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Abstract
Accurately predicting early mortality risk for traumatic brain injury (TBI) patients 
admitted to the intensive care unit (ICU) is crucial for optimizing patient care, allo-
cating resources effectively, and reducing mortality rates. This study introduces an 
approach to predict mortality risk for TBI patients by analysing heart rate variabil-
ity from the first 24 h of electrocardiogram (ECG) signals. A deep learning hybrid 
model was developed by integrating a weight predictor with a bidirectional long 
short-term memory (BiLSTM) unit. This hybrid architecture enhances predictive 
performance by weighting features and capturing patterns in HRV data. This study 
utilised TBI patient data from the Gold Coast University Hospital and Cerebral 
Haemodynamic Autoregulatory Information System (CHARIS) for model training 
and testing. The experimental results demonstrated that the proposed hybrid model 
achieved cross-validation metrics, including an accuracy of 0.933 (95% CI: 0.844–
1.000), an area under the curve of the receiver operating characteristics (AUROC) 
of 0.995 (0.978–1.000), and an area under the precision‒recall curve (AUPRC) of 
0.998 (0.99–1.000). With the hold-out test dataset, the model obtained a prediction 
accuracy of 0.917 (0.75–1.000), an AUROC of 0.926 (0.766–1.000), and an AUPRC 
of 1.0. Comparative analysis with conventional machine learning models confirmed 
that the proposed model significantly outperformed existing approaches. The results 
highlight the potential of the proposed model in helping critical care strategies by 
providing more accurate early predictions of mortality risk through HRV analysis. 
Since the proposed model relies exclusively on ICU monitoring ECG data, it facili-
tates straightforward implementation in clinical settings.
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1  Introduction

Traumatic brain injury (TBI) patients require specialised care in the intensive care 
unit (ICU) because of their high mortality risk and the complex challenges asso-
ciated with the management of their condition compared with other hospitalised 
patients [1]. Managing TBI cases is complicated by the severity of the injury and 
related consequences, such as intracranial hemorrhage and secondary brain damage 
[2]. Globally, it is estimated that between 27 and 69 million people require intensive 
care treatment annually after brain injury [3], and approximately 30% of ICU-admit-
ted brain injury patients do not survive their stay [4, 5]. Accordingly, accurate mor-
tality risk prediction is essential to optimise patient care in a timely manner, allocate 
ICU medical resources effectively, and improve patients’ outcomes. Various models 
have been developed over the years using admission data. However, these models 
are not capable of capturing the dynamic, time-evolving nature of patients’ physio-
logical responses to injury and treatment as they evolve over time. In addition, these 
models are limited by their reliance on electronic medical records (EMRs), which 
may be incomplete, unavailable in certain hospitals, and not immediately available 
or unreliable. Similarly, traditional scoring systems have drawbacks such as subjec-
tivity, an inability to address the heterogeneity of injuries, and low predictive power 
[6–9].

Modern ICUs generate significant amounts of monitoring data in a continuous 
stream, providing valuable insights into patients’ prognoses. This has led to a signifi-
cant focus on leveraging machine learning (ML) and deep learning (DL) approaches 
to develop more accurate outcome prediction models on the basis of ICU monitoring 
data [10]. These models demonstrate improved accuracy and reliability by identify-
ing patterns that may not be captured by human analysis or conventional methods, 
using sophisticated algorithms to evaluate large amounts of time series data [11].

Recent studies have identified key predictive factors for monitoring TBI patients 
in the ICU [12]. Electrocardiograms (ECGs) are commonly used in ICUs to moni-
tor heart function after injury continuously. Importantly, ECG data have been found 
useful in predicting mortality risk. Heart rate variability (HRV) is a key measure 
derived from ECG analysis that quantifies variations in the intervals between suc-
cessive heartbeats and serves as a measure of autonomic nervous system (ANS) 
regulation of cardiac activity. Importantly, HRV measures have been established as 
predictors of early outcomes in TBI patients [13, 14]. Furthermore, ECG abnormali-
ties and patterns are strongly associated with adverse outcomes in TBI patients [15], 
helping identify patients at high risk of developing autonomic dysfunction, a com-
mon complication following TBI [16]. In this context, Lu et al. [17] reported time-
based and frequency-based domains HRV features are significant predictors of one-
year mortality and functional outcomes in TBI patients. These findings underscore 
the relevance of HRV in assessing the severity of TBI patients early and aiding in 
the prognosis. Similarly, Lee et al. [18] demonstrated that the results of the first 24 h 
of ECG data can be used to determine the severity of a brain injury as well as sub-
sequent patient outcomes, highlighting the importance of early and accurate ECG 
analysis. Thus, HRV clearly plays a critical role in assessing outcomes and mortality 
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risks in ICU environments, especially when analysed within the crucial early hours 
following a patient’s admission.

This paper introduces a combined HRV feature extraction and hybrid deep learn-
ing approach. By capturing the dynamic fluctuations in patients’ HRV, this study 
develops a novel DL hybrid model integrating a custom weight predictor layer with 
bidirectional long short-term memory (BiLSTM) recurrent layers. The proposed 
method is designed to predict in-ICU mortality risk for TBI patients by analysing 
the first 24 h of ECG data following patient admission. Section 2 reviews the rel-
evant research studies, while Sect. 3 outlines the proposed methodology. Section 4 
presents the results, followed by a discussion in Sect. 5. Finally, Sect. 6 summarises 
the key findings and future research directions.

2 � Related Works

Existing prediction models utilise a variety of clinical parameters, including the 
Glasgow Coma Scale (GCS) score, computed tomography (CT) findings, intensive 
care unit (ICU) admission data, and other biomarkers with machine learning algo-
rithms, to increase prediction accuracy. For example, Shi et al. [12] used a combi-
nation of clinical inputs, including hospital volume, Charlson score, length of stay, 
and demographic data, to predict post-TBI surgery mortality. Their findings dem-
onstrated that an artificial neural network (ANN) outperformed a logistic regres-
sion (LR) model, achieving a prediction accuracy of 95.23% compared with that of 
82.44% for the LR model. In a retrospective multicentre study [19], EHRs were ana-
lysed including emergency medical service and hospital records, surgical and labo-
ratory report data, and communication logs. On the basis of these data, 30-day mor-
tality prediction models were developed, with accuracies reaching 84%. Abujaber 
et al. [20] subsequently predicted the in-hospital mortality of TBI patients via demo-
graphic features, injury characteristics, and CT findings as predictors. The ANN and 
support vector machine (SVM) algorithms achieved accuracies exceeding 91% and 
areas under the curve (AUCs) of over 93%.

Daley and colleagues [21] developed several ML-based models to pre-
dict severe TBI via neurological and biological data obtained upon admission. 
Among these models, the random forest (RF) approach achieved a mortality 
risk prediction accuracy of 82% and an AUC of 90%. Similarly, another study 
[22] introduced a gradient-boosting classifier (GBM) to estimate risk for trauma 
patients on the basis of static and dynamic information, achieving an AUC of 
92.9%. Recently, Khalili and colleagues [23] explored the use of ML models 
for short-term and long-term mortality prediction in TBI patients. This study 
utilised demographic characteristics, laboratory test results, imaging indices, 
and clinical characteristics with random forest (RF) and decision tree (DT) algo-
rithms. According to their findings, the generalised linear model approach was 
found to be most effective in predicting a patient’s long-term survival, with an 
accuracy rate of almost 82%. Conversely, the RF model demonstrated the most 
effective performance for predicting short-term mortality. Building on recent 



632	 Journal of Healthcare Informatics Research (2025) 9:629–655

progress, Ding et al. [24] recently conducted a study and reported an AUC of up 
to 87.8% by combining EMR and patient monitoring system data to predict in-
hospital mortality and neurological outcomes.

Various time series modelling techniques, including RF, light gradient boost-
ing (LightGBM), and LR, have been employed to analyse physiological and clini-
cal information collected within the initial 24 h of an ICU stay for outcome pre-
diction [25, 26]. For example, Palepu et al. [26] derived clinical assessment data, 
laboratory test results, medication records, and physiological time series data to 
build a mortality prediction model utilising an Elastic Net linear approach. Their 
findings indicate that computational evaluation of routinely recorded patient 
data within the first day of ICU admission effectively predicted ICU outcomes, 
achieving an AUC of 90.3%. Similarly, another study [25] explored a combina-
tion of clinical indicators, such as vital sign data, ICU coma scale scores, pupil-
lary response, intubation status, external ventricular drainage, and comorbidities, 
to develop mortality prediction models using LR, RF, LightGBM, and XGBoost 
with various feature combinations. These models achieved performance, with 
AUC values ranging from 87.7% to 92.1%.

