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Abstract

Objective: With the intensifying global population aging, the demand for mechanical ventilation in geriatric patients is
rising. Given their complex physiological traits and sparse intensive care unit (ICU) data, accurate intubation prediction is
difficult. Premature intubation may raise the risk of hypoxic organ damage, whereas delayed intubation can lead to
increased ventilator-associated mortality. Therefore, developing precise intubation prediction models is vital for elderly
ICU patients.

Methods: This study retrospectively analyzed data from ICU patients aged over 65 years in the MIMIC-IV and elCU
databases. The intubation prediction task was formulated using a sliding window with a strict temporal data split to avoid
data leakage. We propose a dynamic mask attention graph neural network (DymaGNN) to capture the time-varying rela-
tionship of key physiological variables by constructing a dynamic heterogeneous graph structure and an adaptive edge-
weighting mechanism. The mask attention layer is designed to identify the key timesteps in the irregular sampling data.
Results: The experiments showed that DymaGNN achieved an area under the curve (AUC) value of 0.8363 and 0.8557
on the intubation prediction task on MIMIC-IV and elCU datasets, respectively, and maintained an AUC of 0.81 |5 under a
I5% data missing rate. Visualization of the feature interaction graph revealed the relationship between important features
such as respiratory rate and oxygen saturation. These interaction patterns matched much clinical knowledge, significantly
improving doctors’ trust in the model prediction.

Conclusion: Our proposed DymaGNN establishes a useful method for mechanical ventilation prediction in elderly ICU
patients, achieving high predictive accuracy and remaining robust under a 10% data missing rate. Its interpretable feature
interaction graphs provide transparent insights, aligning with established medical knowledge to build trustworthy tools
for real-world ICU intubation decisions.
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Introduction

The growing number of geriatric patients in the world is
causing a rise in intensive care unit (ICU) admissions.

'Department of Anesthesiology, Shaanxi Provincial People’s Hospital,
Xi’An, China

idities,> such duced h ia tol d :? i
comorbidities,”” such as reduced hypoxemia tolerance an Faculty of Business, The Hong Kong Polytechnic University, Hong Kong,

respiratory muscle fatigue, often enable earlier intubation to ~ Hong Kong
3School of Medicine, Shanghai Jiao tong University, Shanghai, China

Their pathophysiological characteristics, including multiple

alleviate respiratory burden. However, mechanical ventila-
tion in geriatric patients carries significant risks, with mortal-  Corresponding author:

ity rates 1.8 times higher than in younger patients and 3.07 Jiao Guo, Department of Anesthesiology, Shaanxi Provincial People’s
. . . 4 Hospital, No.256, Youyi West Road, Beilin District, Xi’an, Shaanxi
times greater compared to nonventilated elderly patients.” 74000, China.

This creates a critical clinical dilemma: how to handle low  Email: guojane | 989@gmail.com

@@@@ Creative Commons NonCommercial-NoDerivs CC BY-NC-ND: This article is distributed under the terms of the Creative Commons

Attribution-NonCommercial-NoDerivs 4.0 License (https://creativecommons.org/licenses/by-nc-nd/4.0/) which permits non-
commercial use, reproduction and distribution of the work as published without adaptation or alteration, without further permission provided the
original work is attributed as specified on the SAGE and Open Access page (https://us.sagepub.com/en-us/nam/open-access-at-sage).


https://orcid.org/0009-0001-0850-3943
mailto:guojane1989@gmail.com
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://uk.sagepub.com/en-gb/eur/journals-permissions
https://journals.sagepub.com/home/dhj
http://crossmark.crossref.org/dialog/?doi=10.1177%2F20552076251361680&domain=pdf&date_stamp=2025-07-30

DIGITAL HEALTH

oxygen risks without increasing the chances of death from
ventilation.

Current studies about intubation prediction in elderly ICU
patients mainly use traditional machine learning and deep
learning models.® Traditional machine learning methods
(such as support vector machine (SVM), and XGBoost) usu-
ally rely on statistical feature construction (such as the 1-h
average respiratory rate (RR))® and  heuristic
feature selection.” While computationally efficient and inter-
pretable, such methods rely on domain-specific prior knowl-
edge in feature engineering, assuming its broad applicability.
This overlooks the significant variability in key physiological
features across elderly ICU patients. Consequently, features
derived from potentially incomplete prior knowledge may
fail to fully capture the complex physiology of this population.

Deep learning models, particularly sequence models like
long short-term memory (LSTM)'®!'! and transformer-
based architectures,'? have superior performance in some
ICU-related predictive tasks, including intubation and mor-
tality prediction. For instance, Nora et al. developed an
LSTM-based model capable of predicting intubation
requirement, mortality risk, and ventilation duration with
an area under the curve (AUC) exceeding 0.95, demonstrat-
ing the correlation between intubation necessity and acute
respiratory distress syndrome mortality.'* However, these
sequence models intrinsically presuppose uniformly
sampled time-series data.'* Elderly ICU records exhibit
marked sampling frequency variability, resulting in inher-
ently irregular and sparse patterns.

