modified early warning score (MEWS)
system (Subbe et al., 2001) is a widely used clinical risk
assessment tool that judges patient condition severity
through weighted scoring of physiological parameters. The
LSTM method (Harutyunyan et al., 2019) uses RNNs to
process temporal data, capable of capturing long-term
dependencies of physiological parameters, performing
excellently in ICU prediction tasks. The multitask temporal
attention network (MTAN) (Choi et al., 2020) integrates
multimodal medical data through attention mechanisms,
achieving multi-task joint learning. The temporal
convolutional network (TCN) method (Lipton et al., 2017)
uses causal convolution and dilated convolution to process
long sequence data. The graph attention network (GAT)
method (Shang et al., 2019) model correlations among
physiological parameters but does not consider deep fusion
of temporal information.

Five key indicators was used to comprehensively
evaluate system performance. Anomaly detection accuracy
(ADA) measures the system’s ability to correctly identify
physiological abnormalities, expressed as:

_ TP+IN
TP+TN + FP+FN

x100% Q1)

The evaluation metrics are derived as follows: TP is the
count of abnormal samples correctly predicted; TN is the
count of normal samples correctly predicted; FP denotes
normal samples erroneously predicted as abnormal (false
alarms); and FN represents abnormal samples that were
overlooked. Early warning time (EWT) evaluates the
system’s ability to provide early warning of critical events,
expressed as:

N .
Z (tievem _ tiwam'“g ) (22)

i=1

EWT=i
N

where N is successfully warned critical event number, #¥"

is occurrence time of the i critical event, and £"*™ is the

time when the system issued the warning. This indicator is
measured in minutes; the larger the value, the earlier the
system can detect signs of patient deterioration, gaining
more time for clinical intervention. The critical event
prediction Fl-score (CEP-F1) comprehensively considers
prediction precision and recall, expressed as:

TP

, Recall=——— (23)
+ FP TP+FN

Precision =

Fle2x Precilsllon X Recall (24)
Precision + Recall

where precision reflects the conditional probability that a
predicted critical event is true, speaking to warning
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accuracy. Recall captures the probability of detecting an
actual critical event, speaking to system completeness. The
Fl-score serves as a composite metric that reconciles the
inherent trade-off between precision and recall. false alarm
rate (FAR) quantifies the frequency of false alarms
generated by the system, expressed as:

FP

R=——x100% (25)
TP+TN

The lower this indicator, the better the system’s specificity,

effectively reducing unnecessary clinical interventions.

4.2  Comparative experimental analysis with existing
methods

Figure 3 shows the results of different methods on the
MIMIC-III dataset. In terms of anomaly detection accuracy,
the proposed method achieves 96.3%, an improvement of
19.5 percentage points compared to the traditional MEWS

method’s 76.8%, and an improvement of 4.6 percentage
points compared to the closest GAT method’s 91.7%. This
significant improvement is mainly due to the synergistic
effect of the adaptive attention fusion mechanism and
spatiotemporal graph neural network; the former can
dynamically integrate multimodal physiological data, while
the latter achieves joint modelling of parameter correlations
and temporal evolution. Although the LSTM method can
capture temporal dependencies, its accuracy is only 84.2%
because it independently processes each physiological
parameter, ignoring interactions among parameters. The
MTAN method improves to 88.5% through multi-task
learning but still uses traditional attention mechanisms,
lacking adaptive adjustment capabilities. The TCN method

achieves 87.9%, demonstrating the effectiveness of
temporal convolution in feature extraction but not
considering  graph  structural relationships  among
parameters.