In addition to conventional clinical data, HRV has shown promise as a criti-
cal factor for outcome prediction and severity assessment in ICUs. For example, 
Sykora et al. [27] and Zhang et al. [28] built classification models utilising logis-
tic regression with different feature sets, including HRV-based characteristics. 
In one study [27], a predictive AUROC of 84.4% was obtained with a combina-
tion of classical and autonomic HRV variables. In comparison, Zhang et al. [28] 
predicted ICU brain injury patient outcome, with an AUROC of 77%. Luo et al. 
[29] examined the potential of trauma assessment methods and short-term spec-
tral HRV indices as independent predictors of 30-day mortality in trauma patients 
and achieved an accuracy of 92.4% with a linear logistic regression model. The 
results of these studies suggest that HRV analysis, particularly within 24 h after 
admission, can significantly improve outcome prediction and lead to the develop-
ment of integrated clinical decision support systems and personalised TBI patient 
care.

A major shortcoming of most existing models is that they depend on static 
data collected during admission or specific isolated assessments such as GCS 
scores, laboratory results, or imaging findings. These data points often pro-
vide only a limited snapshot of the patient’s evolving condition. Consequently, 
those approaches are unable to capture critical dynamic changes in physiology 
and important temporal patterns. Developing predictive models for TBI patients 
and addressing patients’ temporal variability are also challenging. Time-series 
approaches often rely on basic summary statistics and thus discard much of the 
sequential information. Moreover, many predictive models face challenges related 
to data consistency and availability, which limiting the generalisability and reli-
ability of predictive analytics across diverse ICU settings. Additionally, there is a 
lack of consensus on the most effective machine learning approaches for outcome 
prediction. Together, these limitations motivated this work to develop an adap-
tive, efficient predictive model that is capable of integrating and analysing long-
term ECG data.
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3 � Proposed Methodology

In-ICU mortality risk prediction for TBI patients is formulated as a binary classifi-
cation problem. The methodology consists of four key components: data collection 
and preprocessing, feature extraction, data augmentation, and mortality risk predic-
tion. Each step is briefly described in the following sections, and Fig. 1 presents a 
visual representation of the proposed approach. The effectiveness of the proposed 
model was assessed during the evaluation phase using several cutting-edge ML/DL 
algorithms. This comparative analysis aims to highlight the strengths and limitations 
of each approach, and understand the proposed model’s ability to predict ICU mor-
tality risk.

3.1 � Data Collection and Preprocessing

This study utilised deidentified data from adult TBI patients (aged > 16 years) who 
were admitted to the intensive care unit (ICU) at Gold Coast University Hospital 
(GCUH) in Australia. Data from June 2020 to August 2023 were obtained through 
Datarwe’s1 clinical platform. Patients lacking ECG data were excluded from the 
study. For additional robustness, we expanded the size of the dataset by extract-
ing data from the Cerebral Haemodynamic Autoregulatory Information System 
(CHARIS) database,2 which contains TBI data from the Robert Wood Johnson 

Fig. 1   Diagram of our framework. ECG; electrocardiogram, LSTM; long-short term memory, HRV; 
heart rate variability

1  https://​datar​we.​com
2  https://​physi​onet.​org/​conte​nt/​chari​sdb/1.​0.0/

https://datarwe.com
https://physionet.org/content/charisdb/1.0.0/
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Medical Centre of Rutgers University [30]. ECG data were extracted from both 
datasets for the first 24 h after admission.

The primary outcome of interest was in-ICU mortality during the initial admis-
sion, categorised as low risk (survivors) or high risk (nonsurvivors). Discharged ICU 
patients or those transferred to a ward were considered low risk. Initially, the GCUH 
data comprised 78 TBI patients. However, 34 patients were subsequently excluded 
for various reasons, including a lack of ECG recordings, missing long-duration ECG 
data, ICU discharge within 24 h of admission, or mild admission cases with GCS 
scores of 14–15. Consequently, combined with data from 13 additional patients 
from CHARIS, the final dataset consisted of 41 survivors and 16 nonsurvivors.

In the GCUH dataset, raw ECG signals were sampled at 240 Hz. The CHARIS 
dataset, which originally sampled data at 50  Hz, was upsampled to 240  Hz to 
standardise the sampling frequency and ensure uniformity across datasets. A high-
pass filter and low-pass filter were subsequently applied to eliminate baseline 
wander and high-frequency noise from the ECG signals. This step enhances ECG 
signal quality and ensures data integrity. In the next part of the preprocessing pro-
cedure, the highest peaks of a heartbeat (R-peaks) were identified using the Hil-
bert transform method [31]. The ECG signals were subsequently segmented into 
5-min intervals to facilitate HRV analysis. A significant challenge in HRV analysis 
is the presence of ectopic beats, which can introduce noise. Thus, a deep learning 
model was employed to detect ectopic beats, including ventricular and supraven-
tricular beats, via proposed ectopic beat detection method [32]. The ectopic beats 
were then filtered from the calculation to ensure the accuracy and reliability of the 
HRV analysis.

3.2 � Feature Extraction

The HRV metrics, both time domain and frequency domain, have been studied and 
shown as prognostic factors for predicting outcomes in TBI patients in the ICU. 
Time domain metrics of HRV provide detailed characteristics of autonomic nervous 
system (ANS) dynamics, and some have been reported being predictive of mortality 
in critical care settings [33, 34]. Frequency domain metrics capture sympathetic-par-
asympathetic balance and some have been validated as outcome predictors after TBI 
[35]. Non-linear measures quantify complex heart-brain interactions that are not vis-
ible in linear measures and have shown additional predictive power. Furthermore, 
studies have proven that HRV metrics are strongly associated with ICU outcome 
scores at follow-up, demonstrating the relevance of HRV in assessing long-term 
neurological recovery [36, 37]. A recent review article further highlights HRV as 
a valuable indicator for assessing the trajectory of recovery following a TBI [38]. 
According to the predictive power, the predictive value of 24-h recordings is the 
optimal choice for comprehensive risk stratification [39–41]. Consequently, this 
study employed a combination of linear and nonlinear HRV as the prognostic fac-
tors, given their demonstrated significant potential as clinically relevant variables for 
monitoring and predicting outcomes in patients with TBI.
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In this study, we calculated all time domain and frequency domain HRV 
parameters listed in the literature, on the basis of the identified R peaks for each 
segment. The RR intervals (RRIs) were calculated, representing the duration 
between two consecutive R peaks. These parameters provide perspectives on dif-
ferent types of variability (see Fig. 2) [42]. The extracted HRV measures include 
time domain measures such as the mean RRI (MeanRR), standard deviation 
of RRI (SDNN), square root of the mean of the squared successive differences 
between adjacent RR intervals (RMSSD), and percentage of successive RR inter-
vals that differ by more than 50 ms (pNN50). In addition, nine frequency-domain 
measures were calculated to analyse the spectral components of the RRIs. This 
included very-low-frequency (VLF), low-frequency (LF), and high-frequency 
(HF) spectral power and the LF/HF ratio. For nonlinear analysis, seven measures 
were derived from recurrence quantification analysis (RQA) [43], including the 
recurrence rate (REC), the percentage of recurrence points forming diagonal lines 
(DET), the mean length of structures, both diagonal and vertical structures (Lmean 
and Vmean), and the maximum length of structures of both diagonal and vertical 
structures (Lmax and Vmax). In addition, Poincare plot [44] parameters, such as 
the standard deviation along the longitudinal axis and the transverse axis (SD1 
and SD2), and two parameters from detrended fluctuation analysis (DFA) (alpha1 
and alpha2) were calculated to measure short- and long-term fluctuations. The 
final result consisted of a time series of 288 data points for each measurement 
and each patient. Missing values were replaced using the k-nearest neighbour 

RRI (i-1) RRI (i) RRI (i+1)

Time Domain Frequency Domain Non-Linear Domain 

Time Domain HRV Measures: 

- SDNN (Standard deviation of normal-to-
normal RRI) 

- MeanRR (Measure the mean value of RRI) 

- RMSSD (Square root of the mean squared 
differences in successive RRI 

- pNN5 (Number of interval differences of 
successive RRI intervals >50 ms divided by the 
total number of RRI intervals) 

Frequency Domain HRV Measures: 

- P_VLF (s2/Hz)/P_VLF (%) (Power in very low-
frequency range (0<= 0.04 Hz)) 

- P_LF (s2/Hz)/P_LF (%) (Power in the low-
frequency range (0.04-0.15 Hz)) 

- P_HF (s2/Hz)/P_HF (%) (Power in the high-
frequency range (0.15-0.4 Hz)) 

- pf_VLF (Peak frequency in the very low-
frequency range (0 <= 0.4 Hz)) 

- pf_LF (Peak frequency in the low-frequency range 
(0.04-0.15 Hz)) 

- pf_HF (Peak frequency in the very low-frequency 
range (0.15-0.4 Hz)) 

- LF/HF (Ratio LF_HF) 

Non-Linear HRV Measures: 

- REC (The percentage of recurrent 
points in the embedded phase space) 

- DET (Percentage of recurrences point 
which from diagonal lines) 

- LAM (Percentage of recurrence 
points which from vertical lines) 

-Lmean (Mean length of the diagonal 
structure) 

-Lmax (Maximum length of diagonal 
structure) 

- Vmean (Mean length of vertical 
structure) 

-Vmax (Maximum length of vertical 
structure) 

- SD1 (Standard deviation along the 
longitudinal axis) 

- SD2 (Standard deviation along the 
transverse axis) 

- Alpha1 (Detrended �uctuations alpha 
1) 

- Alpha2 (Detrended �uctuations alpha 
2)

Fig. 2   Time domain, frequency domain, and nonlinear domain analysis of heart rate variability. The 
RRI was obtained by detecting R peaks. Power spectral density (PSD) of the RRI across three frequency 
bands. Nonlinear HRV were derived based on recurrence quantification analysis (RQA), Poincare plot 
and detrended fluctuation analysis (DFA)
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(k-NN) imputation strategy. Finally, the data were normalised before being fed 
into machine learning models.

