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Freezing of gait (FOG) is a common symptom of Parkinson’s
disease (PD), characterized by sudden and temporary episodes
of immobility, often resulting in falls and reduced quality of
life. Early and accurate prediction of FOG can greatly improve
patient outcomes by allowing timely intervention and tailored
treatment strategies. This article presents a personalized sys‑
tem for the early prediction of gait freezing in PD patients
using explainable artificial intelligence (XAI). The proposed
system follows a subject‑dependent approach, training models
specifically for individual patients to enhance prediction ac‑
curacy. It utilized multiple explainability techniques to ensure
transparency in the decision‑making process, achieving an av‑
erage accuracy of 98.67 ± 0.75% using the random forest (RF)
model and a latency of 75.0 ± 31.1 ms across six patients. Fea‑
ture importance analysis, including SHapley Additive exPla‑
nations (SHAP) and local interpretable model‑agnostic expla‑
nation (LIME) plots, revealed significant influences of features
like the maximum value of the x‑axis, the maximum of the ac‑
celerometer signal from the x‑axis and the standard deviation
of the gyroscope signal from the y‑axis in classifying gait states.

1. Introduction
Parkinson’s disease (PD) is a progressive neurological condition
that significantly affects movement control. Tremors, stiffness,
bradykinesia and postural instability are some of the motor and
non‑motor symptoms associated with this disorder [1,2]. Freez‑
ing of gait (FOG) is a symptom in which patients suffer a brief,
involuntary inability to move their feet. This freezing frequently
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results in falls and a significant decrease in quality of life [3,4].
FOG is seen as a critical marker of advanced PD, and it can appear at any stage of the disease [5]. Its

unpredictability makes it difficult to manage successfully, needing an early and reliable prediction sys‑
tem to assist clinicians in tailoring treatment options for individual patients [6]. Currently, drugs such as
dopamine agonists and levodopa are used to treat PD symptoms, although they frequently fail to address
FOG specifically. Furthermore, pharmaceutical effectiveness varies greatly among patients, necessitating
tailored prediction and intervention tactics [7–10].

Lately, machine learning (ML) techniques have developed as potential tools for detecting and predict‑
ing FOG [11,12]. By exploiting enormous amounts of data, ML models can discover trends and provide
insights that human observersmight not recognize [8,13–16]. Nevertheless, the difficulty is in developing
models that are both accurate and interpretable, particularly in medical applications where it is essential
to understand the logic underlying predictions [17]. By making decision‑making processes transparent,
explainable artificial intelligence (XAI) provides clinicians the confidence to believe and act upon AI
systems’ predictions [18].

This article presents a personalized prediction system for the early prediction of FOG in PD using
XAI. Our approach uses a subject‑dependent methodology, where models are tailored specifically to six
individual patients from two different datasets, incorporating the unique characteristics and conditions
of these subjects to ensure more accurate and relevant predictions. The novelty of our approach lies in
several key aspects:

— Explainability: The inclusion of explainability techniques ensures that clinicians can understand
the model’s reasoning, which supports informed decision‑making and improves patient care.

— Reduced latency: The latency of predictions is significantly reduced, ensuring faster results.
— Enhanced performance: The approach boosts prediction performance, providingmore accurate

and reliable results for personalized FOG prediction.

The rest of the article is structured as follows. Section 2 provides a discussion of related work, highlight‑
ing existing approaches for FOG prediction and the challenges of integrating explainability. Section 3
details the methodology, including the datasets and patients used, the pre‑processing techniques and
the subject‑dependent approach used to develop the prediction system. Section 4 presents the results
and discusses the performance of the models, followed by an analysis of its latency and interpretability.
Finally, §5 concludes the article and outlines future directions for improving the system’s scalability and
clinical applicability.

2. Related work
Zhang et al. [19] used impaired gait patterns to try to enhance FOG prediction in patients with PD. An
accelerometer placed on the lower back was used to gather data from 12 patients with PD. After these
patients completed a series of walking exercises that caused FOG, the data were processed to identify
compromised gait characteristics such as heart rate, cadence and variability. They compared various
feature sets, such as step‑based impaired gait features, traditional FOG detection features, as well as cus‑
tomized pre‑FOG labelling, usingAdaBoost with pruned C4.5 trees. The topmodel achieved an accuracy
of 82.7% in the patient‑dependent test and 77.9% in the patient‑independent test with a latency of 0.93 s.

