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Abstract

Abnormal serum sodium levels are a common and severe complication in stroke
patients, significantly increasing mortality risk and prolonging ICU stays. Accurate
real-time prediction of serum sodium fluctuations is crucial for optimizing clini-
cal interventions. However, existing predictive models face limitations in handling
complex dynamic features and long time series data, making them less effective in
guiding individualized treatment. To address this challenge, this study developed
a deep learning model based on a multi-head attention mechanism to enable real-
time prediction of serum sodium concentrations and provide personalized interven-
tion recommendations for ICU stroke patients. This study utilized publicly avail-
able MIMIC-III (n=2346) and MIMIC-IV (n=_896) datasets, extracting time series
data from 10 key clinical indicators closely associated with serum sodium levels.
To address the complexity of long time series data, a moving sliding window sub-
sampling segmentation method was employed, effectively transforming extensive
sequences into more manageable inputs while preserving critical temporal depend-
encies. By leveraging advanced mathematical modeling, meaningful insights were
extracted from sparse and irregular time series data. The resulting time-feature
fusion multi-head attention (TFF-MHA) model underwent rigorous validation using
public datasets and demonstrated superior performance in predicting both serum
sodium values and corresponding intervention measures compared to existing mod-
els. This study contributes to the field of healthcare informatics by introducing an
innovative, data-driven approach for dynamic serum sodium prediction and inter-
vention recommendation, providing a valuable clinical decision-support tool for
optimizing sodium management strategies in critically ill stroke patients.
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1 Introduction

Abnormal serum sodium levels are a prevalent electrolyte imbalance in intensive
care units (ICUs) and a common complication of acute severe stroke. This condi-
tion is intricately linked with increased mortality rates and extended ICU stays, pre-
senting a significant clinical challenge [1]. Particularly in stroke treatment involving
elevated intracranial pressure (ICP), the fluctuation of serum sodium levels is a criti-
cal factor influencing patient outcomes [2, 3]. Despite its significance, current clini-
cal practices in managing serum sodium rely heavily on manual, subjective evalua-
tions by physicians, leading to inconsistencies in decision-making. Given the World
Health Organization’s data that ranks stroke as the second leading cause of death
globally [4] and the rising incidence and high mortality rate of stroke in China [5],
the necessity for refined management of severe stroke patients is undeniable.

Recent studies highlight that abnormal serum sodium levels are observed in
12.2-17.1% of stroke patients [6-8]. Specifically, a study of 1268 stroke patients
revealed a higher prevalence of abnormal serum sodium in severe cases compared
to mild ones [6]. Further research emphasizes the correlation between in-hospital
mortality and complications like abnormal serum sodium and upper gastrointesti-
nal hemorrhage, particularly in primary intracerebral hemorrhage cases [6]. Epide-
miological studies indicate varying mortality rates associated with hyponatremia,
depending on the underlying diseases [9-12]. The exact etiological mechanisms
linking abnormal serum sodium to mortality remain elusive, with hypotheses rang-
ing from oxidative stress caused by hyponatremia [13] to activation of the vasopres-
sor system.

Current clinical guidelines for severe stroke treatment recommend hypertonic
saline (HTS) to manage increased ICP [2, 3]. However, the literature presents con-
flicting views regarding the association between HTS-induced hypernatremia and
patient mortality [14, 15]. These contrasting findings underscore the need for further
investigation into the prognostic implications of HTS treatment and the development
of safe treatment strategies.

The complexity of severe patient conditions in ICUs necessitates real-time clini-
cal decision-making tools. Hospital electronic health records (EHR) have amassed
vast amounts of clinical data, including substantial objective data generated in ICUs
during diagnosis and treatment processes [16]. However, the inherent irregularity in
hospital visits and the variability in physiological variables examined during each
visit result in large volumes of irregular multivariate time series data (IMTS), often
with missing values and varying intervals, as illustrated in Fig. 1 [17, 18]. With the
development of artificial intelligence, deep learning and time series models have
been studied and applied in the field of clinical medicine. Recent studies include
anomaly detection in multivariate time series data using deep ensemble models
[19], rapid deep learning-assisted predictive diagnostics for point-of-care testing
[20], and cardiac arrhythmia classification using advanced deep learning techniques
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Fig.1 Schematic diagram of irregular multivariable time series in real-world electronic medical record
data. The horizontal axis represents the timeline of the patient’s hospitalization, while the vertical axis
reflects various categories of hospitalization information recorded at different time points. These include
laboratory test indicators, medication details, doctor’s orders, and diagnoses. Different colored boxes
are used to distinguish between these categories, visually representing the diverse types of information
recorded during the hospitalization period