3.3 � Data Augmentation

We employed data augmentation techniques to address the challenge of class imbal-
ance and increase the sample size. Class imbalance occurs when a particular class 
is significantly underrepresented compared with other classes, leading to biased 
model performance. In this dataset, only 28.1% of patients did not survive in the 
ICU. The survival and nonsurvival rates in the training-validation set were 71.2% 
and 28.8%, respectively. Such disparities increase the risk of the model overfitting 
to the majority class during training, leading to inadequate performance on unseen 
data owing to the ability of the model to predict minority cases. Thus, we applied 
synthetic minority oversampling technique (SMOTE) [45] to both the GCUH and 
CHARIS datasets to overcome this challenge and increase dataset diversity within 
each cross-validation fold. SMOTE first flattens each fixed-length HRV time-
series into a single-dimensional vector, then employs k-NN clustering in that high-
dimensional space to generate new synthetic minority-class samples. The synthetic 
samples were balanced at a 1:1 ratio between classes to prevent direct duplication. 
Instead, interpolation was used to create new, unique samples. Padding and masking 
techniques were implemented to manage various lengths of sequences among sub-
jects. The input sequences were sorted and padded to match the length of the longest 
batch sequence. The masking process ensures that the network ignores the padding 
elements. It maintains the integrity of the original sequences. For additional details, 
please refer to Sect. 2 of the supplementary material.

3.4 � Hybrid Network Incorporating a Weight Predictor and a Bidirectional Unit

Hybrid deep learning methods have emerged as highly effective and adaptable meth-
ods that combine various advanced techniques to address complex tasks. The pro-
posed model combines a weight predictor and BiLSTM recurrent layers [46]. The 
architecture consists of an input layer, a custom weight predictor layer, a multiplica-
tion operation between inputs and weights, BiLSTM layers, dropout layers, and an 
output layer, as shown in Fig.  1. The weight predictor serves for weighting HRV 
features as a feature learning mechanism. It enhances predictive capacity by identi-
fying essential features while suppressing less relevant features, and reducing noise. 
Simultaneously, the model employs a bidirectional architecture that allows the net-
work to analyse long-term and short-term patterns in the time series data from both 
past (backwards) and future (forwards) directions. This approach is particularly ben-
eficial for tasks requiring an understanding of pattern changes, such as identifying 
mortality risk.
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3.4.1 � Weight Prediction Network Layer

Margeloiu et al. [47] proposed a weight prediction network combined with a feature 
selection method to handle high-dimensional yet small dataset. Similarly, to reduce 
the number of learnable parameters and to perform feature selection within the net-
work, we designed a custom layer that integrates the weight prediction network. In 
the input reduction process, the mean values of inputs across the time dimension 
were computed to reduce their dimensionality (Eq. 1). While the approach in [47] 
utilised a single dense layer for weight assignment, our weight predictor consisted 
of two sequential dense layers, each with specific roles. The first layer predicts ini-
tial weights via tanh activation, allowing the model to assign positive and negative 
emphases (Eq. 2). A sigmoid activation function was applied as the second dense 
layer to ensure that the weights were between 0 and 1 [48] (Eq. 3). To mitigate over-
fitting, this sparsity was essential for reducing the influence of less informative fea-
tures. The final computed weights were uniformly applied across all time steps to 
moderate the input sequence (Eq. 4). Each input was multiplied elementwise by its 
corresponding weight. Then, the sequence was fed into the LSTM layer for further 
analysis. By doing so, a weight feature-wise attention mechanism was implemented 
via this weight predictor rather than adopting a self-attention block, which would 
introduce multiple large projection matrices, complexity in sequence length, and 
many extra parameters. Thus, unlike static feature selection methods or heavyweight 
attention mechanisms, this method enables the importance of features to be deter-
mined dynamically during training. Additional details about the mechanism of the 
weighted predictor are provided in the supplementary Sect. 3.

where, xt is the value of the feature at time step t , T  is the total number of time steps, 
r denotes the single mean value for the feature, Wpred , bpred are the weights and bias 
of the dense layer, Wsparse , bsparse are weights and bias of the sparsity layer, � denotes 
the sigmoid activation function, Xweighted is the sequence weighted by the learned 
importance of each feature, X is the original input sequence.

3.4.2 � Bidirectional LSTM Layer

This layer processes the weighted input and consists of an LSTM unit in a bidirec-
tional wrapper. It simultaneously processes the input sequence in both forwards and 
backwards directions, allowing the model to capture temporal dependencies from 

(1)r =
1

T

T
∑

t=1

xt

(2)wpred=tanh(Wpredr+bpred)

(3)wsparse = �(Wsparsewpred + bsparse)

(4)Xweighted = X.wsparse



638	 Journal of Healthcare Informatics Research (2025) 9:629–655

past and future time steps. This approach is more efficient than a one-way LSTM 
model is, as both preceding and subsequent steps inform the output at each time step 
[49]. The memory unit includes the input gate ( Γi) , forget gate ( Γf ) , and output gate 
( Γo) , which control the information that is read, stored in the internal memory, or 
passed [40].

Figure 3 shows a typical LSTM cell with gates and a BiLSTM cell, adopted from 
[50]. At time t, the input is xt , the previous output of the hidden layer is at−1 , and the 
current output is at . Let ��⃗at represent the forwards LSTM’s hidden state and �⃖�at represent 
the backwards LSTM’s hidden state. c̃t and ct are the input and output states, respec-
tively. The previous state is ct−1 . We compute the three gate states, the cell input state, 
the cell output ( ct) and the hidden layer output ( at) using the following equations in 
order.

(5)Γi = �(Wi[at−1, xt] + bi)

(6)Γf = �(Wf [at−1, xt] + bf )

(a)

(b)

Fig. 3   (a) LSTM structure. (b) BiLSTM structure
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where bi, bf , boandbc are bias vectors and Wi,Wf ,WoandWc are weight matrices to 
the input, forget, output, and cell state, respectively. The sigmoid function is repre-
sented by � , and the hyperbolic tangent function is represented by tanh.

3.5 � Experimental Preparation

3.5.1 � Model Training and Hyperparameter Tuning

The dataset was divided into two sets: the training dataset, which comprised 80% of 
the total data, was used for training and validation, and the remaining 20% was used 
for model performance testing. The performance metrics were derived from both the 
validation and test datasets. During the training phase, a fivefold cross-validation 
strategy was conducted on the training-validation dataset to refine model selection, 
adjust hyperparameters, and determine the model architecture. To identify the opti-
mal hyperparameters, different configurations were systematically tested, includ-
ing the number of LSTM neurons (16, 32, 64, 128, and 256), the number of hid-
den layers (1 or 2), and the dropout rate (0, 0.25, and 0.3). The model was trained 
over 100 epochs using the adaptive moment estimation (Adam) optimiser [51] with 
a batch size of 32 and a fixed learning rate of 0.001. The ReLU activation func-
tion was used to introduce nonlinearity and enhance pattern recognition capabilities. 
To address the challenge of overfitting, dropout layers were strategically included 
in the network architecture [52]. The output layer applies the softmax function to 
normalise the output probabilities, and binary cross-entropy serves as the loss func-
tion to measure the error between the predicted and actual outputs. Following the 
training process, the best model was applied to the test set to evaluate the final test 
metrics. We trained the model using the multiclass cross-entropy loss function and 
conducted all the experiments using the Python programming language with Ten-
sorFlow on AWS Amazon’s3 cloud platform.

3.5.2 � Model Evaluation Metrics

The sensitivity, specificity, positive predictive value (PPV), accuracy, and F1 score 
were used to evaluate the model performance. These metrics were calculated via 

(7)Γo = �
(

Wo[at−1, xt] + bo
)

(8)c̃t = tanh(Wc[at−1, xt] + bc)

(9)ct = Γi ∗ c̃t + Γf ∗ ct−1

(10)at = Γo ∗ tanh
(

ct
)

3  https://​aws.​amazon.​com/

https://aws.amazon.com/
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standard expressions for TP, FP, TN, and FN, which refer to “true positives,” “false 
positives,” “true negatives,” and “false-negatives,”, respectively, as represented in 
Eqs. (11) to (15). Additionally, we used the area under the receiver operating charac-
teristic curve (AUROC) and the area under the precision‒recall curve (AUPRC) to 
evaluate the model. Confidence intervals were computed via a bootstrap procedure 
with 10000 unstratified resamples. Weighted averages of these performance metrics 
were calculated to provide an overall assessment.