In order to determine the best settings for the model, Sun et al. [20] focused on predicting FOG in
patients with PD using a combination of deep learning techniques and manually selected features. The
Daphnet dataset [21], which consists of gait recordings from 10 patients with PD, was used for evalua‑
tion. The suggestedmethod, based on ResNeXt, achieved an accuracy of 95.40%with aMacro‑F1 score of
0.89 and a kappa coefficient of 0.87. Their study showed that combining handcrafted features with deep
learning features enhances prediction performance when compared with using either feature set alone.

Xia et al. [22] proposed a method for learning latent gait representations through self‑supervised
contrastive learning. Their approach utilized various augmented views of unlabeled acceleration data
segments to develop invariant gait representations without requiring labelled data. For FOG predic‑
tion, they categorized the data into three classes: ‘pre‑FOG,’ ‘Walk’ and ‘FOG’. The effectiveness of their
framework was validated using the DAPHnet dataset [21] and a multi‑modal FOG dataset from Beijing
Xuanwu Hospital in China (BXHC) [23]. Their model demonstrated a sensitivity of 84.61%, a specificity
of 94.74% and an F1 score of 86.19% for the pre‑FOG class on the DAPHnet dataset. Similarly, when
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tested on the BXHC dataset, their model achieved a sensitivity of 80.00%, a specificity of 93.08% and an
F1 score of 81.07%.

Elbatanouny et al. [17] provided a comprehensive review of the current state of ML techniques for de‑
tecting and predicting FOG. Their analysis explores the integration of wearable sensors withMLmodels,
focusing on key components such as data sources, feature extraction methods, pre‑processing strategies
and evaluation metrics. It also addresses the use of cueing devices and compares ML‑based approaches
with traditional, non‑ML methods. The authors highlight several important directions.

Filtjens et al. [24] proposed an interpretable deep learning architecture for detecting movements that
precede FOG events. Their systemutilizes a convolutional neural network tomodel the changes inmove‑
ment prior to a FOG episode, using three‑dimensional (3D) kinematic joint trajectories from the ankle,
hip and knee joints. The system achieved an accuracy of 86.8%. In addition, the study incorporated
layer‑wise relevance propagation (LRP), a popular XAI technique, to identify the critical factors that
the convolutional neural network considers when modelling the pathophysiology of FOG.

Priyadharshini et al. [25] presented a framework for diagnosing PD usingML and XAImethods. They
utilized a dataset of T2‑weighted 3D magnetic resonance imaging scans from the Parkinson’s progres‑
sion markers initiative, which includes data from 500 participants, comprising patients with PD, those at
risk of developing PD and healthy controls. A variety of ML algorithms, such as GB, random forest (RF)
and K‑nearest neighbours (KNN), were tested, with GB achieving the highest accuracy of 96.8%. They
also used several explainability techniques, including SHapley Additive exPlanations (SHAP) and local
interpretable model‑agnostic explanations (LIMEs), to enhance the interpretability of the predictions.

Recent XAI technologies, notably deep learning frameworks, have been investigated in the context
of gait analysis and freezing in PD. Convolutional and recurrent neural networks have been explained
using techniques such as LRP and integrated gradients, which highlight the most influential temporal
segments or sensor channels contributing to FOG‑related predictions [24,26]. Similarly, attention‑based
techniques have been implemented in sequence models to highlight important gait moments related to
freeze onset [27]. While these methods enable fine‑grained interpretability for deep architectures, they
are frequently computationally demanding and necessitate huge amounts of training data, which may
restrict their application in subject‑dependent or real‑time wearable‑based FOG prediction systems.