on digitized ECG datasets [21]. These studies highlight the significant potential of
deep learning in disease detection, diagnostics, and clinical decision support. Tra-
ditional methods that process IMTS into regular data for standard machine learning
applications often fall short due to their inability to handle irregular time intervals
effectively [22-26]. The natural and common occurrence of irregular sampling in
EHRs, driven by patient status and symptom changes, underscores the importance
of developing a model capable of handling these irregularities. In clinical prac-
tice, the capacity to accurately forecast serum sodium dysregulation and delineate
appropriate intervention strategies in advance is critically significant. This proactive
approach is instrumental in circumventing detrimental consequences that arise from
tardiness in the implementation of clinical measures.

2 Methods
2.1 Data Sources and Patients

This research, aligned with ethical standards, received approval from the eth-
ics committee of the PLA General Hospital. It was conducted in adherence to the
World Medical Association Declaration of Helsinki Ethical Principles for Medical
Research Involving Human Subjects. We sourced our data from the Medical Infor-
mation Mart for Intensive Care (MIMIC) open-source clinical databases: MIMIC-1V
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[27] and MIMIC-III [28]. Authorized access to these databases was granted, and all
reports were prepared following the Strengthening the Reporting of Observational
Studies in Epidemiology (STROBE) guidelines [29].

Patients with stroke were identified in the MIMIC-IV dataset using ICD10 codes
160, 161, and 163 and in the MIMIC-III dataset using ICD9 codes 4340, 43,401,
43,410, 43,411, 43,490, 43,491, 4370, 4373, and 4374. We excluded patients under
18 years of age and those with completely missing measurement indicators. As
illustrated in Fig. 2, the data extraction and processing flowchart included 2346 and
896 stroke patients from MIMIC-III and MIMIC-IV, respectively. We meticulously
extracted time series records of 10 features closely associated with current serum
sodium concentration. For the purpose of training our time-feature fusion attention
model (TFF-AM), we generated a comprehensive dataset: 31,428 training samples
from MIMIC-1V, 11,547 internal validation samples from MIMIC-IV, and 28,618
testing samples from MIMIC-III. This dataset was derived through time window
segmentation, using a 48-h window as a standard measure. Following fivefold cross-
validation, the model was trained to output three distinct prediction results: the
detection of abnormal blood sodium, the precise value of blood sodium, and the
intervention measures required for managing blood sodium levels.