3.5.3 � Feature Importance Analysis

A feature importance analysis was performed in order to identify the key critical fea-
tures that contribute to the prediction of mortality. The permutation feature impor-
tance technique was employed to evaluate the contribution of each HRV feature. 
This method calculates the mean absolute error (MAE) via the binary cross-entropy 
as the loss function to compare the model’s predictions with the actual results. Each 
HRV feature in the dataset was systematically permuted by shuffled its values at 
random. An increase in the MAE upon permuting a particular feature indicates its 
relative importance to the predictive accuracy of the model. The MAEs of each per-
muted dataset were compared with the baseline MAEs, to quantify the contributions 
of individual HRV features to the model performance. This analysis highlighted the 
most influential features, offering insights into the underlying physiological dynam-
ics captured by the model.

4 � Results

Using statistical methods, we examined the differences in HRV characteristics between 
TBI patients’ survivors and nonsurvivors. The results are detailed in Sect. 4 of the sup-
plementary material, and the statistical results are presented in Table S1 and Figure S1. 
The results revealed significant differences in several HRV characteristics between the 

(11)Sensitivity =
TP

TP + FN

(12)Specificity =
TN

TN + FP

(13)PPV =
TP

TP + FP

(14)Accuracy =
TP + TN

TP + FP + TN + FN

(15)F1 =
2 ∗ Precision ∗ Recall

Precision + Recall
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two groups. For example, patients who survived presented significantly higher SDNN, 
MeanRR, and pNN50 values than nonsurvivors did. Significant differences were also 
observed in SD1 and SD2, which are measures of short-term and long-term HRV vari-
ability, respectively. To evaluate the effectiveness of the proposed model, we optimised 
the hyperparameters through a fivefold cross-validation process via a grid search tech-
nique. The model was then trained on the training dataset, and its performance was 
assessed on the validation dataset. The optimal model configuration included a custom 
weight predictor, a 16-unit BiLSTM layer, and an L2 regulariser to prevent overfitting. 
With this configuration, the model achieved a mean validation AUROC of 0.995 and an 
AUPRC of 0.998. Figure S2 in the supplementary material shows the model validation 
performances across different BiLSTM configurations, with kernel sizes of 16, 32, 64, 
and 128. The dropout layer was set to 0.3. The dense layer included 20 neurons with 
ReLU as the activation function. Table 1 presents the validation results, including sen-
sitivity, specificity, PPV, accuracy, AUROC, and AUPRC. Figure S3 in the supplemen-
tary material displays dynamic graphs of accuracy, loss, and AUROC during training 
and internal validation. They highlight the gradual convergence of training and valida-
tion errors, indicating that the proposed weight-BiLSTM model does not exhibit over-
fitting. The training and validation accuracies started at 0% and reached 85% within six 
epochs, while the loss gradually decreased to 0.01. Furthermore, the AUROC curve, 
plotted against the true positive rate and false-positive rate (see Figure S3 in the sup-
plementary material), confirmed the superior classification efficiency of the proposed 
model.

Additional experiments were conducted to (1) confirm the effects of different train-
ing data durations on model performance and (2) compare the model’s performance 
against that of cutting-edge machine learning and deep learning techniques to evaluate 
the proposed weight-BiLSTM hybrid model.

4.1 � Effect of Training Data Duration on Model Performance

We utilised initial data from 6, 12, and 24 h for mortality risk classification to confirm 
the effect of training data length on the predictive performance of the proposed model. 
The model trained with the first 6 h of data achieved a classification accuracy of 0.545 
and an AUROC of 0.67. When the training period was extended to 12 h, the accuracy 
was significantly increased to 0.814 and the AUROC was increased to 0.82. The most 
notable improvement was observed when the model was trained using the first 24 h 
of data, achieving an accuracy of 0.933 and an AUROC of 0.967. These results were 
reflected across all the performance metrics, including sensitivity, which increased 
from 0.331 with 6 h of data to 0.937 with 24 h of data. Notably, despite incorporating 
data augmentation, the model demonstrated remarkable stability without signs of over-
fitting. These results show that the performance of the proposed model achieves peak 
performance when trained using the first 24 h of data (see Fig. 4). This finding under-
scores the reliability and consistency of using extended HRV measures for the first 24 h 
of ECG data in predicting mortality risk in clinical settings.
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4.2 � Comparison of the Performance of the Proposed Model 
with that of State‑of‑the‑Art Machine/Deep Learning Techniques

We compared the mortality risk prediction efficiency of the proposed hybrid 
model against that of eight existing machine learning and deep learning methods. 
The benchmark models included the light gradient boosting model, random forest, 
extreme gradient boosting (XGBoost), logistic regression, recurrent neural network 
(RNN), long-short term memory, bidirectional long short-term memory, and bidi-
rectional gated recurrent unit (BiGRU). The performance analysis of these models 
in mortality risk prediction is shown in Table 1. These models were all evaluated 
on the same training and testing datasets. Computed HRV features for each epoch 
flattened them into a feature vector per patient, yielding a format compatible with 
tabular algorithms (LightGBM, RF, XGBoost, LR). We trained deep learning mod-
els with the following numbers of parameters: RNN with 22,569 parameters, LSTM 
with 24,489 parameters, BiLSTM with 16,169 parameters, BiGRU with 12,841 
parameters, and weight-BiLSTM with 7,357 parameters, as detailed in Table S2 of 
the supplementary material. The hyperparameter optimization and cross-validation 
results for the best configurations are also shown in Table S2 of the supplementary 
material.

Baseline machine/deep learning models and proposed model using fivefold 
stratified cross-validation on our training cohort are shown in Table 1, and report 
means ± 95% confidence intervals (CIs) for performance metrics. The proposed 
weight-BiLSTM model significantly outperformed all the other methods in terms 
of classification accuracy, AUROC, and AUPRC (Table 1). Specifically, the results 
suggest that the proposed weight-BiLSTM model achieves the highest classifica-
tion accuracy of 0.933 (95% CI 0.844–1.000) and the highest AUROC of 0.995 
(0.978–1.000), with a sensitivity of 0.937 (0.846–1.000) and a PPV of 0.967 
(0.893–1.000). Among conventional classifiers, the LightGBM model achieved an 

Fig. 4   Discrimination validation 
performance of mortality risk 
prediction by patient monitor-
ing time
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accuracy of 0.918 (95% CI 0.869–1.000), AUROC 0.969 (0.923–1.000), specificity 
of 0.925 (0.823–1.000), and a sensitivity of 0.937 (0.846–1.000). In contrast, RF and 
XGBoost showed moderate performance, with RF achieving a specificity of 0.953 
(95% CI 0.826–1.000) and XGBoost achieving a specificity of 0.663 (0.578–0.833). 
LR achieved a specificity and PPV of 0.964 (0.507–1.000) and 0.944 (0.427–1.000), 
respectively. However, its sensitivity was low at 0.609 (0.25–1.000), indicating a 
tendency to misclassify low-risk cases. Among the deep learning approaches, the 
RNN exhibited a high sensitivity of 0.969 (95% CI 0.897–1.000) but a low specific-
ity of 0.471 (0.181–0.75). The LSTM model performed classification with a sen-
sitivity of 0.752 (0.594–0.882), a specificity of 0.614 (0.333–0.857), and a PPV 
of 0.826 (0.679–0.94). However, the BiLSTM and BiGRU models highlight the 
strength of bidirectional architectures, with the BiGRU model achieving an almost 
perfect AUROC of 0.985 (0.948–1.000) and an AUPRC of 0.994 (0.978–1.000). 
Leave-one-out cross-validation (LOOCV) was performed on the full dataset to 
address the concern about the patient-level bias. Table 2 summarises the LOOCV 
results with 95% CIs. The weight-BiLSTM again achieved the highest discrimina-
tion, accuracy of 0.947 (0.895–0.987), AUROC of 0.996 (0.986–1.000), AUPRC of 
0.996 (0.985–1.000). Also, it maintained excellent sensitivity of 0.92 (0.821–1.000) 
and specificity of 0.973 (0.915–1.000). LightGBM and XGBoost mirrored each 
other closely under LOOCV, with AUROCs around 0.875 and accuracies around 
0.843, while simpler models like LR dropped further (AUROC 0.738 [0.593–0.866], 
accuracy 0.685 [0.561–0.807]). The consistency between fivefold CV and LOOCV 
for our proposed model demonstrates its robustness to inter-patient variability.