Modeling how different features connect has become key
for better predicting intubation in ICUs."> The cross-attention
mechanism, leveraging multi-head attention to model inter-
variable dependencies, enhanced AUC by 0.0379 and
reduced the false alarm rate to 17.8% in intubation predic-
tion.'® Li et al. employed a temporal convolutional network
to model temporal convolutional network to model temporal
dependencies and identify key risk factors such as mean
blood pressure and oxygen saturation (SpO.).'” A represen-
tative study by Kim et al. employed pulmonary expert-
curated feature relationships to construct static graph struc-
tures for predicting spontaneous breathing trial success.
Although achieving 0.85 AUC, their FT-GAT model’s fixed
topological configuration fails to capture the temporal evolu-
tion of feature interactions during acute respiratory failure
episodes.'® These approaches focus either on temporal corre-
lations or feature-level dependencies, but they struggle to
effectively model the time-evolving interactions between fea-
tures simultaneously. This limitation is particularly acute in
the context of ICU intubation prediction, where the influence
of feature relationships varies significantly across different
clinical states and time points.

Graph neural networks (GNNs) have recently demon-
strated remarkable performance in heterogeneous data ana-
lysis, particularly for multivariate time-series forecasting.
Some studies have utilized GNNs to extract directed

dependencies among variables, enhancing predictive accur-
acy.'”! Furthermore, integrating neural ordinary differential
equations strengthened GNNs’ ability to model temporal
dynamics.”? Zhang et al. employed GNNs to model inter-
variable associations and predict misaligned data points based
on adjacent time steps.”> Current GNNs are usually applied to
observation windows spanning days to weeks to learn stable
patterns or slowly evolving trends. This is inconsistent with
the needs of ICU intubation prediction, which relies on short
and sparse observation windows. As a result, existing GNNs
often suffer from over-smoothing and performance
degradation.**

In summary, while progress has been made in developing
ICU intubation prediction models, solutions tailored for eld-
erly patients remain underdeveloped. Existing approaches
often fail to adequately capture the dynamic and interrelated
nature of clinical variables, instead treating vital signs and lab
values as isolated rather than interdependent. This shortcom-
ing is further complicated by data sparsity due to irregular
sampling, which can degrade model performance.
Moreover, while current explainability methods can identify
key predictive features, they fall short in elucidating the com-
plex interactions between clinical variables.

To address these limitations, we propose the dynamic
mask attention graph neural network (DymaGNN) to
enhance intubation prediction in geriatric ICU patients.
The main contributions of this study are as follows:

1. We construct a time-evolving graph structure where
dynamic physiological variables are represented as
nodes. Adaptive edge weights capture cooperative and
antagonistic effects between variables, allowing a more
comprehensive representation of complex interactions.

2. We employ masked attention temporal aggregation
to identify critical time windows, improving the util-
ization of high-quality data segments while mitigat-
ing the impact of missing data.

3. DymaGNN shows good performance in multiple
mechanical ventilation prediction tasks. The gener-
ated feature interaction graph is consistent with clin-
ical knowledge, which enhances doctors’ trust in the
model’s judgments.

This study provides a new method with both high predic-
tion accuracy and interpretability®® for the intubation pre-
diction of elderly ICU patients.

Method

We first establish the ventilation prediction task through
expert-guided ventilation status reclassification and sliding
window segmentation. Subsequently, we conduct rigorous
data splits to avoid temporal data leakage. Second, we detail
the dynamic graph construction that encodes variable rela-
tionships through adaptive edge weights and mask attention
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Table I. Reclassification of ventilation status in the MIMIC-IV
dataset.

Tracheostomy 4 intubation
InvasiveVent 4 intubation
NonlnvasiveVent 3 assisted ventilation
SupplementalOxygen | assisted ventilation
HFNC 2 assisted ventilation
None 0 None

HFNC: high-flow nasal cannula.

mechanisms to handle irregular sampling. The integrated
framework enables simultaneous learning of cross-feature
dependencies and temporal dynamics for intubation
prediction.

Data source

This study is based on the MIMIC-IV 2.2 database and
focuses on elderly ICU patients aged 65%¢ years and older
to analyze their ventilation requirements and develop pre-
dictive models. In the MIMIC dataset, the mimiciv_deri-
ved.ventilation table classifies ventilation status into five
categories based on the type of oxygen therapy and ventila-
tory support: (0) no oxygen therapy, (1) supplemental oxy-
gen, (2) high-flow nasal cannula (HFNC), (3) non-invasive
ventilation (NIV), and (4) invasive mechanical ventilation
(IMV), which includes both endotracheal intubation and
tracheostomy.