There is a significant gap in the literature regarding the explainability of ML models used for FOG
prediction in PD. Many studies focus primarily on improving model accuracy and performance without
adequately addressing the transparency of model predictions [17], which is essential for clinical adop‑
tion. Furthermore, several papers overlook the importance of calculating prediction latency, a critical
factor for real‑time clinical decision‑making. In addition, while some research has embraced the subject‑
dependent approach, there is a notable distinction in how it is implemented. Some studies train models
on data from all other patients and test on data from the target patient [28,29]. This approach may not
fully capture the patient‑specific variations in FOG patterns, as each patient’s gait behaviour can differ.
In contrast, other studies train and test models on different data windows from the same patient, aiming
to learn the unique gait patterns of the individual [19,29]; hence, we decided to follow this approach.
Personalized solutions that account for factors such as age, gender and disease duration are critical, as
these variables can significantly affect a patient’s gait and FOGmanifestations, emphasizing the need for
subject‑specific models that cater to these individual differences.

3. Methodology
This section outlines the methodological framework used to develop and evaluate the models used for
predicting FOG. The approach involves the use of the DaphNet dataset. Detailed descriptions of the
dataset and the subject used, along with the pre‑processing steps, feature extraction and ML models ap‑
plied, are provided. The section also explains the experimental set‑up, including performance metrics,
and discusses the tools used for model interpretability.

3.1. System overview
The system overview provided in figure 1 illustrates the framework for predicting FOG in patients with
PD. The analysis focuses on subject‑dependent prediction for individual patients. The data undergo
pre‑processing and feature extraction steps, such as filtering, calculating magnitude, windowing and
extracting features, which serve as the foundation for model training.
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Figure 1. System overview.

The system also incorporates a variety of ML models. Once the best model(s) are identified, inter‑
pretability tools like LIME, SHAP, interaction plots, individual conditional expectation (ICE) and partial
dependence plots (PDPs) are applied to provide insights into the model’s decision‑making processes.
Detailed descriptions of each step, including the dataset, pre‑processing techniques and interpretability
methods, will be provided in detail.

3.2. Datasets
In this study, two publicly available datasetswere utilized to develop and evaluate a personalized system
for the early prediction of FOG in patients with PD. These datasets, DaphNet and inertial measurement
unit (IMU)‑PD, were selected owing to their rich temporal sensor recordings, diversity in patient demo‑
graphics and detailed annotations of FOG episodes. Each dataset provides unique experimental set‑ups
and sensor configurations, allowing for a comparison of model performance under varying conditions.
The following subsections present an overview of both datasets, including data collection protocols, sen‑
sor placements and participant characteristics. A separate subsection details the specific patients selected
for this study and the reason behind their inclusion.

3.2.1. DaphNet dataset

The DaphNet dataset, created by Bachlin et al. [21], includes movement data from 10 patients with PD
(seven males and three females), with an average age of 66.5 ± 4.8 years and varying disease severity
(Hoehn and Yahr (H&Y) score: 2.6 ± 0.65). The patients, all diagnosed with a history of FOG and capable
of walking unassisted, were tested during the ‘OFF’ phase of their medication cycle to ensure observable
motor symptoms. The data collection consisted of two sessions for each patient: one without feedback
cues and one with feedback cues, during which the patients performed three distinct walking tasks. The
walking tasks included straight‑line walking, random walking and simulated activities of daily living
(ADL), which are visually represented in figure 2. Data were collected using three sensors placed on the
patients’ ankle, leg and lower back, with accelerometer data synchronized with video recordings.
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Figure 2. A representation of the subjects’ path while collecting the data [21].

Figure 3. Wearable device placement on the participant’s leg [30].

3.2.2. IMU dataset

The IMU dataset, collected by De Souza et al. [30], includes movement data from 35 patients with PD
(16 females and 19 males) aged 44 to 84 years. The patients, all in the ON‑medication state, were evalu‑
ated across three experimental sessions, each onemonth apart, with stable anti‑Parkinsonianmedication
dosages. The patients performed a turning task, alternating 360° turns to the right and left for 2 min,
while wearing an IMU sensor attached to the shank of their most affected leg. The IMU sensor, consist‑
ing of an accelerometer and gyroscope, measured triaxial linear acceleration and angular velocity, with
data recorded at 128 Hz. Sensor placement is shown in figure 3, where the sensor is positioned on the
participant’s leg, with specific orientations for the axes to capture movement data during the task. Af‑
ter each session, accelerometer and gyroscope data were aligned with video recordings to identify FOG
events.