For the independent testing phase, the performance of different prediction meth-
ods was analysed, as shown in Fig. 5. The RNN yielded an F1 score of 0.732, an 
accuracy of 0.748 (95% CI 0.6–0.866), and an AUROC of 0.767 (0.641–0.926). The 
BiLSTM model outperformed the RNN, with a sensitivity of 0.917 (0.75–1.000), an 
accuracy of 0.914 (0.75–1.000). Similarly, the BiGRU demonstrated an F1 score of 
0.91 and a specificity of 0.75 (0.55–0.952). Among the other ML models, the Light-
GBM achieved a weighted average sensitivity of 0.944 and an F1 score of 0.844, 
whereas the RF and XGBoost models achieved weighted average sensitivity values 
of 0.753 and 0.833, respectively, with corresponding specificity values of 0.611 
(0–1.000) and 0.945 (0.5–1.000). Notably, the weight-BiLSTM model achieved a 
sensitivity of 0.917 (0.898–1.000) and a specificity of 0.972 (0.86–1.000). For high-
risk classification, the specificity reached 0.889, whereas for low-risk classification, 
the specificity was 1.0 (Fig.  5 (a)). The F1 score for high-risk classification was 
0.857, whereas for low-risk classification, an F1 score of 0.941 was achieved. The 
accuracy reached 0.917 (0.75–1.000), whereas the AUROC was 0.926 (0.76–1.000) 
and the AUPRC was 1 (see Table S3 in the supplementary material). These results 
indicate that the proposed model achieves better classification performance than the 
other models do, even when tested on unseen datasets (Fig. 5 and Table S3 in sup-
plementary material).

To further compare and assess the proposed model in capturing the temporal 
dynamics of HRV against purely convolutional or hybrid architectures, we con-
ducted LOOCV on three additional deep baseline models, including a CNN-LSTM, 
a VGG-style-1D network, and a ResNet-1D, all trained for up to 200 epochs with 
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early stopping (patience = 5). Table 3 reports their performances alongside our pro-
posed weight-BiLSTM model. As shown, the proposed model used fewer training 
parameters and layers and exhibits lower average training loss. According to the 
overall performance in Accuracy, AUROC, AUPRC, and loss, we can infer that 
the proposed weight-BiLSTM model outperforms the other baseline deep learning 
models.

4.3 � Feature Importance Analysis

The weight predictor layer in the proposed model plays a pivotal role in determin-
ing the most predictive features early in the process. The output from this layer was 
used to moderate the input features before being fed into a BiLSTM for process-
ing. The analysis revealed that features such as alpha1, P_VLF (%), LF_HF ratio, 
Vmax (bts), and alpha2 were assigned high average weights for all 288 epochs (see 
Figure S4 in the supplementary document). The adaptability of the weight predic-
tor layer enhances input handling, leading to improved predictive accuracy. This 
improvement is demonstrated by high validation accuracy and high AUROC scores, 
as shown in Figure S3 of the supplementary material.

(a) (b)

(c)

Fig. 5   Comparison of the proposed model performance with that of state-of-art methods on the test data-
set: (a) F1 score, (b) sensitivity, and (c) overall accuracy
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The most crucial HRV features identified in the proposed in-ICU mortality 
prediction model include P_VLF (%), LF_HF, DET (%), alpha2, pf_VLF (Hz), 
alpha1, and pNN50 (%), as determined using the permutation feature importance 
approach. The MAE for each feature compared with that for the baseline is pre-
sented in Fig. 6. The high importance of these factors could be due to their strong 
physiological relevance to outcomes in TBI patients. The most influential feature 
affecting model performance was the very low-frequency range (P_VLF (%)), fol-
lowed closely by the low-frequency–high-frequency ratio (LF_HF). The percent-
age of recurrence points that originate from the diagonal lines in the RR interval 
plot (DET) and detrended fluctuations in the RR interval (alpha1 and alpha2), 
which are nonlinear domain features, and changes in the percentage of successive 
RRI intervals from the total number of RRI intervals (pNN50%), which is a time 

Fig. 6   Impact of features on the performance of weight-BiLSTM
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domain analysis feature, all play a significant role in the model’s performance. 
These features capture variations in heart rhythm associated with autonomic dys-
function. Furthermore, Figure S5 in the supplementary document presents a heat-
map illustrating the time-resolved importance of features in the temporal model’s 
attention. For nearly all features, the most important peaks occur between epochs 
20–50, indicating that HRV dynamics within roughly the first 8–10  h offer an 
especially strong prognostic signal.

5 � Discussion

The early identification of in-ICU mortality risk among patients with traumatic 
brain injury is highly important. Early predictions enable clinicians to optimise 
ICU resource management, initiate timely diagnostics, guide appropriate inter-
ventions, and improve patient outcomes in real-world clinical settings. Recogniz-
ing this critical need, we developed and validated a simple yet robust deep learn-
ing model that uses heart rate variability measures to predict in-ICU mortality 
risk. Best of our knowledge, this study is the first application of deep learning 
techniques to predict mortality risk in TBI patients via HRV features alone. This 
approach enhances predictive accuracy and offers valuable prediction that is help-
ful for clinical decision-making.

This study highlights the model’s ability to predict in-ICU mortality risk based 
solely ECG-derived HRV data. The usability and interpretability of the proposed 
DL-based model are enhanced by its reliance on HRV measures alone. Thus, this 
approach is easy to use and adaptable to other health care settings if continu-
ous ECG monitoring is standard practice. Streamlined data utilisation not only 
simplifies clinical workflows but also allows the model to be readily adopted 
without requiring additional data collection. Thus, this approach overcomes the 
limitations of conventional prediction models that are based on large amounts of 
EMR data. Moreover, the robustness of our methodology is demonstrated by con-
sistently high validation accuracy and AUC scores, underscoring the predictive 
validity of the weighted HRV features.

The model was trained separately using data collected at 6, 12, and 24 h after 
initial ICU admission. The findings demonstrated the potential of 24-h time series 
HRV measures for reliable ICU mortality risk assessment. Although HRV meas-
ures have been used in previous studies to develop predictive models across vari-
ous medical contexts, they have frequently depended on conventional statistical 
methods. The main limitation of these methods is that they assume a linearity 
between predictors and outcomes. In contrast, the proposed DL-based model 
effectively captures complex and nonlinear relationships between predictors and 
outcomes, allowing the use of multiple HRV measures as sequential data. In this 
study, 25 HRV measures were used as input features, significantly enhancing 
the accuracy and robustness of the model’s predictions. Among these, the most 
essential HRV features identified through feature-importance analysis were P_
VLF (%), LF_HF, DET (%), alpha2, pf_VLF (Hz), alpha1, and pNN50 (%). Fre-
quency-domain HRV features such as P_VLF and LF_HF provide insights into 
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sympathetic nervous system activity. P_VLF is particularly relevant among these 
features, as previous literature suggests its link to autonomic nervous system 
function and potentially to other slow-acting physiological processes. Similarly, 
the LF_HF ratio signifies the balance between sympathetic and parasympathetic 
activities, serving as a marker of ANS regulation. These results were consistent 
with the results of previous meta-analyses [53] and prospective observational 
studies [54], demonstrating the strong predictive ability of LF_HF for separating 
survivors from nonsurvivors.

Additionally, time-domain features such as pNN50 provide insights into the overall 
variability and distribution of RR intervals. This measure is frequently used to evaluate 
HRV in relation to parasympathetic activity, including emotional stress and cardiovas-
cular health. Figure 7 shows variations in these key HRV measures over the first 24 h 
for two patients from the GCUH dataset. There was one survivor and one who nonsur-
vivor. Notably, the LF_HF ratio consistently presented higher values and fluctuations 
in nonsurvivor than in survivor. These observations align with the findings of Su et al. 
[15], indicating that the degree of brain-stem damage correlates with increased sympa-
thetic activity, decreased parasympathetic drive, and increased LF_HF ratio.

This study utilised two databases, which enhances the representativeness and 
generalizability of the results across various patient populations and health care sys-
tems. However, there are several limitations to address. First, the cohort size used 
was a notable constraint, which is a common challenge in AI-based health studies. 
Second, the proposed model is currently designed to predict patient in-ICU mor-
tality risk but does not provide insights into the timing of these predicted events 

(a) (b) 

Fig. 7   Comparison of the seven most important HRV measures over the first 24 h for a patient who sur-
vived and a patient who did not survive from GCUH. (a) the figure displays data from that who survived, 
(b) shows data from patient who did not survive
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or access long-term functional outcomes. Third, the model overlooks the impact of 
treatment on mortality risk, as it focuses solely on HRV predictors without treat-
ment-related variables. Fourth, the model requires 24 h of HRV data for prediction, 
excluding patients who experience mortality or critical events within the first 24 h 
of ICU admission. As such, the model is limited in its ability to predict outcomes 
for patients who survived/did not survive during the initial 24-h period. Finally, 
the study lacked an external validation set from another independent clinical envi-
ronment, and the proposed model was compared only against conventional ML/
DL methods, as no previous works have utilised HRV indicators alone for mortal-
ity prediction. Further studies should aim to validate the results via larger datasets 
to increase the model’s generalizability and the reliability of its predictions. Mov-
ing forward, developing a real-time monitoring model that considers the timing of 
mortality risk would provide deeper insights into patient trajectories and support 
improvements in the long-term outcomes of TBI patients in ICU settings.