2.2 Data Extraction and Processing

Our approach to data extraction and processing focused on rigorously analyzing
the time series records of 10 key features that are closely associated with the serum
sodium concentration in stroke patients during their hospitalization. These criti-
cal features encompass serum potassium, serum chlorine, previous serum sodium,
glucose, serum magnesium, urea, serum calcium, bicarbonate, sodium-water vol-
ume, and liquid in—out. The selected ten time series indicators are key clinical
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Fig. 2 Data extraction and processing flowchart
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parameters closely associated with electrolyte balance, metabolic function, and
fluid status, making them crucial for predicting serum sodium and potassium lev-
els and informing intervention strategies. Specifically, serum potassium, chlorine,
calcium, and magnesium reflect the core status of electrolyte dynamics, while pre-
vious serum sodium provides historical trends of the patient’s condition. Glucose
and urea are highly correlated with electrolyte metabolism and kidney function.
Bicarbonate directly represents acid—base balance, and sodium-water volume along
with fluid in—out reflects the dynamic regulation of body fluids and sodium metabo-
lism. By integrating these indicators, the model effectively captures complex patho-
physiological variations, significantly enhancing the accuracy of serum sodium and
potassium predictions and the scientific basis for intervention strategies. Initially,
we extracted the pertinent data from the raw MIMIC-III and MIMIC-IV datasets,
meticulously organizing it by each patient’s record. In the first phase of data filter-
ing, we excluded all ICU records for patients under the age of 18. This exclusion
was based on the substantial physiological differences between pediatric and adult
patients, which could significantly impact the study’s outcomes. Furthermore, we
eliminated records of patients with incomplete data, specifically those lacking either
time stamps or numerical values in their records, to ensure data integrity. Moving
to the next phase, as illustrated in Fig. 3, we identified the current time point with
recorded serum sodium levels, denoted as time point “t.” From this reference point,
we extracted three distinct datasets representing the complete time series of the 10
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Fig.3 Schematic diagram of subsample segmentation in different time windows. The black dots repre-
sent the time points recorded for each detection indicator, while different colored shapes represent the
values of various indicators at different time points. For example, red triangles denote the time points
corresponding to blood sodium measurements, while green squares represent blood potassium. In total,
10 time series indicators are recorded (in the figure, the other seven indicators have been omitted). The
time window segmentation starts from the time point when the blood sodium value (represented by the
red triangle) appears and pushes backward by 24 h, 48 h, and 72 h, respectively, to collect data for these
10 indicators to establish different sub-datasets. The long gray box represents the subsample of the 24-h
time window, the long green box represents the subsample of the 48-h time window, and the long blue
box represents the subsample of the 72-h time window
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indicators. These datasets covered the periods of 24 h, 48 h, and 72 h preceding
time point “t.” This methodological approach allowed for a comprehensive temporal
analysis of the indicators. Additionally, we adopted specialized techniques to extract
accurate information regarding sodium and water in-output volume, which included
data on feeding, water injections through a gas tube, and inward injections. This
thorough and systematic processing of data was essential to ensure the reliability
and accuracy of our study’s findings.

Next, we will extract information from three groups of subsamples from multiple
perspectives. Firstly, we introduced the notations for multivariate time series data
and then described our proposed method that consists of (i) input and time embed-
ding and (ii) time-feature fusion learning. Before data subsample segmentation, for
each subject n, given a set of D-dimensional multivariate time series in t™ =[z,,
Ty weeTr,] time pomts of length Tn, we denote an observation time series as
D = [D:r ,Djl . T ] eRT» X D, where D" € RP represents the 7;-th obser-
vation of all varlables and D", 0 is the element of the 0-th variable inD”,. In this set-
ting, since the time series D(n) includes missing values we mtroduce the masking
vector across time series, M" = [mﬂ, ,mﬂ ,mTTn] eRT™D_ which has the same
size of D(n) to mark which variables are observed or missing. Specifically, we have

= 1if D7, ) is observed, otherwise,m’ 0= = 0. If the observation is missing, the
mput is set to zero for that dimension. For each varlablee we also present the time
interval A" = [(”71’ L@l ,goTTn]TeRT XD where (p , is defined as formula (1).
In our research, we are given a clinical time series dataset o= {D",M", A”)}N for
N subjects; we construct a function to predict the value of serum sodium of the
stroke patients in ICU.

r—r,1+go ,Ti>1,m‘[(n)9=O
(n) =
o =7\T%" i1 T; > l’mr"”l,e =1 1)
0, 7; =1

2.3 Construction of Time-Feature Fusion Model (TFF-MHA)

In our research, we have constructed an innovative model founded on the princi-
ples of multi-head self-attention (MHA). This model is uniquely designed to directly
learn representations from multivariate sparse and irregularly sampled time series
data, eliminating the need for imputation. At its core, the model employs a self-
attention mechanism [30], where a scaled dot-product attention is computed based
on a set of queries (Q), keys (K), and values (V), as delineated in the equation:

oK™
Vi
where a denotes the attention function, ¢ is the softmax activation function, and d,

is the dimension of the key vector. Multi-head attention allows the model to jointly
attend to information from different representation subspaces at different positions.