3.2.3. Patients used in the study

Three patients from each dataset were chosen, making a total of six individuals, guaranteeing a range of
ages, genders, disease durations and clinical stages. Figure 4 illustrates the selected patients, including
their dataset origin, gender and identifier. Weight, height and body mass index (BMI) were taken into
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Figure 4. Overview of the selected patients.

consideration to contextualizemotor function and gait variability, and theH&Y scale, which ranges from
1 (moderate) to 5 (severe impairment), was used to evaluate the severity of the disease.

Patients from the DaphNet dataset:

— Patient 1 (ID 3): a 59‑year‑oldmale with a disease duration of 30 years, the longest amongDaph‑
Net patients. His H&Y score was 2.5, which indicated modest bilateral symptoms and some
postural instability. Despite having PD for the longest time, his clinical stage remained mod‑
erate, indicating that the condition progressed gradually. His findings are useful for studying
long‑term gait adaptations.

— Patient 2 (ID 7): a 66‑year‑old male had the lowest disease duration in the DaphNet dataset, at
2 years, and an H&Y score of 2.5, which was the same as Patient 1. Despite his brief disease his‑
tory, hewas already experiencing bilateralmotor symptoms and balance difficulties. His story is
important for understanding the early stages of motor impairment and how quickly symptoms
might develop.

— Patient 3 (ID 8): a 68‑year‑old female. Her condition had been present for 18 years, and she had
the highest H&Y score in the DaphNet group (4.0), suggesting severe motor dysfunction. Her
participation sheds light on the advanced stages of PD, including FOG and postural instability.

Patients from the IMU Dataset:

— Patient 4 (ID 08): an 84‑year‑old female, the oldest of the IMU patients, with a disease duration
of 18 years and an H&Y score of 4.0, indicating advanced PD. Given her height of 1.70 m and
weight of 67 kg, her BMI of 23.2 is within the normal range. She is a notable case for evaluating
FOG in older people with protracted progression because of her senior age and lengthymedical
history.

— Patient 5 (ID 14): a 69‑year‑old man with the shortest disease duration of the IMU patients, 1.5
years, but had a constant H&Y score of 3.0, indicating moderate disease with obvious postural
instability. He had a BMI of 25.4, which was marginally above normal, weighed 65 kg, and was
1.60 m tall.

— Patient 6 (ID 20): a 44‑year‑oldmale, the youngest among the IMUpatients, with a 5 year disease
history and an H&Y score of 3.0, the same as Patient 5. His height and weight were 1.66 m and
69 kg, respectively, giving him a slightly overweight BMI of 25.1. His profile makes it possible
to examine younger people with mid‑stage PD and evaluate the relationship between age and
body composition and changes in gait.

3.3. Pre-processing and feature extraction
To improve the early prediction of FOG, a ‘pre‑FOG’ period was introduced as an additional event class,
representing the transition between normal walking and the onset of FOG. This interval is crucial as it
provides early indicators of FOG, aiding in the enhancement of predictive tasks. Figure 5 illustrates an
annotated accelerometer signal, where different event states are colour‑coded: walking (green), pre‑FOG
(blue) and FOG (purple).

Signal filtering is a crucial process used to eliminate noise from the signals, which can obscure impor‑
tant data and lead to false interpretations. Previous research has indicated that the significant frequency
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Figure5. Accelerometer signal with colour annotations representing different states: FOG (purple), pre-FOG (blue) and walking (green).

components of human gait are typically found below 20 Hz, with the critical frequency range for FOG
detection typically falling between 3 and 8 Hz. In line with this, many studies on FOG detection and
prediction using accelerometer and gyroscope signals have employed low‑pass Butterworth filters with
cutoff frequencies of 10 and 15 Hz [31,32].