6 � Conclusion

In this study, HRV analysis was used to develop a DL-based algorithm for predict-
ing in-ICU mortality risk in patients with traumatic brain injuries. We propose that 
the weight-BiLSTM model effectively captures and handles the complex temporal 
dynamics inherent in time series features. It relies solely on ECG data and can be 
easily implemented in clinical settings. The model was interpretable and highlighted 
predictive HRV features that warrant further investigation. While our study focused 
primarily on TBI patients, it has the potential to be expanded to evaluate other types 
of critical care in the future. The insights gained from this study are expected to aid 
in developing a real-time monitoring system for the intensive care unit, enhancing 
patient management and outcomes.

Supplementary Information  The online version contains supplementary material available at https://​doi.​
org/​10.​1007/​s41666-​025-​00209-5.

Acknowledgements  HKA receives a scholarship from Griffith University and a top-up scholarship from 
Datarwe Pty Ltd to support this project.

Author Contribution  H.K.A., P.Z., A.L., and S.N. designed the methodology. B.R., K.R. and L.H guided 
for the data collection and guided for the result interpretation from both computational and clinical 
aspects. K.R. provided resources for project.  K.H.A. implemented the project and did all experiments 
with supervision from P.Z., S.N. and A.L. K.K. offered statistical guidance for the analysis.  H.K.A. 
drafted the manuscript and prepared the figures. All authors reviewed and revised the manuscript.

Funding  Open Access funding enabled and organized by CAUL and its Member Institutions.

Data and Code Sharing  The de-identified GCUH dataset utilised for this study is available upon reason-
able request from Datarwe Pty Ltd. Access will be granted to researchers who meet the criteria for con-
fidential data approval as stipulated by the governing protocol. All original code has been deposited at 
Github at https://​github.​com/​HasiU​dayan​gi/​TBI-​HRV-​Predi​ction.​git and is publicly available as of the 
date of publication.

https://doi.org/10.1007/s41666-025-00209-5
https://doi.org/10.1007/s41666-025-00209-5
https://github.com/HasiUdayangi/TBI-HRV-Prediction.git


652	 Journal of Healthcare Informatics Research (2025) 9:629–655

Data Availability  The de-identified GCUH dataset utilised for this study is available upon reasonable 
request from Datarwe Pty Ltd. Access will be granted to researchers who meet the criteria for confiden-
tial data approval as stipulated by the governing protocol.

Declarations 

Completing interest  The authors declare that they have no competing interests.

Ethical Approval  This study was conducted in accordance with all stipulations of the protocol and was 
evaluated by the Human Research Ethics Committee (HREC) of Queensland Health Australia. The com-
mittee determined that the project constituted only low-risk, de-identified data and was therefore exempt 
from HREC review (Reference number: EX/2022/QGC/86736).

Clinical Trial Number  Not applicable.

Consent to Participate  Not applicable.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative 
Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permis-
sion directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

References

	 1.	 Majdan M, Plancikova D, Maas A, Polinder S, Feigin V, Theadom A, Rusnak M, Brazinova A, Haa-
gsma J (2017) Years of life lost due to traumatic brain injury in Europe: A cross-sectional analysis 
of 16 countries. PLoS Med 14(7). https://​doi.​org/​10.​1371/​journ​al.​pmed.​10023​31

	 2.	 Smith LG, Milliron E, Ho ML, Hu HH, Rusin J, Leonard J, Sribnick EA (2019) Advanced neu-
roimaging in traumatic brain injury: an overview. Neurosurg Focus 47(6). https://​doi.​org/​10.​3171/​
2019.9.​FOCUS​19652

	 3.	 Guan B, Anderson DB, Chen L, Feng S, Zhou H (2023) Global, regional and national burden of 
traumatic brain injury and spinal cord injury, 1990–2019: a systematic analysis for the Global Bur-
den of Disease Study 2019. BMJ Open 13(10). https://​doi.​org/​10.​1136/​bmjop​en-​2023-​075049

	 4.	 Andriessen TM, Horn J, Franschman G, van der Naalt J, Haitsma I, Jacobs B, Steyerberg EW, Vos 
PE (2011) Epidemiology, severity classification, and outcome of moderate and severe traumatic 
brain injury: a prospective multicenter study. J Neurotrauma 28(10):2019–2031. https://​doi.​org/​10.​
1089/​neu.​2011.​203

	 5.	 Myburgh JA, Cooper DJ, Finfer SR, Venkatesh B, Jones D, Higgins A, Bishop N, Higlett T (2008) 
Epidemiology and 12-month outcomes from traumatic brain injury in Australia and New Zealand. J 
Trauma – Injury Infect Critic Care 64(4):854–862. https://​doi.​org/​10.​1097/​TA.​0b013​e3180​340e77

	 6.	 Liesemer K, Riva-Cambrin J, Bennett KS, Bratton SL, Tran H, Metzger RR, Bennett TD (2014) 
Use of Rotterdam CT scores for mortality risk stratification in children with traumatic brain injury. 
Pediatr Crit Care Med 15(6):554–562. https://​doi.​org/​10.​1097/​PCC.​00000​00000​000150

	 7.	 Mohammadifard M, Ghaemi K, Hanif H, Sharifzadeh G, Haghparast M (2018) Marshall and Rot-
terdam CT scores Marshall and Rotterdam Computed Tomography scores in predicting early deaths 
after brain trauma. Eur J Transl Myol 28(3). https://​doi.​org/​10.​4081/​ejtm.​2018.​7542

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1371/journal.pmed.1002331
https://doi.org/10.3171/2019.9.FOCUS19652
https://doi.org/10.3171/2019.9.FOCUS19652
https://doi.org/10.1136/bmjopen-2023-075049
https://doi.org/10.1089/neu.2011.203
https://doi.org/10.1089/neu.2011.203
https://doi.org/10.1097/TA.0b013e3180340e77
https://doi.org/10.1097/PCC.0000000000000150
https://doi.org/10.4081/ejtm.2018.7542


653Journal of Healthcare Informatics Research (2025) 9:629–655	

	 8.	 Salottolo K, Levy AS, Slone DS, Mains CW, Bar-Or D (2014) The effect of age on glasgow coma 
scale score in patients with traumatic brain injury. JAMA Surg 149(7):727–734. https://​doi.​org/​10.​
1001/​jamas​urg.​2014.​13

	 9.	 Downey CL, Tahir W, Randell R, Brown JM, Jayne DG (2017) Strengths and limitations of early 
warning scores: a systematic review and narrative synthesis. Int J Nurs Stud 76:106–119. https://​doi.​
org/​10.​1016/j.​ijnur​stu.​2017.​09.​003

	10.	 Mishra R, Ucros HEV, Florez-Perdomo WA, Suarez JR, Moscote-Salazar LR, Rahman MM, Agrawal 
A (2022) Predictive value of rotterdam score and marshall score in traumatic brain injury: a contem-
porary review. Indian J Neurotrauma 19(2):069–077. https://​doi.​org/​10.​1055/s-​0041-​17274​04

	11.	 Say I, Chen YE, Sun MZ, Li JJ, Lu DC (2022) Machine learning predicts improvement of functional 
outcomes in traumatic brain injury patients after inpatient rehabilitation. Front Rehab Sci 3. https://​
doi.​org/​10.​3389/​fresc.​2022.​10051​68

	12.	 Shi HY, Hwang SL, Lee KT, Lin CL (2013) In-hospital mortality after traumatic brain injury sur-
gery: a nationwide population-based comparison of mortality predictors used in artificial neural net-
work and logistic regression models. J Neurosurg 118(4):746–752. https://​doi.​org/​10.​3171/​2013.1.​
JNS12​1130

	13.	 Rapenne T, Moreau D, Lenfant F, Vernet M, Boggio V, Cottin Y, Freysz M (2001) Could heart rate 
variability predict outcome in patients with severe head injury? A pilot study. J Neurosurg Anesthe-
siol 13(3):260–268

	14.	 Hasen M, Almojuela A, Zeiler FA (2019) Autonomic dysfunction and associations with functional 
and neurophysiological outcome in moderate/severe traumatic brain injury: a scoping review. J Neu-
rotrauma 36(10):1491–1504. https://​doi.​org/​10.​1089/​neu.​2018.​6073

	15.	 Su CF, Kuo TB, Kuo JS, Lai HY, Chen HI (2005) Sympathetic and parasympathetic activities evalu-
ated by heart-rate variability in head injury of various severities. Clin Neurophysiol 116(6):1273–
1279. https://​doi.​org/​10.​1016/j.​clinph.​2005.​01.​010