To facilitate analysis, we reclassified the ventilation
status into two groups: intubation and assisted ventilation.
Specifically, category 4 (IMV) is designated as intubation,
encompassing both endotracheal intubation and tracheos-
tomy. Meanwhile, categories 1 (supplemental oxygen), 2
(HFNC), and 3 (NIV) are grouped under assisted
ventilation.

For the intubation prediction task, patient outcomes are
categorized into two groups: those who underwent intub-
ation (including endotracheal intubation and tracheostomy)
and those who did not receive intubation (including patients
with no oxygen therapy, supplemental oxygen, HFNC, or
NIV). The mapping of ventilation status to categories is
summarized in Table 1.

The variables utilized in our study, extracted from the
MIMIC-IV database, are summarized in Table 2. Static
variables comprise demographic information like gender
and admission age. We incorporate diagnostic information
with specific constraints: Given the absence of temporal

annotations for diagnoses in MIMIC-IV, our analysis was
rigorously limited to chronic diseases and pre-existing con-
ditions to prevent potential data leakage. This focus is par-
ticularly clinically appropriate for geriatric ICU patients, as
healthcare services in this population pay attention to
chronic diseases.”’” Additionally, only procedures per-
formed before the prediction window were included as
inputs.

Dynamic variables encompass time-series measurements
of vital signs and laboratory test results. For vital sign fea-
tures, we retained all seven high-frequency recorded in the
MIMIC-IV database due to their general availability and
foundational role in intensive care monitoring. Laboratory
variables present wide variation in measurement frequency.
To select the most representative and clinically relevant
laboratory variables while addressing challenges related to
high missingness rates, we implemented the following strat-
egy: We calculated the measurement frequency (i.e. the
count of times each variable was performed) for the entire
study cohort. These variables were then ranked from the
highest to the lowest measurement frequency. The top 25
most frequently measured items were selected as the final
input features. This strategy is grounded in clinical practice
as high measurement frequency indicates the high level of
clinical attention and prioritization in ICU.

Data processing

To formulate the prediction task for intubation requirements
in ICU patients, we employ a sliding window mechanism to
segment the time-series data. Each sample consists of three
consecutive windows: an observation window (6 h), a gap
window (2 h), and a prediction window (1 h). The physio-
logical data within the observation window serve as input
to predict whether the patient will require mechanical ven-
tilation in the subsequent 1-h period following the 3-h gap,
denoted as y. Specifically, y=1 indicates that the patient
undergoes intubation during the prediction window, while
y=0 signifies no need for mechanical ventilation. In the
MIMIC-IV dataset, we constructed 18,835 samples with a
positive-negative ratio of approximately 0.721. The eICU
dataset comprised 42,842 samples, with a positive-
to-negative ratio of approximately 0.947.

To prevent data leakage, which may arise from direct
random splitting and compromise the model’s generaliza-
tion ability, we strictly adhere to a chronological fivefold
cross-validation strategy. This ensures that training and
test sets in different folds do not share temporal informa-
tion, thereby maintaining the validity and robustness of
the experimental results.

For a given sample 7, the input features comprise mul-
tiple physiological variables, structured as illustrated in
Figure 1. In our DymaGNN model, besides the observed
values at each time step, we incorporate a mask matrix to
explicitly represent missing data. Specifically, assuming
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Table 2. Features in the processed dataset.

Gender, admission age, hospitalization sequence, hours from ICU admission, ICU stay sequence

Hypertension, Paralysis, other neurological, Chronic pulmonary, Diabetes uncomplicated, Diabetes

complicated, Hypothyroidism, Liver disease, Peptic ulcer, Aids, Lymphoma, Metastatic cancer, Solid
tumor, Rheumatoid arthritis, Coagulopathy, Obesity, Fluid electrolyte, Deficiency anemias, Alcohol

Arterial catheterization, Central venous catheter placement with guidance, Closed endoscopic biopsy of

bronchus, Enteral infusion of concentrated nutritional substances, Hemodialysis, Insertion of feeding
device into the stomach, Percutaneous approach, Insertion of infusion device into superior vena cava,
Percutaneous approach, Inspection of the tracheobronchial tree, Via natural or artificial opening
endoscopic, Introduction of nutritional substance into upper Gl, Via natural or artificial opening,
Percutaneous endoscopic gastrostomy [PEG], Percutaneous abdominal drainage, Venous catheterization

Demographic
information
Diagnosis
abuse, Drug abuse, Psychoses, Depression
Procedure
for renal dialysis, Venous catheterization (not elsewhere classified)
Vital signs

Heart Rate, Arterial Blood Pressure systolic, Arterial Blood Pressure diastolic, Arterial Blood Pressure

mean, O2 saturation pulseoxymetry, Respiratory rate, Blood Temperature CCO (C)