For this study, a third‑order low‑pass Butterworth filter with a cutoff frequency of 20 Hz was applied
to reduce noise in the signals. This filter was selected to reduce high‑frequency noise. After filtering,
both the raw and filtered signals were visualized to ensure that the process provided a smoother signal
without introducing significant distortion.

An extensive analysis was conducted under the subject‑independent setting using various window
sizes to determine the most effective configuration for capturing the relevant gait features. Based on this
analysis, and as supported by [33], a 5 s window size was selected for this subject‑dependent analysis.
This choice wasmade to ensure alignment with the 5 s pre‑FOG period, enabling the model to effectively
learn the subtle changes in gait that typically precede a FOG episode. To enhance the granularity of data
and improve temporal resolution, overlapping windows were employed with overlap percentages of
10%, 20% and 50%. For example, with a 10% overlap, each new window starts 10% after the previous
one, resulting in a higher number of overlapping segments. This technique increases the continuity of
the signal representation and provides a more detailed temporal mapping, making the analysis more
sensitive to subtle and transient changes.

The label assigned to each window is determined by the majority label of the instances within that
window. In cases where there is a tie between multiple labels, the first label encountered is considered
the dominant one.

During data inspection, nomissing or null valueswere detected, ensuring the integrity of the datasets.
To enrich the analysis, additional features were introduced, specifically the magnitudes of accelerome‑
ter and gyroscope readings. This inclusion of magnitude data is especially useful for FOG prediction, as
the intensity of movement often plays a more significant role than its direction [34]. The magnitude is
computed using equation (3.1):

magnitude=
√

x2 + y2 + z2, (3.1)

where x, y and z are the sensor values in the three directions.
The features are extracted from the windows and include various descriptors such as zero‑crossing

rate (ZCR), median, interquartile range (IQR), peak‑to‑peak amplitude, minimum and maximum values
and several statistical metrics like mean, standard deviation, variance, inverse coefficient of variation
(ICV), skewness and kurtosis. Frequency‑domain featureswere also extracted, including spectral energy,
dominant frequency, peak power spectral density (PSD) and peak frequency within certain frequency
bands.

In addition, key features from the literature were included, such as the locomotor band (0.5–3 Hz),
the freezing band (3–8 Hz), and the freezing index (FI), as used by Moore et al. [35].

It is important to recognize that not all ML algorithms require feature normalization or standardiza‑
tion. Certain methods, such as decision trees and RFs, are largely unaffected by the scale of the input
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features since they do not rely on distance‑based calculations or gradient‑based optimization. However,
for algorithms that depend heavily on these principles, such as KNN and SVM, standardization becomes
essential for optimal performance and reliable outcomes [36].

In this study, standardizationwas applied after the feature extraction process. This decisionwasmade
to ensure that all features have equal scale, which is crucial for models that utilize distance metrics or
gradient‑based optimization methods. Without standardization, features with larger ranges or values
may influence themodel, leading to skewed resultswhere certain features dominate the learning process.

To implement this, the StandardScaler from the scikit‑learn library in Pythonwas used. This approach
standardizes the features by eliminating the mean and scaling to unit variance.

3.4. Machine learning models
Different ML models were applied, chosen based on their specific strengths and their effectiveness as
demonstrated in previous research [17]. The predictionmodel set included RF, KNN, support vector ma‑
chine (SVM), adaptive boosting (AdaBoost), eXtreme gradient boosting (XGBoost) and gradient boosting
(GBM).

These ML models were also chosen to reflect a wide range of learning paradigms appropriate for
wearable sensor data and real‑time clinical applications. Tree‑based models like RF and GBM were
chosen for their noise resistance, ability to represent nonlinear relationships and intrinsic feature impor‑
tance estimate. Distance‑based models, such as KNN, were examined for their simplicity and efficacy in
subject‑dependent scenarios, whereas SVM was included for its high‑dimensional performance.

The data of each patientwere divided into three parts: 80% for training, 10% for validation and 10% for
testing. This split ensured that themodels were trained and evaluated on distinct sets of data, preventing
overfitting and providing an accurate assessment of their generalization capabilities.