	16.	 Krishnamoorthy V, Prathep S, Sharma D, Gibbons E, Vavilala MS (2014) Association between 
electrocardiographic findings and cardiac dysfunction in adult isolated traumatic brain injury. Indian 
J Critic Care Med 18(9):570–574. https://​doi.​org/​10.​4103/​0972-​5229.​140144

	17.	 Lu HY, Huang APH, Kuo LT (2021) Prognostic value of variables derived from heart rate variabil-
ity in patients with traumatic brain injury after decompressive surgery. PLoS ONE 16(2). https://​doi.​
org/​10.​1371/​journ​al.​pone.​02457​92

	18.	 Lee JH, Lee DH, Lee BK, Cho YS, Kim DK, Jung YH (2022) Role of electrocardiogram findings in 
predicting 48-h mortality in patients with traumatic brain injury. BMC Neurol 22(1). https://​doi.​org/​
10.​1186/​s12883-​022-​02717-y

	19.	 Raj R, Luostarinen T, Pursiainen E, Posti JP, Takala RS, Bendel S, Konttila T, Korja M (2019) 
Machine learning-based dynamic mortality prediction after traumatic brain injury. Sci Rep 9(1). 
https://​doi.​org/​10.​1038/​s41598-​019-​53889-6

	20.	 Abujaber A, Fadlalla A, Gammoh D, Abdelrahman H, Mollazehi M, El-Menyar A (2020) Prediction 
of in-hospital mortality in patients with post traumatic brain injury using national trauma registry 
and machine learning approach. Scand J Trauma Resusc Emerg Med 28(1). https://​doi.​org/​10.​1186/​
s13049-​020-​00738-5

	21.	 Daley M, Cameron S, Ganesan SL, Patel MA, Stewart TC, Miller MR, Alharfi I, Fraser DD (2022) 
Pediatric severe traumatic brain injury mortality prediction determined with machine learning-based 
modelling. Injury 53(3):992–998. https://​doi.​org/​10.​1016/j.​injury.​2022.​01.​008

	22.	 Tsiklidis EJ, Sinno T, Diamond SL (2022) Predicting risk for trauma patients using static and 
dynamic information from the MIMIC III database. PLoS ONE 17(1). https://​doi.​org/​10.​1371/​journ​
al.​pone.​02625​23

	23.	 Khalili H, Rismani M, Nematollahi MA, Masoudi MS, Asadollahi A, Taheri R, Pourmontaseri H, 
Valibeygi A, Roshanzamir M, Alizadehsani R, Niakan A (2023) Prognosis prediction in traumatic 
brain injury patients using machine learning algorithms. Sci Rep 13(1). https://​doi.​org/​10.​1038/​
s41598-​023-​28188-w

	24.	 Ding R, Deng M, Wei H, Zhang Y, Wei L, Jiang G, Zhu H, Huang X, Fu H, Zhao S, Yuan H (2024) 
Machine learning-based prediction of clinical outcomes after traumatic brain injury: Hidden infor-
mation of early physiological time series. CNS Neurosci Ther 30(7). https://​doi.​org/​10.​1111/​cns.​
14848

https://doi.org/10.1001/jamasurg.2014.13
https://doi.org/10.1001/jamasurg.2014.13
https://doi.org/10.1016/j.ijnurstu.2017.09.003
https://doi.org/10.1016/j.ijnurstu.2017.09.003
https://doi.org/10.1055/s-0041-1727404
https://doi.org/10.3389/fresc.2022.1005168
https://doi.org/10.3389/fresc.2022.1005168
https://doi.org/10.3171/2013.1.JNS121130
https://doi.org/10.3171/2013.1.JNS121130
https://doi.org/10.1089/neu.2018.6073
https://doi.org/10.1016/j.clinph.2005.01.010
https://doi.org/10.4103/0972-5229.140144
https://doi.org/10.1371/journal.pone.0245792
https://doi.org/10.1371/journal.pone.0245792
https://doi.org/10.1186/s12883-022-02717-y
https://doi.org/10.1186/s12883-022-02717-y
https://doi.org/10.1038/s41598-019-53889-6
https://doi.org/10.1186/s13049-020-00738-5
https://doi.org/10.1186/s13049-020-00738-5
https://doi.org/10.1016/j.injury.2022.01.008
https://doi.org/10.1371/journal.pone.0262523
https://doi.org/10.1371/journal.pone.0262523
https://doi.org/10.1038/s41598-023-28188-w
https://doi.org/10.1038/s41598-023-28188-w
https://doi.org/10.1111/cns.14848
https://doi.org/10.1111/cns.14848


654	 Journal of Healthcare Informatics Research (2025) 9:629–655

	25.	 Tu KC, Tau ENT, Chen NC, Chang MC, Yu TC, Wang CC, Liu CF, Kuo CL (2023) Machine learn-
ing algorithm predicts mortality risk in intensive care unit for patients with traumatic brain injury. 
Diagnostics 13(18). https://​doi.​org/​10.​3390/​diagn​ostic​s1318​3016

	26.	 Palepu AK, Murali A, Ballard JL, Li R, Ramesh S, Nguyen H, Kim H, Sarma S, Suarez JI, Stevens 
RD (2021) Digital signatures for early traumatic brain injury outcome prediction in the intensive 
care unit. Sci Rep 11(1). https://​doi.​org/​10.​1038/​s41598-​021-​99397-4

	27.	 Sykora M, Czosnyka M, Liu X, Donnelly J, Nasr N, Diedler J, Okoroafor F, Hutchinson P, Menon 
D, Smielewski P (2016) Autonomic impairment in severe traumatic brain injury: a multimodal neu-
romonitoring study. Crit Care Med 44(6):1173–1181. https://​doi.​org/​10.​1097/​CCM.​00000​00000​
001624

	28.	 Zhang P, Roberts T, Richards B, Haseler LJ (2020) Utilizing heart rate variability to predict 
ICU patient outcome in traumatic brain injury. BMC Bioinform 21. https://​doi.​org/​10.​1186/​
s12859-​020-​03814-w

	29.	 Luo X, Gao H, Yu X, Jiang Z, Yang W (2021) Spectral analysis of heart rate variability for trauma 
outcome prediction: an analysis of 210 ICU multiple trauma patients. Eur J Trauma Emerg Surg 
47(1):153–160. https://​doi.​org/​10.​1007/​s00068-​019-​01175-5

	30.	 Goldberger AL, Amaral LA, Glass L, Hausdorff JM, Ivanov PC, Mark RG, Mietus JE, Moody GB, 
Peng CK, Stanley HE (2000) PhysioBank, PhysioToolkit, and PhysioNet components of a new 
research resource for complex physiologic signals. Circulation 101(23):215–220. https://​www.​physi​
onet.​org. Accessed 8 May 2024

	31.	 Prasad ST, Varadarajan S (2013) Heart rate detection using Hilbert transform. Int J Res Eng Technol 
2(8):12–18. Available: https://​www.​ijret.​org. Accessed 12 Mar 2024

	32.	 Kuruwita AH, Kay NS, Liew A, Richards B, Ross K, Kumar K, Haseler L, McConnell M, Zhang 
P (2022) Ectopic heartbeat detection from ecg signals using deep convolutional neural networks. 
In  2022 IEEE International Conference on Bioinformatics and Biomedicine (BIBM)  (pp. 3535-
3540). IEEE, Las Vegas, NV, USA, 06-08 December 2022. https://​doi.​org/​10.​1109/​BIBM5​5620.​
2022.​99954​77

	33.	 King ML, Lichtman SW, Seliger G, Ehert FA, Steinberg JS (1997) Heart-rate variability in chronic 
traumatic brain injury. Brain Inj 11(6):445–453. https://​doi.​org/​10.​1080/​02699​05971​23421

	34.	 Deepika A, Devi BI, Shukla D, Sathyaprabha TN, Christopher R, Ramesh SS (2018) Neuroimmu-
nology of traumatic brain injury: a longitudinal study of interdependency of inflammatory markers 
and heart rate variability in severe traumatic brain injury. J Neurotrauma 35(10):1124–1131. https://​
doi.​org/​10.​1089/​neu.​2017.​5151

	35.	 Biswas AK, Scott WA, Sommerauer JF, Luckett PM (2000) Heart rate variability after acute trau-
matic brain injury in children. Crit Care Med 28(12):3907–3912. https://​doi.​org/​10.​1097/​00003​246-​
20001​2000-​00030

	36.	 Hendén PL, Söndergaard S, Rydenhag B, Reinsfelt B, Ricksten SE, Åneman A (2014) Can barore-
flex sensitivity and heart rate variability predict late neurological outcome in patients with trau-
matic brain injury? J Neurosurg Anesthesiol 26(1):50–59. https://​doi.​org/​10.​1097/​ANA.​0b013​e3182​
a47b62

	37.	 Vistisen ST, Jensen J, Fleischer J, Nielsen JF (2015) Association between the sensory-motor nerv-
ous system and the autonomic nervous system in neurorehabilitation patients with severe acquired 
brain injury. Brain Inj 29(3):374–379. https://​doi.​org/​10.​3109/​02699​052.​2014.​969312