Figure 3 Performance comparison of different methods on MIMIC-III dataset, (a) anomaly detection accuracy comparison (b) early
warning time comparison (c) critical event prediction F1-score comparison (d) false alarm rate comparison (see online version

for colours)
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Figure 4 Performance of different methods under different prediction time windows (see online version for colours)
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In terms of early warning time, the proposed method
achieves 38.5 minutes, advancing by 30 minutes compared
to the MEWS method’s 8.5 minutes, and by 10.1 minutes
compared to the GAT method’s 28.4 minutes. This
advantage stems from the introduction of the reinforcement
learning framework, enabling the system to learn optimal
warning strategies from historical data and issue alerts when
patient physiological parameters show slight abnormalities.
The LSTM method’s warning time is 15.2 minutes;
although better than traditional methods, it is difficult to
capture early weak abnormal signals due to lack of
modelling parameter correlations. The MTAN method
achieves 22.8 minutes, showing the advantages of
multi-task learning but still not matching the modelling
capabilities of the proposed method. The TCN method
achieves 19.6 minutes, limited by its focus on temporal
features while neglecting spatial correlations.

In terms of critical event prediction Fl-score, the
proposed  method  achieves  0.912,  significantly
outperforming all other methods. The MEWS method’s F1-
score is only 0.653 because simple scoring systems are
difficult to adapt to complex and variable individual patient
differences. The LSTM method improves to 0.742 but has
poor balance between precision and recall. The MTAN
method achieves 0.821 through multi-task learning
improving prediction performance. The GAT method
achieves 0.856, proving the effectiveness of graph structure
modelling. The proposed method achieves improvements in
both precision and recall through the combination of
adaptive attention fusion and spatiotemporal graph neural
networks.

False alarm rate is a key indicator in clinical
applications; the proposed method’s false alarm rate is only
6.4%, a reduction of 77.6% compared to the MEWS
method’s 28.6%, and a reduction of 45.8% compared to the
GAT method’s 11.8%. The low false alarm rate is achieved
because the adaptive attention mechanism can dynamically
adjust judgement thresholds according to individual patient
characteristics, avoiding frequent false alarms caused by
fixed thresholds. The LSTM method’s false alarm rate is
19.3%, the MTAN method reduces to 14.7%, and the TCN
method is 16.2%, all significantly higher than the proposed
method. These results verify that the proposed method
effectively controls false alarm rates while improving
monitoring accuracy.

Figure 4 depicts the performance evolution of various
methods across different prediction horizons. As the
prediction time window increases from 1 hour to 8 hours,
the Fl-scores of all methods show a downward trend
because longer prediction windows mean higher
uncertainty. Under the 1-hour prediction window, our
method’s Fl-score reaches 0.947, an improvement of 5.5
percentage points compared to the GAT method’s 0.892.
Under the 4-hour prediction window, the proposed method
maintains a high Fl-score of 0.912, while other methods
decline more significantly, with LSTM dropping to 0.718,
MTAN dropping to 0.798, and GAT dropping to 0.841.
Under the 8-hour prediction window, the proposed
method’s Fl-score still reaches 0.876, demonstrating good
long-term prediction capabilities, while the MEWS method
is only 0.587.
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Figure 5 shows the performance of different methods on
the eICU dataset. Experimental results indicate that the
proposed method achieves 94.8% in anomaly detection
accuracy; although it has a 1.5 percentage point decrease
compared to the MIMIC-III dataset, it still significantly
outperforms other methods. The MEWS method’s accuracy
on elCU drops to 74.2%, a decrease of 2.6 percentage
points, showing the limitations of traditional methods in
cross-hospital scenarios. The LSTM method is 82.5%, the
MTAN method is 86.9%, the TCN method is 85.7%, and
the GAT method is 90.2%, all showing varying degrees of
performance decline. The proposed method demonstrates
strong generalisation capabilities, attributed to the adaptive
attention mechanism’s ability to dynamically adjust fusion
strategies according to different data distributions. In terms
of early warning time, the proposed method achieves 36.7
minutes, slightly lower than MIMIC-III but still maintaining
significant advantages. The critical event prediction
Fl-score is 0.896, and the false alarm rate is 7.8%, further
verifying the stability and reliability of the proposed
method.