Laboratory tests

Sodium, Potassium, Chloride, Calcium, Magnesium, Phosphate, pH, O2 Pressure (PO2), Bicarbonate,

lonized Calcium, Lactate, Hemoglobin (Hb), Platelet, White Blood Cell (WBC), Red Blood Cells,
Hemoglobin Concentration (MCHC), Mean Corpuscular Hemoglobin (MCH), Red Cell Distribution
Width (RDW), Blood Urea Nitrogen (BUN), Creatinine, Glucose, Anion Gap, Temperature, Glasgow

Coma Score (GCS)

ICU: intensive care unit.

the ICU dataset contains D dynamic features and the max-
imum sequence length is set to 7, the mask matrix for sam-
ple i has a dimension of D X 7. The mask matrix element
M indicates whether feature u is observed at time step ¢
in sample i, where M’ =1 denotes the presence of an
observation, while missing values are represented
otherwise.

Dynamic mask attention graph neural network
model

Patient physiological data in the ICU exhibit dynamic and
heterogeneous characteristics, encompassing static and
time-series features. The irregularity of data, and complex
variable interactions in disease progression, makes intub-
ation prediction highly challenging. To tackle these issues,
we propose DymaGNN, a dynamic GNN that adaptively
models heterogeneous ICU data, captures inter-variable
dependencies and highlights critical time steps to improve
predictive performance.

DymaGNN represents ICU data as a feature interaction
graph in Figure 2, where nodes correspond to dynamic vari-
ables and edges capture their interactions, encoded via edge
embeddings. While the graph structure remains static, node
representations and edge weights evolve over time. To han-
dle temporal irregularity, a masked attention mechanism

identifies key time steps, enhancing feature aggregation
and prediction accuracy.

For a given sample 7, the observation value of variable u
at time step ¢ is denoted as x'. The corresponding time
embedding is denoted as p™’. The initial node embedding
is obtained through a multi-layer perceptron (MLP):

hit = MLP(x:) (1)

For an edge (u, v) between variables u and v, we intro-
duce an edge embedding eiw and the time embedding p™,
computing a d-dimension interaction vector whose mean
value serves as the edge weight. The edge embedding efw
enables adaptive learning of inter-feature relationships:

, 1< A , A
m=22 (e omTelron]), @
Jj=1

A softmax normalization is then applied to derive the
final edge weight 7./’ :
it exp( ittv)

7 -
o ZWEN(M) exXp (ﬂﬁ;tw)

3)

The threshold top k retains top 50% strongest edge
weights (kK = 50%) to prevent over-smoothing. The
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Gap time
(multi-time scale)
Feature name 2024/01/02 2024/01/02 2024/01/02 2024/01/02 max length Label
10:00:00 10:15:00 11:07:00 11:10:00 (if intube)
feature u (heart rate) 90 95 92 1
feature v (respiratory) 15 15 0
400 300 X
feature N 120
observe window prgdiction
window
Figure |. lllustration of input data for ICU ventilation prediction.
ICU: intensive care unit.
mask M is defined as follows:
node embedding h'
it Mt 1, if feature u is observed at time step ¢
X, ) = . . . . .
edge weight 7', , S - u 0.1, if feature u is missing at time step ¢
/ update hy/ xi / Vi / €uy
(7)
Cyv it . . .
‘: X The final temporal aggregation representation is com-
€vu
edge embedding puted as follows:
at timestep p*t timestep p'Maxlength . T . .
=i __ i, it
= Z o, - Vu (8)

mask attention for temporal aggregation z, / zi, .../,

$i = MLP|Z, @ zi, ..® z, @ static'])

Figure 2. Hierarchical architecture of GNN layer in DymaGNN.
DymaGNN: dynamic mask attention graph neural network;
GNN: graph neural network.

indicator function (-) returns 1 when the condition holds.
The variable representation is updated via neighborhood
aggregation:

=3 MLP(xi) -yt - (vE, > top;).

weN (u) (4)

To select key time steps, we employ a masked attention
mechanism. We first compute the query, key, and value
matrices:

Ol =Woz, Kif =Wz, V' =Wyzl (5)

where (-, -) denotes dot product, and Vd scales the gradient
stability with d = 64 being the embedding dimension.
The attention weight is then computed as follows:

i oo((0y KLYV d)My!
u Zt’ exp(( it K;'ﬂ>/\/a)M£'t’

u

(6)

The missing mask M’ equals 1 for observed values to
highlight the importance of real observed data, where the

1

~
Il

To construct the final feature representation, we concat-
enate the time-aggregated representations of all dynamic
variables Z/, Z, ... with static features:

= ®Z D - - ®Z & static'] )

The prediction of intubation need is then obtained via an
MLP:

9, = MLP(Z"). (10)

During training, we minimize the binary cross-entropy
loss:

L=~ [ylogp; + (1 —y)log(1 =3)] (11

DymaGNN effectively integrates feature interaction
information with temporal dynamics in ICU data. By lever-
aging a dynamic GNN to model variable interactions and
employing a masked attention mechanism to aggregate
key time steps, our approach enhances the predictive accur-
acy of intubation need assessment in ICU patients.