a(Q,K,V) =0 1% @)
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Based on the MHA block, we learn the attention representations of multi-view
irregular time series including observed values, time distance, and vacancy marker.
Specifically, each input set (X, M, A) learns its own representation through self-
attention, where each data is feed corresponding to O, K, and V. As demonstrated
in Fig. 4, the architecture of our proposed time-feature fusion multi-head attention
(TFF-MHA) model is structured into three submodules. Module 1, the multi-dimen-
sional third-order tensor data extraction, is responsible for extracting and structur-
ing data in a tensor format, enhancing the model’s ability to process complex data
relationships; Module 2, the multi-head attention mechanism model, focuses on
capturing intricate dependencies and relationships within the data through a sophis-
ticated attention mechanism; and finally, Module 3, the output module, integrates
the processed information from the previous modules to produce the final output,
effectively consolidating and interpreting the analyzed data. To enhance our mod-
el’s robustness, we also developed a basic LSTM-based neural network (standard
LSTM) and introduced a variant known as channel-wise LSTM [31]. We conducted
comprehensive testing and comparisons of both LSTM types against our TFF-MHA
model. The TFF-MHA and LSTM models were tuned using a grid search method
to find the optimal set of hyperparameters. For the TFF-MHA model, the learning
rate was varied from 0.0001 to 0.01, the number of attention heads was set to 6, and
the batch size was selected as 32 based on validation performance. For the LSTM
model, the number of layers was varied between 2 and 4, and the dropout rate was
tested from 0.2 to 0.5. Through meticulous hyperparameter search and evaluation on
the test sets of corresponding tasks, we ensured the selection of the best-performing
models, thereby solidifying the effectiveness and precision of our approach in deal-
ing with complex time series data.

3 Results
3.1 Performance Comparison Across Models

Table 1 delineates the comparative efficacy of the TFF-MHA model against the
standard LSTM and CM-LSTM in predicting serum sodium level abnormalities.
Historically, LSTM and its variants have demonstrated commendable performance
in regular time series data analysis. The TFF-MHA model, however, exhibited supe-
rior performance across various time windows (24-h, 48-h, and 72-h) in both inter-
nal testing and external validation settings. In internal testing, the TFF-MHA model
achieved a sensitivity of 0.804 (+0.165), accuracy of 0.811 (+0.147), Fl-score
of 0.823 (£0.150), and AUC of 0.837 (+0.172). The external testing results were
similarly impressive, with sensitivity, accuracy, F1-score, and AUC values of 0.813
(£0.109), 0.819 (£0.117), 0.837 (£0.121), and 0.842 (£ 0.106), respectively. Nota-
bly, the 48-h window data showed enhanced performance in internal validation
compared to the 72-h data, further underscoring the model’s robustness.

MAE mean absolute error, RMSE root mean square error.

The results in Table 2 focus on the prediction of serum sodium values. The
TFF-MHA model outshined its counterparts across all time window comparisons.

@ Springer



Journal of Healthcare Informatics Research (2025) 9:174-190 181

\
Output: Serum Na' value and
Sodium-Water volume
J
P
attention_scores )
= ‘ MHA
S
E O:@ 92 95---99)= Wg’ﬂlr a, as...a, I
E E K(kl kl,ki": k,)= W*@] q; a,...a,)f;
g E V:91 vz vs5... v = W@ a; Gz...a;) 1 |
ol
ol
= =
= 2
2
]
E
/\n
/
o )
D
= 1
= ]
g T
T T
2 |
- 'E Time Distance Vilucs Vagancy marker
= 2 i, <.,
S g : YA
@ -
s Sl
E = I :
EE] ® & ¢ patient] patient 2
£ - +H
ER] T 5 T e B B R E | cos
< SRR - .
o = . . R — 1|
Fosf o L
E 2 § EESmN
I LS m
§ 8 %
J/

Fig.4 The overall framework of the proposed time-feature fusion multi-head attention (TFF-MHA)
model for irregularly sampled clinical time series. TFF-MHA model is structured into three submodules:
Module 1, Module 2, and Module 3. The three submodules respectively handle data input, processing
and modeling, and output functions.The green, yellow, and red lattice matrixes at the bottom represent
the interactive information of the time, features, and missing data extracted from the irregular sampling
time series. MHA is the multi-head attention module, and FFN is the fully connected neural network
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Table 1 Results for prediction task of serum sodium abnormality by three methods in the internal valida-
tion and the external testing data set (all numbers represent mean + standard deviation, the bold values in
the table represent the best performance metrics predicted by the model)