To ensure robustness, fivefold cross‑validation was applied during prediction. This cross‑validation
process helped in refining the models and assessing their stability across different data subsets.

To address class imbalance and enhance the model evaluation process, the synthetic minority over‑
sampling technique (SMOTE) [37] was used to oversample minority class and downsample majority
classes within the training dataset. Following the application of SMOTE, the performance of the mod‑
els was evaluated using validation and testing sets composed of original, unaltered data. This strategy
ensured that the evaluation metrics accurately reflected the models’ predictive capabilities in realistic
scenarios, as they would encounter in practical applications.

Optuna [38], a software framework for hyperparameter optimization, was utilized to fine‑tune the hy‑
perparameters of the best‑performingmodel. The ranges for the hyperparameters weremanually chosen
and randomly tested to explore various combinations, allowing for a comprehensive evaluation of the
model’s performance across different settings.

Latency is the amount of time that passes between the time a prediction model receives input data
and the time it produces an output or prediction when it comes to predicting FOG and pre‑FOG in peo‑
ple with PD [39]. Reducing latency is essential since it has a big effect on the model’s capacity to notify
patients in a timelymanner. FOG prediction’s main goal is to alert people as soon as possible so that they
may take precautions or get ready for an upcoming FOG episode [17].

Performance evaluation metrics play a crucial role in determining the reliability and clinical appli‑
cability of ML models. While several metrics, such as accuracy, precision, recall and the F1 score, offer
valuable insights into model performance, precision and recall (sensitivity) become particularly signif‑
icant. Since FOG is a serious medical symptom, it is imperative to minimize false negatives and false
positives, ensuring thatmost of the identified FOG episodes are indeed real, to avoid unnecessary patient
anxiety and ensure timely intervention.

3.5. Explainable techniques
Explainability plays a vital role in ML models, as understanding the rationale behind model predictions
builds trust and provides transparency, which is critical for clinical adoption [3]. In this study, various
explainability techniqueswere applied to interpret themodel’s decision‑making process. PDPswere first
used to visualize the relationship between individual features and the predicted outcome, showing how
the predictions change when varying a single feature while keeping others constant. ICE lines were then
used to provide a more granular, instance‑level view of feature effects, revealing how feature values af‑
fect predictions for individual data points. Two‑dimensional (2D) nteraction plots were used to assess
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Table 1. Number of walking, FOG and pre-FOG events recorded for each patient.

patient ID walking FOG pre-FOG

Patient 1 28 49 49

Patient 2 22 24 24

Patient 3 15 14 14

Patient 4 4 7 6

Patient 5 9 10 10

Patient 6 4 3 3

how combinations of features interact and influence predictions, providing deeper insight into the in‑
terdependencies between multiple features. LIME was applied next, generating local surrogate models
to approximate the behaviour of the complex model for individual predictions, thus explaining specific
results. Finally, SHAP was applied both locally and globally. The global SHAP approach provided an
overall understanding of feature importance, quantifying how each feature contributed to the model’s
predictions across the entire dataset. The local SHAP method, on the other hand, offered insights into
individual predictions, explaining the specific contributions of features for each data point [3].

While recent XAI approaches such as LRP, integrated gradients and attention‑based explanations offer
powerful interpretability for deep learning models, they were not used in this study because the empha‑
sis was on classical ML algorithms optimized for low‑latency and real‑time deployment. Model‑agnostic
strategies, such as SHAP and LIME, are better suited to tree‑based and ensemblemodels since they allow
for both global and local explanations with minimal computational overhead. This makes them ideal
for personalized, subject‑dependent prediction systems that require transparency, consistency among
patients, and real‑time responsiveness for clinical application. Additional techniques such as PDP, ICE
and interaction plots were employed to complement SHAP and LIME by visualizing marginal and joint
feature effects.

4. Results and discussion
In this section, the subject‑dependent prediction results for patients are presented from both datasets.
The ML results offer a quantitative assessment of predictive accuracy and model reliability, followed by
a detailed explanation of the model’s reasoning using interpretability techniques.