Experiment results

We conducted several experiments to demonstrate the
effectiveness of DymaGNN. We first compare the
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performance of intubation predictions with various models.
Then we conduct our model on other ventilation prediction
tasks, including assistant ventilation prediction based on
MIMIC-IV and intubation prediction based on eICU data-
set. We also visualized DymaGNN’s edge weight and
found that many of the interrelationships between the fea-
tures corresponded with medical knowledge, which greatly
increased doctors’ trust in DymaGNN.

We conducted ablation experiments and experimental
effects of the model under different data loss percentages
to demonstrate the effectiveness and robustness of our
model. Experiments were conducted on the Google Tesla
T4 GPU with 16GB memory.

Results in intubation prediction

We evaluate the performance of our proposed method against
several baseline models, including SVM,® XGBoost,®
LSTM,?® Transformer,>® Multivariate Time Series Graph
Neural Network (MTGNN),* and Raindrop.”® SVM, a trad-
itional machine learning approach, is known for its stability
in high-dimensional classification tasks. XGBoost, a widely
used ensemble learning method for tabular data, exhibits
robustness in handling missing values and outliers. LSTM
and Transformer, both designed for sequential data model-
ing, effectively capture long-term dependencies. MTGNN,
a GNN-based time-series forecasting model, constructs a
graph structure to represent complex multivariate dependen-
cies and demonstrates advantages in imputing missing
values.

To ensure the reliability of the experimental results, we
employ fivefold cross-validation, with five repeated experi-
ments, reporting the average performance across all folds.
The evaluation metrics include accuracy, precision,
recall, Fl-score, and the area under the receiver operating
characteristic curve (AUC), providing a comprehensive
assessment of classification performance and model robust-
ness. The results are presented in Table 3.

Our method achieves the best performance in most
metrics, particularly showing a significant advantage in
AUC (AUC =0.8388, p<0.05 vs. all baselines) over other
methods. However, in accuracy, our method is outper-
formed by SVM (0.7711 vs. our 0.7725, p>0.05), though
not significantly. Similarly, XGBoost shows a slight edge
in precision (0.7634 vs. our 0.7533, p>0.05), and the dif-
ference is not significant. This implies that traditional
models may still have some competitiveness in specific
metrics. Overall, traditional machine learning models gen-
erally underperform compared to time-series and GNN
models.

Among time-series models, LSTM performs worse than
Transformer. Within GNN models, while our method has
the highest F1 score on average, the difference is not signifi-
cant compared to other methods.

Analysis of feature interaction in dynamic mask
attention graph neural network

it
u,v)

The edge weights y; | € [0, 1] quantifies the dynamic rela-

tionship between features « and v at timestep ¢ for sample i,
derived from DymaGNN. To characterize global feature
interactions, we compute the mean coupling weights

I SN , ,
T = AT E E }’?J,v)’ where N denotes the size of posi-
=1 =1

tive samples and 7' the maximum length of observation
window.

As Figure 3 shows, the interaction pattern of physio-
logical indicators revealed in this study is highly consistent
with existing clinical knowledge, and this explainability
helps to enhance clinicians’ trust in the predicted results
of our model. Specific findings are as follows:

RR exhibits correlations with blood glucose, calcium
ions (Ca®*), anion gap, hemoglobin (Hb), mean corpuscular
hemoglobin concentration (MCHC), and red cell distribu-
tion width (RDW). Specifically, a patient in the
MIMIC-IV dataset exhibited significantly low blood cal-
cium levels 6.3 mg/dL at 05-04 17:30, the RR was observed
to sharply increase to 26 breaths/min. This spike likely
represents compensatory hyperventilation triggered by the
hypocalcemic state. Subsequently, blood calcium levels
gradually rose, increasing to 7.9 mg/dL by 05-04 15:00.
In parallel, the RR steadily decreased and ultimately stabi-
lized at a normal range of 14 breaths/min.

Elevated blood glucose levels are associated with
increased RR,'? as observed in diabetic ketoacidosis
(DKA) patients who develop tachypnea to compensate for
metabolic acidosis. This relationship is illustrated in the fol-
lowing clinical observation from a DKA patient: At 06-05
22:08:00, the patient’s blood glucose was measured
145.0 mg/dL, with a corresponding 30-min average RR of
21.0 breaths/min. At the subsequent measurement 06-07
18:24:00, blood glucose increased to 335.0 mg/dL, and
the average RR increased to 24.6 breaths/min during the
same monitoring interval.