Figure 5

To evaluate the practical feasibility for hospital
deployment, the computational cost of all methods on
MIMIC-III dataset was analysed. As shown in Table 1, our
proposed method requires 4.8 hours training time, 14.2
milliseconds inference latency, and 6.1 GB GPU memory,
which is moderately lower than GAT at 5.2 hours, 15.6
milliseconds, and 6.5 GB respectively. This efficiency gain
is attributed to the optimised spatiotemporal graph
convolution operations and streamlined reinforcement
learning module in our architecture. The 14.2 milliseconds
inference latency is well within acceptable bounds for real-
time clinical monitoring, as ICU vital signs are typically
sampled at one-minute intervals. Notably, our method
achieves superior performance with lower computational
cost: 96.3% anomaly detection accuracy versus 91.7% for
GAT, 38.5 minutes early warning time versus 33.1 minutes
for GAT, and 0.912 Fl-score versus 0.887 for GAT,
demonstrating both efficiency and effectiveness for hospital
deployment.

Performance of different methods on eICU dataset, (a) anomaly detection accuracy comparison (eICU) (b) early warning time

comparison (eICU) (c) critical event prediction F1-score comparison (eICU) (d) false alarm rate comparison (eICU) (see online

version for colours)
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Figure 6 T-SNE visualisation results of ablation experiment, (a) full model (accuracy: 96.3%) (b) w/o attention (accuracy: 91.8%)
(c) w/o RL (accuracy: 92.7%) (d) w/o joint (accuracy: 93.4%) (¢) w/o ST-GNN (accuracy: 88.5%) (see online version

for colours)
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Table 1 Computational cost comparison on MIMIC-IIT
dataset

Maiod T eGP
LSTM 2.3 8.5 32
MTAN 4.7 12.3 5.8
TCN 3.1 9.7 4.1
GAT 5.2 15.6 6.5
Proposed 4.8 14.2 6.1
method

4.3 Ablation experiment analysis

To deeply understand the contribution of each technical
module to system performance, detailed ablation
experiments were conducted. The experimental settings
include the complete model, removal of adaptive attention
fusion mechanism (w/o attention), removal of
spatiotemporal graph neural network (w/o ST-GNN),
removal of reinforcement learning module (w/o RL), and
removal of joint optimisation mechanism (w/o joint). Figure
6 shows the t-SNE visualisation results of ablation
experiments, intuitively revealing the class separation
capabilities of different model variants in feature space by

0
t-SNE Dimension 1

(e)

projecting high-dimensional feature representations to
two-dimensional space. The complete model demonstrates
excellent class separation, with normal, warning, and
critical categories forming clear, compact, and well-defined
clusters in feature space with almost no inter-class overlap.
This good separability is directly reflected in its 96.3%
anomaly detection accuracy and 0.912 Fl-score, indicating
that the complete model can learn highly discriminative
feature representations that effectively distinguish different
physiological states.

The feature space of w/o attention shows obvious class
overlap, with blurred cluster boundaries among the three
categories and numerous sample points distributed in
inter-class overlap regions. Anomaly detection accuracy
decreased from 96.3% to 91.8% and Fl-score decreased
from 0.912 to 0.847. Fixed-weight fusion cannot capture
dynamic interactions and importance changes among
physiological parameters, resulting in learned feature
representations lacking discriminability, easily mapping
samples of different states to similar feature regions in
complex scenarios. Early warning time also shortened from
38.5 minutes to 29.3 minutes, and false alarm rate increased
from 6.4% to 10.7%, further confirming the decline in
recognition capabilities caused by feature confusion. W/o
ST-GNN caused the most severe feature space confusion,
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with the three categories almost completely overlapping,
making it difficult to form recognisable cluster structures.
Anomaly detection accuracy dropped to 88.5%, early
warning time shortened to 24.6 minutes, F1-score decreased
to 0.806, and false alarm rate increased to 14.2%. Without
the spatiotemporal graph structure, the model cannot
effectively separate different physiological state patterns in
feature space, and its ability to recognise abnormalities and
hidden condition changes is greatly reduced, making the
model unable to adaptively discover dynamic correlation
patterns among parameters. The removal of the multi-scale
time window mechanism weakens the perception of
abnormalities at different time granularities; these factors
jointly lead to severe feature space confusion and significant
performance decline. The feature space of w/o RL also
shows significant class confusion; although slightly better
than w/o ST-GNN, it is still far inferior to the complete
model. Anomaly detection accuracy dropped to 92.7%,
early warning time shortened to 31.8 minutes, Fl-score
decreased to 0.871, and false alarm rate increased to 9.3%.
The passive monitoring mode based on fixed rules leads to
learned feature representations lacking decision orientation,
resulting in reduced separability of different categories in
feature space and prone to misjudgement in complex
scenarios. The feature space of w/o joint also presents
obvious class confusion; anomaly detection accuracy
dropped to 93.4%, F1-score decreased to 0.883, and false
alarm rate increased to 8.6%. Separate training leads to
inconsistent optimisation objectives among modules, and
learned intermediate feature representations cannot be
effectively transferred, resulting in poor class separation in
feature space.