Six patients were chosen for a detailed evaluation to assess the customized prediction approach. Each
patient experienced a different number of walking, FOG and pre‑FOG occurrences, with variable dura‑
tions. For consistency in sensor placement and to facilitate fair comparison between datasets, the ankle
sensor was selected from the DaphNet dataset, as prior analysis indicated that it provides the most dis‑
criminative patterns for identifying FOG and pre‑FOG episodes. This choice is also consistent with the
IMU‑PD dataset, in which sensors were placed on the lower leg. A summary of the recorded events for
each patient is provided in table 1.

Overlapping windows were applied to this data, with table 2 detailing the class distribution across
each overlap percentage.

Table 3 summarizes the classification performance of the best‑performing model per patient, us‑
ing SMOTE oversampling. For five of the six patients, the RF model outperformed the others on most
parameters. Patient 4was an exception, since theGBmodel outperformed the RFmodel by a littlemargin.

High precision, recall and F1 scores were consistently found throughout the walking, pre‑FOG and
FOG classes, demonstrating themodel’s ability to discern across gait modes. Notably, pre‑FOG F1 scores
ranged from 0.93 to 1.00, indicating that the model could predict freezing occurrences early on. The
accuracy scores were continuously high, ranging from 97.14% to 99.41%, with an average of 98.67 ±
0.75%.

Model latency was used to assess the system’s responsiveness for real‑time use. The latency values
varied from 46.6 to 134.1 ms, with an average of 75.0 ± 31.1 ms. Given that the prediction is provided
for a 5 s window that ends 2.5 s before the actual onset of freezing, the effective lead time for action is
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Table 2. The number of windows for each overlapping percentage, where W, walking; P, pre-FOG and F, FOG.

patient 10% 20% 50%

W P F W P F W P F

Patient 1 7793 1004 1469 3897 501 735 1559 200 294

Patient 2 7230 634 354 3614 318 177 1444 128 72

Patient 3 2533 360 1024 1266 180 513 505 74 205

Patient 4 91 274 813 45 137 407 18 55 163

Patient 5 393 583 202 196 292 101 79 116 41

Patient 6 986 173 19 493 86 10 198 34 4

Table 3. Evaluating the performance of the RF model with different feature selection techniques.

DaphNet dataset IMU dataset

Patient 1 Patient 2 Patient 3 Patient 4 Patient 5 Patient 6

walking precision 1.00 1.00 0.98 1.00 1.00 0.99

recall 0.99 1.00 0.98 1.00 0.96 1.00

F1 score 1.00 1.00 0.98 1.00 0.98 1.00

pre-FOG precision 0.96 0.99 0.93 1.00 0.97 1.00

recall 0.98 0.96 0.93 0.94 1.00 1.00

F1 score 0.97 0.97 0.93 0.97 0.99 1.00

FOG precision 0.96 0.94 0.96 0.98 1.00 1.00

recall 0.98 1.00 0.96 1.00 1.00 0.67

F1 score 0.97 0.97 0.96 0.99 1.00 0.80

accuracy 98.87% 99.41% 97.14% 98.64% 98.63% 99.32%

latency 54.1± 0.37
ms

81.3± 0.41
ms

81.3± 0.72
ms

46.6± 0.11
ms

134.1± 0.21
ms

52.8± 0.59 ms

estimated using equation (4.1):

lead time= 2.5 s − latency. (4.1)

The average lead time for patients is 2.425 ± 0.031 s, allowing for opportune alerts or actions before the
freezing episode.

RF‑based feature selection was used to assess the effect of lowering the amount of input features.
Figures 6 and 7 show that the RF model was evaluated on gradually smaller subsets (e.g. top 10, 30, 50,
100 and 120 features), and the results were compared with those obtained using the whole feature set.

The findings indicate that the complete feature set constantly provided the best or near‑highest ac‑
curacy across all patients. When using the whole feature set, accuracy in the IMU dataset (Patients 4–6)
reached 99.32%. Similarly, with the DaphNet dataset (Patients 1–3), the entire feature set performed best,
with Patient 2 achieving 99.41% accuracy. Nonetheless, in other situations, decreased feature sets (e.g.
top 30 or 50 features) produced comparable results, particularly in the IMU cohort, where the accuracy
reduction was minimal.