Hypocalcemia may impair neuromuscular function and
induce respiratory distress,>' while anion gap expansion
reflecting metabolic acidosis typically triggers compensa-
tory hyperventilation (Kussmaul respiration).>* Reduced
Hb, abnormal MCHC, and elevated RDW may further
modulate RR through impaired oxygen transport
efficiency.*

Oxygen Saturation (SpO,) demonstrates multifactorial
regulation involving RR, erythrocyte count, mean corpus-
cular hemoglobin (MCH), Hb, blood pressure, platelet
count, and anion gap. Tachypnea enhances gas exchange
efficiency,*® whereas hypotension-induced hemodynamic
alterations correlate with SpO, decline.>> Hb concentration
directly determines oxygen-carrying capacity, while
erythrocyte count and MCH variations influence SpO,
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Table 3. Performance comparison of different models in intubation prediction.
XGBoost 0.65112 0.7634 0.4417% 0.5587% 0.7230%
SVYM 0.7711 0.5981% 0.3442° 0.4317° 0.7388%
LSTM 0.6653% 0.6336% 0.5973% 0.6082% 0.6974*
Transformer 0.7165% 0.6887% 0.6144* 0.6484* 0.7776*
MTGNN 0.7170° 0.7510 0.7442% 0.7465 0.7783*
Raindrop 0.7354° 0.7196* 0.7698 0.7567 0.8082°
Our Method 0.7725 0.7533 0.7704 0.7608 0.8388

Note. ®indicates that the value is significantly different from that of our method using the Mann-Whitney U test (p <0.05).
LSTM: long short-term memory; AUC: area under the curve; SYM: support vector machine; MTGNN: Multivariate Time Series Graph Neural Network.
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Figure 3. Feature interaction.

through functional erythrocyte modifications.* Platelet
dysregulation may indirectly impair oxygenation via micro-
circulatory disturbances in pathological states.*’
Creatinine levels show associations with sodium ions
(Na™), leukocyte count, erythrocyte parameters, platelet
count, MCHC, and MCH. Hyponatremia frequently accom-
panies renal dysfunction and altered creatinine metabol-
ism.*® Leukocytosis, indicative of systemic inflammation,
may elevate creatinine through renal impairment.*’
Thrombocytopenia correlates with postoperative renal dys-
function, potentially via altered renal perfusion.*® For
instance, following surgery on 13 November, the patient
remained mechanically ventilated. During this period, cre-
atinine levels progressively decreased from 0.45 mg/dL
on the operative day to 0.33 mg/dL by 26 November.

Concurrently, platelet counts increased from 136.5 X 10°/L
to 608 X 10°/L over the same time.

Erythrocyte parameter abnormalities may affect renal
hemodynamics through blood viscosity changes and oxy-
gen delivery alterations.*' These findings underscore the
necessity for multimodal renal function assessment in clin-
ical practice.

Analysis of feature importance in XGBoost

Figure 4 shows the dynamic feature importance ranking
given by the XGBoost model. Respiratory function-related
features are prioritized, with SpO, as the most important,
followed by mean arterial pressure and diastolic blood pres-
sure. Subsequently, hematological features such as
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Figure 4. Importance of dynamic features in XGBoost.

Table 4. Performance comparison on different ventilation tasks.

NIV 0.6821 0.4661 0.6736 0.5495 0.7246

elCU 0.7579 0.8790 0.6795 0.7665 0.8557

ICU: intensive care unit; AUC: area under the curve; NIV: non-invasive
ventilation.

hematocrit, Hb, mean corpuscular volume, MCH, and
MCHC are also of significant importance. Additionally,
features related to electrolyte balance, such as calcium
and sodium ion concentrations, exhibit high significance.
The prominence of these features indicates their crucial
role in predicting the need for intubation in elderly ICU
patients.

Performance in other ventilation tasks

To further evaluate the model’s generalization capability
across different ventilation prediction tasks for elderly
ICU patients, we conducted experiments on NIV prediction
using the MIMIC-IV dataset and intubation prediction
using the eICU dataset. As shown in Table 4, the model
demonstrates good performance in the eICU intubation pre-
diction task (AUROC =0.8557), indicating its efficacy in
identifying critically ill patients requiring urgent mechan-
ical ventilation. However, its performance significantly

declines in the NIV prediction task (AUROC = 0.7246, pre-
cision=0.4661).

Influence of the missing rate

We evaluate three representative models—traditional
machine learning SVM, sequence model Transformer, and
our proposed GNN DymaGNN—to analyze their perform-
ance under varying data missing rates in Figure 5.