Model Time Sensitivity Specificity F1-score AUC-ROC
window
(hours)
Internal vali- TFF-MHA 24 0.783 0.792 0.801 0.809
dation (£0.211) (+0.197) (+0.201) (£0.192)
48 0.804 0.811 0.823 0.837
(+0.165) (+0.147) (£0.150) (£0.172)
72 0.801 0.794 0.819 0.825
(£0.129) (+0.201) (x£0.105) (x£0.124)
S-LSTM 24 0.742 0.754 0.754 0.762
(+0.211) (+0.190) (+0.184) (x£0.181)
48 0.773 0.779 0.763 0.789
(+0.117) (£0.142) (x£0.113) (x£0.123)
72 0.761 0.765 0.759 0.775
(+0.105) (£0.129) (£0.101) (x0.116)
CW-LSTM 24 0.762 0.764 0.769 0.776
(£0.219) (+0.232) (+0.185) (+0.191)
48 0.781 0.785 0.783 0.798
(£0.105) (£0.127) (+0.118) (£0.120)
72 0.761 0.762 0.784 0.786
(£0.105) (£0.102) (£0.128) (£0.121)
External test- TFF-MHA 24 0.791 0.798 0.818 0.823
ing (£0.215) (£0.234) (£0.211) (+£0.181)
48 0.813 0.819 0.837 0.842
(£0.109) (£0.117) (£0.121) (+0.106)
72 0.811 0.824 0.831 0.838
(£0.110) (£0.104) (£0.125) (+0.121)
S-LSTM 24 0.739 0.741 0.748 0.751
(+0.195) (+0.202) (£0.213) (+0.198)
48 0.771 0.775 0.759 0.791
(£0.127) (£0.136) (£0.141) (+0.129)
72 0.759 0.761 0.769 0.771
(£0.104) (£0.130) (£0.123) (£0.120)
CW-LSTM 24 0.771 0.783 0.789 0.809
(£0.195) (£0.216) (£0.231) (£0.222)
48 0.791 0.798 0.813 0.818
(£0.185) (£0.172) (£0.171) (+0.180)
72 0.798 0.801 0.814 0.815
(£0.158) (£0.162) (+0.160) (+0.139)

Remarkably, the 48-h window yielded the most optimal results, showcasing a cor-
relation coefficient of 0.86(+0.09), mean absolute error of 3.64(+0.12), and root
mean square error of 4.12(+0.11). In this scenario, the CW-LSTM model’s perfor-
mance surpassed that of the S-LSTM model, indicating its relative effectiveness in
this specific task.
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Table 2 Results of R%, MAE, and RMSE by three methods in the task of serum sodium value prediction

Method Time window R? MAE RMSE
(hours)

TFE-MHA 24 0.79 (£0.08) 5.31(x0.19) 5.94 (£0.10)
48 0.86 (+0.09) 3.64 (x£0.12) 412 (£0.11)
72 0.83 (£0.11) 3.77 (£0.08) 4.39 (£0.07)

S-LSTM 24 0.71 (£0.05) 9.01 (x£0.13) 9.76 (£0.15)
48 0.79 (x0.06) 7.23 (x£0.11) 7.85 (x£0.16)
72 0.77 (£0.07) 7.01 (+£0.14) 7.64 (£0.13)

CW-LSTM 24 0.76 (+0.12) 7.72 (£0.07) 8.48 (+0.09)
48 0.81 (£0.11) 6.42 (£0.09) 6.94 (£0.12)
72 0.79 (£ 0.05) 6.48 (+0.08) 7.13 (£0.11)

Table 3 Results of MAE and

RMSE by three methods in the ~ 1c0d Eg{‘igmdow MAE RMSE
task of sodium-water volume
prediction TFF-MHA 24 0.35 (:0.15) 0.41 (+0.14)
48 021 (+0.15) 027 (+0.12)
72 032 (+0.17) 0.38 (+0.11)
S-LSTM 24 0.65 (0.19) 0.69 (+0.18)
48 0.51 (+0.18) 0.58 (+0.20)
72 0.57 (+:0.13) 0.61 (0.16)
CW-LSTM 24 0.45 (0.16) 0.52 (+0.15)
48 0.38 (+0.10) 0.44 (+0.21)
7 0.42 (+0.21) 047 (+0.13)

MAE mean absolute error, RMSE root mean square error

Table 3 presents an evaluation of model performance in the context of sodium
water regulation interventions. Here again, the TFF-MHA model demonstrated
superior performance across the board, with its 48-h window data standing out. The
model achieved a correlation coefficient of 0.83 (+0.12), mean absolute error of
0.21 (£0.15), and root mean square error of 0.27 (+0.12). Interestingly, the CW-
LSTM model not only outperformed the S-LSTM model but also showed commend-
able results in the 48-h window, with a correlation coefficient of 0.80 (£ 0.07), mean
absolute error of 0.38 (+0.10), and root mean square error of 0.44 (+0.21).