To validate the contribution of each reward component,
we conducted comprehensive ablation experiments on the
reward balancing factors o, o, 03, and o4 defined in
equation (15). Table 2 presents the performance variations
under different coefficient configurations. The baseline with
equal weights achieves moderate performance across all
metrics: 94.1% ADA, 32.7 minutes EWT, 0.884 Fl-score,
and 8.3% FAR. When emphasising individual components,
high o yields the best detection accuracy at 95.8% ADA

and 0.902 F1-score, while high o reduces FAR to 5.1% but
compromises accuracy to 93.2%. High o3 produces the
earliest warnings at 41.3 minutes but increases false alarms
to 9.7%, whereas high o4 degrades both accuracy to 92.8%
and timeliness to 28.5 minutes. Complete ablation
experiments confirm each component’s necessity: removing
o causes the most severe degradation with 89.7% ADA and
0.831 Fl-score, eliminating o, leads to unacceptable 15.3%
FAR, ablating o reduces early warning time to merely 22.9
minutes, and removing o4 slightly increases FAR to 8.1%.
Through systematic grid search on the validation set, our
optimised configuration of o = 0.40, on = 0.25, a5 = 0.20,
and ou = 0.15 achieves superior overall performance: 96.3%
ADA, 38.5 minutes EWT, 0.912 Fl-score, and 6.9% FAR.
These results demonstrate that careful balancing of reward
components is crucial for learning effective monitoring
policies that simultaneously optimise detection accuracy,
warning timeliness, and clinical utility.

5 Discussion

The adaptive attention fusion mechanism proposed in this
paper demonstrates significant advantages in multimodal
physiological data integration. Traditional methods use
fixed weights or simple feature concatenation for
multimodal fusion, unable to adapt to dynamic changes in
patient physiological states and time-varying characteristics
of interactions among parameters. This paper achieves
adaptive adjustment of fusion weights through gated
network design, automatically learning the importance of
different parameters according to patients’ real-time
physiological states, preserving unique features of each
modality while effectively capturing interactions among
modalities. Results show that the complete model improves
anomaly detection accuracy by 4.5 percentage points and
reduces false alarm rate by 4.3 percentage points, fully
verifying the performance of the adaptive attention fusion
mechanism in improving feature discriminability and
reducing false alarms.

Table 2 Ablation study of reward balancing factors on MIMIC-III dataset
Configuration o 192) 73] ou ADA (%) EWT (min) CEP-FI FAR (%)
Equal weights 0.25 0.25 0.25 0.25 94.1 327 0.884 8.3
High o1 0.50 0.20 0.15 0.15 95.8 36.2 0.902 7.8
High o 0.20 0.50 0.15 0.15 93.2 314 0.869 5.1
High o3 0.20 0.15 0.50 0.15 94.9 413 0.895 9.7
High o 0.20 0.15 0.15 0.50 92.8 28.5 0.871 6.4
Optimised (proposed) 0.40 0.25 0.20 0.15 96.3 38.5 0.912 6.9
No a1 (ablated) 0.00 0.33 0.33 0.34 89.7 25.1 0.831 12.5
No o2 (ablated) 0.50 0.00 0.25 0.25 95.1 35.8 0.897 15.3
No o5 (ablated) 0.40 0.35 0.00 0.25 94.5 22.9 0.886 7.2
No x4 (ablated) 0.43 0.29 0.28 0.00 95.7 37.1 0.905 8.1
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The innovative design in spatiotemporal GNN architecture
achieves deep joint modelling of spatial correlations and
temporal evolution of physiological parameters, breaking
through the limitation of traditional methods that separate
time series analysis and multivariate correlation analysis.
By modelling vital sign monitoring points as graph structure
nodes, the proposed method can simultaneously capture
interactions among parameters and temporal dependencies,
using learnable adjacency matrices to adaptively discover
data-driven parameter correlation patterns and integrating
prior medical knowledge to construct more robust graph
structure representations. The introduction of multi-scale
time window mechanisms enables the system to identify
abnormal patterns at different time granularities. Results
show that the complete model improves critical event
prediction F1-score by 10.6 percentage points and advances
early warning time by 13.9 minutes, fully proving the
critical role of spatiotemporal joint modelling in improving
prediction performance and early identification capabilities.