The SVM shows marked performance degradation,
with a 12% AUC decrease at a 5% missing rate, confirm-
ing its strong feature dependency. Its performance pro-
gressively declines as the missing rates increase. The
Transformer maintains robust performance (AUC>0.78)
below 10% missing rate, but exhibits accelerated deterior-
ation when missing rates surpass 15%. Our DymaGNN,
while following a similar trend to Transformer, demon-
strated superior robustness. It sustains AUC above 0.81
at a 15% missing rate through dynamic graph structure
adoption.

Figure 6 illustrates other metrics under varying data miss-
ing rates. SVM demonstrates remarkable stability in accuracy
despite performance degradation in other metrics—precision
drops 25% (from 0.72 to 0.53) and recall decreases 68%
(from 0.54 to 0.17) at a 20% missing rate.

Our proposed DymaGNN shows trends with Transformer
but significantly outperforms in recall metrics. Notably, the
recall gap reverses from —0.04 (DymaGNN 0.77 vs
Transformer 0.81) at 0% missing rate to +0.14 (DymaGNN
0.70 vs Transformer 0.56) at 20% missing rate.
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Figure 5. AUC performance under varying missing rates.
AUC: area under the curve.

Ablation experiment

To further validate the efficacy of DymaGNN, we con-
ducted two ablation studies: 1) “weights” means fixing
the time-varying edge weights to 1, and 2) “attention”
means replacing the masked attention-based temporal
aggregation with mean pooling.

As shown in Table 5, fixed edge weights caused signifi-
cant performance degradation (AUC decreased by 2.85%;
F1 decreased by 5.78%) compared to the original
DymaGNN, confirming the critical role of dynamic edge
weights in capturing time-evolving physiological interac-
tions. Removing the masked attention module resulted in
a marginal AUC decline to 0.8262, suggesting that this
component enhances predictive stability through prioritized
integration of critical time windows, while future work
could explore better temporal aggregation strategies.

Discussion

Key findings

This study proposes DymaGNN to address intubation
prediction in elderly ICU patients. Through comprehensive
evaluations, our model demonstrates superior performance,
particularly in the AUC metric, reflecting robust discrimina-
tive capacity in distinguishing between positive (intubation-
required) and negative (non-intubation) patient groups.
Although DymaGNN has the highest F1 score, it lacks stat-
istical significance when compared to other GNN models.
This indicates potential for refinement in balancing precision

and recall—a clinically critical consideration given that false
negatives (indicating delayed intubation) may increase
patient mortality, while false positives (leading to unneces-
sary intubation) escalate resource burdens.

Traditional machine learning approaches (SVM and
XGBoost) exhibit limited capability in processing ICU
data’s temporal and multivariate characteristics. While
sequence models show improvement, the Transformer’s
advantage over LSTM confirms the value of attention
mechanisms in capturing time-series patterns, as established
in Ayad et al.’s work.** Notably, graph-based models excel
at handling irregular data, managing different sampling fre-
quencies effectively. Raindrop concatenates observation
values with timestamp information, while DymaGNN
employs a decoupled processing of observation values
and timestamps. This design may preserve model expres-
siveness and reduce parameters, enhancing adaptability to
sparse medical data.

Under varying missing data rates, the deterioration
across multiple metrics in traditional machine learning
models reveals their high dependency on complete data
sets, where even a 5% data loss triggers a substantial per-
formance decline.*> Graph models exhibit significantly
stronger robustness compared to traditional methods. This
advantage may stem from DymaGNN’s ability to infer
missing values through cross-feature dependencies—a cap-
ability aligned with Yalavarthi et al.’s findings on GNN
superiority in missing data imputation.** This capability
proves clinically critical for real-time monitoring scenarios
where partial sensor failures occur. While most studies
report strictly declining performance with increasing
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Table 5. Performance comparison of different model variations.

weight 0.7781 0.7600 0.7719 0.7666 0.8262

attention  0.7247 0.7092 0.7427 0.7223 0.8125

AUC: area under the curve.

missing rates,*’ our experiments reveal non-monotonic deg-
radation patterns. This divergence may be attributed to con-
textual factors and experimental design, where random
deletion occasionally removes critical features (e.g. SpO,)
despite lower overall missing rates.0.7608.

The XGBoost model reveals that respiratory function
indicators (e.g. SpO,), hematological parameters (e.g.
Hb), and electrolyte balance indicators (e.g. Ca®*") are
highly important, aligning with the key nodes (high degree
or high edge weights) identified by DymaGNN. Notably,
despite RR being a core physiological indicator of respira-
tory distress and compensation, and a proven predictor of
intubation needs in prior studies,*® it ranks relatively low

in feature importance in our XGBoost analysis. This may
stem from the model’s handling of strongly correlated fea-
tures. SpO-, a key output of respiratory function, is strongly
correlated with RR and may partially “capture” or “replace”
RR’s predictive information in XGBoost, thereby under-
estimating RR’s independent contribution. Kazemitabar*’
also supports that correlated variables can impact feature
importance in XGBoost (the model remains robust in the
presence of multicollinearity). In contrast, DymaGNN’s
dynamic interaction graph explicitly positions RR as a
core node. DymaGNN models potential feature interaction
pathways through its graph structure, allowing it to identify
RR’s importance even when its changes are often
accompanied by SpO, changes. This mechanism-based
explanation*® better resonates with clinical practitioners’
understanding.