3.2 Personalized Prediction and Intervention Output Analysis

In a groundbreaking endeavor to tailor the TFF-MHA model for individual patient
needs, this study meticulously selected six patients from a previously untouched
subset of data across two databases. These databases had not contributed to the
initial training and testing phases of the model. This selection aimed to provide a
demonstrative and comparative insight into the model’s predictive capabilities.
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Fig.5 Reconstructed time series of serum sodium in comparison with original observed time series. All
time series of serum sodium of six patients were randomly selected from two data sets for prediction and
comparison display. The blue line represents the original time series of serum sodium, and the orange
line represents the splicing of blood sodium values predicted by TFF-MHA model with 48-h time win-
dow data. Therefore, the orange line did not display values in the first 48 h

Figure 5 offers a compelling visual representation of the serum sodium levels for
the six chosen patients, with data randomly sourced from the two datasets. This fig-
ure distinctly marks the original serum sodium levels (blue line) against the model’s
continuous predictions (orange line), utilizing a 48-h time window data. Notably,
the initial 48-h period remains prediction-free in the orange line, as this timeframe
constitutes the minimum data segment required for model training, thereby preclud-
ing any predictive output. The close alignment of the model’s predictions with the
actual serum sodium values is a testament to its accuracy and precision in fitting the
data.

The study extends its focus to stroke patients, particularly addressing the critical
aspect of sodium fluid dosage control. Figure 6 parallels Fig. 5 in structure, show-
casing the individualized predicted sodium fluid dosage for the same six patients.
Here, patient IDs remain consistent across both figures for coherence. The dosage
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Fig.6 Personalized prediction of sodium-water dosage. The ID of six patients randomly selected from
the two data sets is consistent with that in Fig. 5. The vertical axis is the dosage of sodium water, with
100 ml as a unit, and the horizontal axis is the time point of administration after admission to the ICU.
The blue line represents the actual recorded dosage, and the orange line represents the dosage predicted
by the TFF-MHA model. No prediction was made in the first 48 h

amounts, represented on the vertical axis, have been normalized to 100-ml units,
accommodating the vast range observed in the original data (10 to 1000 ml). This
normalization process was crucial to eliminate any training biases stemming from
raw value discrepancies. The horizontal axis reflects the timeline of dosage admin-
istration post-admission to the ICU. The actual recorded dosages (blue line) and the
TFF-MHA model’s predictions (orange line) are plotted for comparison. Similar to
Fig. 5, the model commences its predictions post the 48-h mark. The striking simi-
larity between the predicted and actual dosages highlights the model’s remarkable
accuracy. Clinical physicians, upon reviewing these predictive results, have affirmed
their reliability and applicability in a clinical setting.
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4 Discussion

The significance of predicting and intervening in serum sodium levels, particularly
for stroke patients in ICU, cannot be overstated. Serum sodium imbalances, includ-
ing both hypernatremia and hyponatremia, are associated with significant morbidity
and mortality, underscoring the need for accurate prediction and timely interven-
tion. People whose middle-age serum sodium exceeds 142 mmol/l have increased
risk to be biologically older, develop chronic diseases, and die at younger age [32].
Research indicates that abnormalities in serum sodium, calcium, and potassium lev-
els are significant predictors of disease progression and 30-day mortality in COVID-
19 patients, highlighting the clinical importance of monitoring and managing these
electrolyte levels [33]. Additionally, prior fluid and electrolyte imbalances have
been associated with an increased risk of death, independent of age, and prior renal
comorbidities, further emphasizing the need for early detection and management of
these imbalances [34]. The advent of artificial intelligence in healthcare, particularly
in the development of deep learning models using electrocardiography for detect-
ing electrolyte imbalances, offers a promising avenue for enhancing the precision of
electrolyte management in real-time clinical settings [35]. Collectively, these stud-
ies underscore the critical need for ongoing research and development in the field
of serum sodium prediction and intervention, which could lead to improvements in
patient outcomes, especially in high-risk populations.