The introduction of the deep reinforcement learning
framework enhances the monitoring system’s ability to
intelligently optimise monitoring strategies. Traditional
monitoring systems can only perform passive alarms
according to preset rules, lacking intelligent support for
clinical decisions, and unable to dynamically adjust
monitoring strategies according to patient conditions. This
paper models monitoring decisions as a Markov decision
process, using spatiotemporal graph features as state inputs
and utilising actor-critic networks to learn optimal
strategies, enabling the system to autonomously determine
key parameters such as monitoring frequency, warning
thresholds, and intervention recommendations. The reward
function design comprehensively considering monitoring
accuracy and resource efficiency enables the reinforcement
learning framework to optimise medical resource utilisation
efficiency while improving warning performance.
Experimental results show that compared to the model
variant with removed reinforcement learning module, the
complete model advances early warning time by 6.7
minutes and reduces false alarm rate by 2.9 percentage
points, demonstrating the significant advantages of
reinforcement learning in optimising monitoring decisions.
Despite the promising results, several limitations should be
acknowledged. The computational demands of our method,
while manageable on modern GPUs with 4.8 hours of
training time and 14.2 ms inference latency, may challenge
hospital systems with limited resources. Furthermore, our
evaluation primarily relied on two large-scale ICU datasets
from developed healthcare systems, and generalisability to
resource-constrained  settings with  different patient
demographics and data characteristics requires further
validation. Future work will focus on developing a
lightweight version through model distillation and
quantisation to facilitate edge deployment at the bedside,
ensuring both practical integration into clinical workflows
and the preservation of patient safety.

6 Conclusions

Addressing the challenges faced in patient vital sign
monitoring in multimodal data fusion, spatiotemporal
feature modelling, and active decision support, this paper
proposes an intelligent monitoring method based on
adaptive attention fusion spatiotemporal graph neural
networks. First, an adaptive attention fusion mechanism is
constructed that adjusts fusion weights of different
physiological parameters through gated networks,
automatically learning optimal combination methods of
temporal and spatial features according to patients’
real-time  physiological states, achieving adaptive
integration of multimodal data. Second, a spatiotemporal
graph neural network architecture is designed that
simultaneously captures correlations among physiological
parameters and temporal change patterns through graph
convolution operations, utilising multi-scale time window
mechanisms to achieve deep modelling of spatiotemporal
information. Finally, a deep reinforcement learning
framework is introduced, using spatiotemporal graph
features as state inputs and learning optimal monitoring
strategies through actor-critic networks, achieving active
decision support. Comprehensive experiments on two
large-scale ICU datasets, MIMIC-III and eICU, demonstrate
that our method achieves 96.3% in anomaly detection
accuracy, an improvement of 4.6 percentage points
compared to existing optimal methods, advances early
warning time by 38.5 minutes, an advance of 10.1 minutes
compared to sub-optimal methods, achieves a critical event
prediction Fl-score of 0.912, reduces false alarm rate to
6.4%, and maintains stable high performance under
different prediction scenarios, fully validating the proposed
method’s improvement in patient vital sign intelligent
monitoring accuracy.
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