Clinical implications

Our proposed model enhances ICU intubation prediction
accuracy, which can potentially improve patient outcomes.
Experiments show GNNs excel in handling ICU data with
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irregular sampling, offering a robust benchmark for future
ICU research.

Data quality, especially missing data rates, critically
impacts model performance. For practical deployment dur-
ing data collection, it is advisable to adhere to MIMIC-1V’s
data acquisition protocols*’ regarding sampling frequency
and quality control standards. The minimum compliance
threshold should not fall below 85%°>° of these benchmarks,
as model efficacy substantially degrades when missing data
rates exceed MIMIC-IV’s baseline by approximately
15%.”!

Moreover, the edge-weight-based feature importance
analysis method introduced in the study improves model
interpretability. It can be cross-verified with other feature
importance methods, enhancing conclusion reliability while
revealing feature interactions. This enables clinicians to
assess whether the model’s key features match clinical
knowledge, boosting trust in model decisions and facilitat-
ing practical application.

Limitations and future work

Future research directions mainly include the following
three aspects. DymaGNN performed well in the intubation
prediction task, but decreased in the NIV prediction task.
We may attribute this to two main factors. First, this differ-
ence may stem from the inherent uncertainty of assisted
ventilation decision-making in clinical practice.’? Due to
the lack of clear clinical indicators and significant individ-
ual differences in patients, there are significant differences
in physician judgment in NIV decision-making. This uncer-
tainty may lead more conservative physicians to adopt
assisted ventilation prematurely.>® Second, in the NIV pre-
diction task with a positive-to-negative sample ratio of 2.94,
the model exhibited inferior performance on imbalanced
data. This imbalance likely induced a prediction bias toward
the positive class, as evidenced by a relatively low precision
—indicating a high false positive rate. Consequently, clin-
ical deployment risks perpetuating unfair outcomes for
minority patient subgroups, raising ethical concerns regard-
ing algorithmic fairness.”* To mitigate this limitation in
future work, we suggest exploring the use of a weighted
loss function to improve the model’s performance.>

Secondly, the dynamic weight graph in the current
DymaGNN is entirely learned adaptively from data. In the
next step of research, medical prior knowledge such as
respiratory physiological mechanisms and the laws of blood
gas compensation can be introduced to guide the construc-
tion of GNNS. This prior knowledge can not only reduce the
scale of training parameters but also enhance clinical inter-
pretability. Meanwhile, the aggregation method for time-
level and feature-level>® needs to be optimized to capture
the dynamic evolution patterns of physiological variables
more accurately.

Thirdly, this study mainly focuses on short-term intub-
ation prediction. It can be further expanded, such as mul-
tiple ventilations, repeated ventilations, and prognosis
assessment. For example, studying indicators like survival,
rehabilitation status, and quality of life after receiving intub-
ation can more comprehensively evaluate the effectiveness
of mechanical ventilation decisions,’’ which can provide
more long-term guidance for clinical treatment.

Conclusion

Our proposed DymaGNN presents a clinically valuable
solution for predicting mechanical ventilation in elderly
ICU patients. By dynamically modeling the critical, time-
evolving interactions between physiological variables,
DymaGNN achieves high predictive accuracy and main-
tains reliability even with 10% missing data. Crucially, its
interpretable feature interaction graphs, which align with
established clinical knowledge, provide clinicians with
transparent insights into the model’s reasoning. This inte-
gration of precision and explainability establishes a critical
foundation for deploying trustworthy Al tools in real-world
ICU intubation prediction.®
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Appendix

Parameter selection for Top k

We adopted the Top k parameter to retain the strongest edge
weights and prevent model over-smoothing. Experiments
showed that £=50% (retaining the top 50% strongest
edge weights) delivered optimal results. As indicated in
Table Al, AUC improvements were minimal when &
exceeded 50%. Thus, we chose £ =50% for model simpli-
city. AUC: area under the curve.

Parameter selection for embedding dimension d

We evaluated the model’s performance with varying
embedding dimensions d. The optimal results were
achieved when d was set to 64, as shown in Table A2.

Table Al. AUC values for different k values.
AUC: area under the curve.

10% 0.6126
30% 0.7959
50% 0.8388
70% 0.8399
100% 0.8225

Table A2. AUC values for different d values.
AUC: area under the curve.

32 0.8122
64 0.8388
128 0.8307
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