Interventions for dysnatremias primarily stem from clinical experience, with
many studies focusing on the optimal rate of correction of serum sodium lev-
els. Some studies indicated that hypernatremia correction rate should not exceed
0.5 mmol/L/h or 10 mmol/L/d to avoid the development of cerebral edema and
permanent neurological damage [36-38]. These complications were documented
mainly in neonates [39, 40]. Several small studies reported that slow correction of
hypernatremia is associated with excess mortality [41, 42]. A recent study found no
association between rate of correction of hypernatremia and clinical outcomes [36].
Whether the existing guidelines strike the best balance between ensuring patient
safety and minimizing possible harm remains uncertain.

In the field of medicine, the application of artificial intelligence enables the pre-
diction and resolution of complex issues that are difficult to handle with traditional
methods. The development of our TFF-MHA model marks a significant advance-
ment in predicting serum sodium abnormalities in stroke patients. By effectively
learning from sparse and irregularly sampled time series data, the model eliminates
the need for traditional data imputation methods. Its ability to integrate diverse data
points, including missing indicators and time intervals, not only enhances the accu-
racy of predictions but also provides a more comprehensive understanding of the
underlying physiological processes. This holistic approach is particularly crucial in
managing complex stroke cases, where timely and accurate predictions can signifi-
cantly influence patient outcomes. Compared to traditional predictive methods, such
as the four formulas evaluated in the study [43], the TFF-MHA model not only han-
dles more complex datasets but also provides more accurate and individualized pre-
dictions. This is particularly crucial in managing hypernatremic and normonatremic
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ICU patients, as traditional formulas have limitations in predicting individual
patient’s serum sodium changes. In a study anchored in the principles of mass con-
servation, researchers endeavored to predict sodium fluctuations in patients within
ICU [44]. This research necessitated the rigorous collection of plasma and urine
samples to measure sodium levels, integrating these findings with existing serum
sodium prediction formulas to develop a novel mathematical model. In contrast, the
time-feature fusion multi-head attention (TFF-MHA) model offers a paradigmatic
shift by amalgamating time series data from various clinical indicators and temporal
metrics. This holistic approach facilitates a more comprehensive understanding and
prediction of electrolyte imbalances, particularly enhancing the precision of predic-
tions in complex and acute clinical scenarios. Moreover, research focusing on severe
hyponatremia underscores the importance of predictive correction of serum sodium
concentrations [45]. In this context, the TFF-MHA model demonstrates unique
strengths, not only in forecasting the risk of electrolyte imbalances but also in pro-
viding insights into optimal intervention strategies.

While the model exhibited better predictive performance, its generalizability
across diverse healthcare settings may be influenced by variations in patient demo-
graphics and clinical practices. Further research is required to assess the model’s
real-time utility and effectiveness in clinical environments. Future efforts will focus
on expanding the model to predict additional critical electrolytes, such as potassium
and calcium, which play vital roles in stroke management. Moreover, incorporating
other physiological parameters, such as body temperature and respiratory rate, holds
potential to further improve the model’s accuracy and enhance its clinical applica-
bility. In the future, to integrate the model into clinical decision support systems
(CDSS), it can be connected to electronic health record (EHR) systems for real-
time data access, deployed either locally or on the cloud, and optimized for different
clinical environments. The model’s outputs can be presented through an intuitive
user interface that allows clinicians to make informed decisions, with continuous
feedback to refine its performance. Data privacy is ensured through encryption and
anonymization, while compliance with regulations such as HIPAA and GDPR is
maintained. Additionally, training and ongoing support for clinical staff will facili-
tate effective integration and use of the system.

In summary, the TFF-MHA model shows potential in predicting and manag-
ing electrolyte imbalances. It not only offers a more refined and comprehensive
approach to analyzing and predicting electrolyte imbalances but also provides indi-
vidualized intervention recommendations on a patient-specific level. This approach
holds implications for improving patient outcomes and optimizing the allocation of
clinical resources.

5 Conclusion
In conclusion, we established a novel deep learning model: TFF-MHA model, profi-

cient in learning from multivariate, sparse, and irregularly sampled time series data,
eliminating the need for imputation. It has shown capability in predicting both serum
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sodium values and necessary interventions, thereby providing timely and critical
clinical insights to prevent the adverse outcomes of delayed medical interventions.
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