	38.	 Pinto SM, Wright B, Annaswamy S, Nwana O, Nguyen M, Wilmoth K, Moralez G (2024) Heart 
rate variability (HRV) after traumatic brain injury (TBI): a scoping review. Brain Inj 38(8):585–606. 
https://​doi.​org/​10.​1080/​02699​052.​2024.​23283​10

	39.	 Malik M, Farrell T, Camm AJ (1990) Circadian rhythm of heart rate variability after acute myo-
cardial infarction and its influence on the prognostic value of heart rate variability. Am J Cardiol 
66(15):1049–1054. https://​doi.​org/​10.​1016/​0002-​9149(90)​90503-S

	40.	 Bigger JT, Fleiss JL, Rolnitzky LM, Steinman RC (1993) The ability of several short-term measures 
of RR variability to predict mortality after myocardial infarction. Circulation 88(3):927–934. https://​
doi.​org/​10.​1161/​01.​CIR.​88.3.​927

	41.	 Malik M, Camm AJ (1990) Significance of long term components of heart rate variability for the 
further prognosis after acute myocardial infarction. Cardiovasc Res 24(10):793–803. https://​doi.​org/​
10.​1093/​cvr/​24.​10.​793

	42.	 Malik M, Camm AJ (1990) Heart rate variability. Clin Cardiol 13(8):570–576. https://​doi.​org/​10.​
1002/​clc.​49601​30811

https://doi.org/10.3390/diagnostics13183016
https://doi.org/10.1038/s41598-021-99397-4
https://doi.org/10.1097/CCM.0000000000001624
https://doi.org/10.1097/CCM.0000000000001624
https://doi.org/10.1186/s12859-020-03814-w
https://doi.org/10.1186/s12859-020-03814-w
https://doi.org/10.1007/s00068-019-01175-5
https://www.physionet.org
https://www.physionet.org
https://www.ijret.org
https://doi.org/10.1109/BIBM55620.2022.9995477
https://doi.org/10.1109/BIBM55620.2022.9995477
https://doi.org/10.1080/026990597123421
https://doi.org/10.1089/neu.2017.5151
https://doi.org/10.1089/neu.2017.5151
https://doi.org/10.1097/00003246-200012000-00030
https://doi.org/10.1097/00003246-200012000-00030
https://doi.org/10.1097/ANA.0b013e3182a47b62
https://doi.org/10.1097/ANA.0b013e3182a47b62
https://doi.org/10.3109/02699052.2014.969312
https://doi.org/10.1080/02699052.2024.2328310
https://doi.org/10.1016/0002-9149(90)90503-S
https://doi.org/10.1161/01.CIR.88.3.927
https://doi.org/10.1161/01.CIR.88.3.927
https://doi.org/10.1093/cvr/24.10.793
https://doi.org/10.1093/cvr/24.10.793
https://doi.org/10.1002/clc.4960130811
https://doi.org/10.1002/clc.4960130811


655Journal of Healthcare Informatics Research (2025) 9:629–655	

	43.	 Zbilut JP, Thomasson N, Webber CL (2002) Recurrence quantification analysis as a tool for non-
linear exploration of nonstationary cardiac signals. Med Eng Phys 24(1):53–60. https://​doi.​org/​10.​
1016/​S1350-​4533(01)​00112-6

	44.	 Hoshi RA, Pastre CM, Vanderlei LCM, Godoy MF (2013) Poincaré plot indexes of heart rate vari-
ability: relationships with other nonlinear variables. Auton Neurosci 177(2):271–274. https://​doi.​
org/​10.​1016/j.​autneu.​2013.​05.​004

	45.	 Chawla NV, Bowyer KW, Hall LO, Kegelmeyer WP (2002) SMOTE: synthetic minority over-sam-
pling technique. J Artif Intell Res 16:321–357. https://​doi.​org/​10.​1613/​jair.​953

	46.	 Schuster M, Paliwal KK (1997) Bidirectional recurrent. Neural Netw 45(11):2673–2681. https://​doi.​
org/​10.​1109/​78.​650093

	47.	 Margeloiu A, Simidjievski N, Lio P, Jamnik M (2023) Weight predictor network with feature selec-
tion for small sample tabular biomedical data. In: proceedings of the 37th AAAI conference on 
artificial intelligence (AAAI-23) 37(8):9081–9089. https://​doi.​org/​10.​1609/​aaai.​v37i8.​26090

	48.	 Ramachandran P, Zoph B, Le QV (2017) Searching for activation functions. https://​arxiv.​org/​abs/​
1710.​05941. Accessed 17 Jun 2024

	49.	 Khan M, Wang H, Riaz A, Elfatyany A, Karim S (2021) Bidirectional LSTM-RNN-based hybrid 
deep learning frameworks for univariate time series classification. J Supercomputing 77(7):7021–
7045. https://​doi.​org/​10.​1007/​s11227-​020-​03560-z

	50.	 Lipton ZC, Berkowitz J, Elkan C (2015) A critical review of recurrent neural networks for sequence 
learning. Preprint at https://​arxiv.​org/​abs/​1506.​00019

	51.	 Kinga D, Adam JB (2014) A method for stochastic optimization 5(6). Preprint at http://​arxiv.​org/​
abs/​1412.​6980

	52.	 Srivastava N, Hinton G, Krizhevsky A, Sutskever I, Salakhutdinov R (2014) Dropout: a simple way 
to prevent neural networks from overfitting. J Mach Learn Res 15(1):1929–1958

	53.	 Florez-Perdomo WA, García-Ballestas E, Moscote-Salazar LR, Konar SK, Raj S, Chouksey P, 
Shrivastava A, Mishra R, Agrawal A (2021) Heart rate variability as a predictor of mortality in trau-
matic brain injury: a systematic review and meta-analysis. World Neurosurg 148:80–89. https://​doi.​
org/​10.​1016/j.​wneu.​2020.​12.​132

	54.	 Papaioannou V, Giannakou M, Maglaveras N, Sofianos E, Giala M (2008) Investigation of heart rate 
and blood pressure variability, baroreflex sensitivity, and approximate entropy in acute brain injury 
patients. Journal of Crit Care 23(3):380–386. https://​doi.​org/​10.​1016/j.​jcrc.​2007.​04.​006

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published maps 
and institutional affiliations.

Authors and Affiliations

Hasitha Kuruwita A.1 · Shu Kay Ng2 · Alan Wee‑Chung Liew3 · Kelvin Ross4 · 
Brent Richards5 · Kuldeep Kumar6 · Luke Haseler7 · Ping Zhang1

 *	 Ping Zhang 
	 p.zhang@griffith.edu.au

1	 School of Medicine and Dentistry, Griffith University, Gold Coast, Australia
2	 School of Medicine and Dentistry, Griffith University, Nathan, Australia
3	 School of ICT, Griffith University, Gold Coast, Australia
4	 Datarwe, Gold Coast, Australia
5	 IntelliHQ, Gold Coast, Australia
6	 Bond University, Gold Coast, Australia
7	 Curtin School of Allied Health, Curtin University, Perth, Australia

https://doi.org/10.1016/S1350-4533(01)00112-6
https://doi.org/10.1016/S1350-4533(01)00112-6
https://doi.org/10.1016/j.autneu.2013.05.004
https://doi.org/10.1016/j.autneu.2013.05.004
https://doi.org/10.1613/jair.953
https://doi.org/10.1109/78.650093
https://doi.org/10.1109/78.650093
https://doi.org/10.1609/aaai.v37i8.26090
https://arxiv.org/abs/1710.05941
https://arxiv.org/abs/1710.05941
https://doi.org/10.1007/s11227-020-03560-z
https://arxiv.org/abs/1506.00019
http://arxiv.org/abs/1412.6980
http://arxiv.org/abs/1412.6980
https://doi.org/10.1016/j.wneu.2020.12.132
https://doi.org/10.1016/j.wneu.2020.12.132
https://doi.org/10.1016/j.jcrc.2007.04.006

	A Hybrid Bidirectional Deep Learning Model Using HRV for Prediction of ICU Mortality Risk in TBI Patients
	Abstract
	1 Introduction
	2 Related Works
	3 Proposed Methodology
	3.1 Data Collection and Preprocessing
	3.2 Feature Extraction
	3.3 Data Augmentation
	3.4 Hybrid Network Incorporating a Weight Predictor and a Bidirectional Unit
	3.4.1 Weight Prediction Network Layer
	3.4.2 Bidirectional LSTM Layer

	3.5 Experimental Preparation
	3.5.1 Model Training and Hyperparameter Tuning
	3.5.2 Model Evaluation Metrics
	3.5.3 Feature Importance Analysis


	4 Results
	4.1 Effect of Training Data Duration on Model Performance
	4.2 Comparison of the Performance of the Proposed Model with that of State-of-the-Art MachineDeep Learning Techniques
	4.3 Feature Importance Analysis

	5 Discussion
	6 Conclusion
	Acknowledgements 
	References