While RF‑select did not regularly outperform the whole feature set in terms of accuracy, it does pro‑
vide a useful trade‑off by allowing for more computationally efficient models. Smaller input sizes can
considerably reduce inference time, resulting in lower latency and a longer lead time before FOG onset
when used in real‑time systems. This economy is especially useful for wearable or embedded applica‑
tions, where computing power and time are limited. Although the whole feature set provides the best
accuracy, RF‑select with limited subsets may be chosen in future implementations when low latency is
crucial.
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Figure 6. Accuracy of the RF model for Patients 1–3 (DaphNet) using different RF-select feature subsets.

Figure 7. Accuracy of the RF model for Patients 4–6 (IMU) using different RF-select feature subsets.

Table 4 lists the top 10 features chosen by RF‑based feature selection for each of the six patients. The
findings show significant variability in the most discriminating features between people, reflecting the
uniqueness of PD symptoms and patient profiles.

Statistical time‑domain variables such as maximum, minimum, variance and peak‑to‑peak values are
most common across all patients, emphasizing their importance in capturing gait dynamics and freezing
transitions.

Certain features appear to be particularly individualized. For example, spectral energy and max PSD
are particularly critical for Patient 4 (an elderly participant with severe illness), possibly representing
more irregular or powerful movement bursts while turning. Younger patients, such as Patient 6, dis‑
played various acceleration‑based features from both the x and z axes, including peak‑to‑peak and IQR
values, which could indicate faster or more varied steps.

Table 5 lists the best‑performing hyperparameters for each patient based on Optuna optimization for
the RF model, along with their related test set accuracy. The table shows the efficacy of patient‑specific
tuning, with eachmodel independently adjusted to capture distinct gait patterns and freezing properties.

The validation results suggest that false positives and false negatives are modest across all patients,
with total error rates ranging from 0.58% to 2.45%, as illustrated in figure 8. The pre‑FOG class showed
the most misclassifications, including both false positives (e.g. walking projected as pre‑FOG) and false
negatives (e.g. pre‑FOGpredicted aswalking or FOG). This reflects the transitional and less distinguished
characteristics of pre‑FOG windows.

False negatives in FOGpredictionwere rare, indicating that actual FOG occurrenceswere consistently
identified. Similarly, false positives for FOG were rare, decreasing the possibility of unneeded interven‑
tion. The errors that did occur were often close in class (e.g. pre‑FOG versus FOG), indicating that the
model had strong applicability even in borderline circumstances.
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Table 4. Top 10 Features using RF-feature selection for the patients.

Patient 1 Patient 2 Patient 3 Patient 4 Patient 5 Patient 6

feature #1 peak to peak
(mag)

kurtosis (mag) maximum (x) variance (Gy) peak to peak
(Axe)

maximum
(Gx)

feature #2 std dev (mag) maximum (z) peak
frequency (y)

spectral energy
(Az)

median (Axe) minimum
(Gmag)

feature #3 icv (mag) skewness (mag) minimum (y) std dev (Gy) minimum
(Amag)

iqr (Ay)

feature #4 peak frequency
(y)

dominant
frequency (y)

dominant
frequency (x)

max psd
(Gmag)

minimum (Gz) zcr (Axe)

feature #5 variance (mag) icv (z) median (x) icv (Axe) maximum (Gy) icv (Gmag)

feature #6 maximum (y) peak frequency
(z)

minimum (x) minimum (Gy) minimum (Az) iqr (Az)

feature #7 dominant
frequency (y)

zcr (x) maximum (y) median (Az) minimum
(Gmag)

skewness
(Axe)

feature #8 max psd (y) variance (z) median (mag) zcr (Gy) peak to peak
(Amag)

iqr (Axe)

feature #9 maximum (mag) dominant
frequency (x)

max psd (x) maximum (Gy) minimum (Ay) maximum
(Az)

feature #10 minimum (y) kurtosis (y) mean (x) mean (Axe) maximum (Axe) peak to peak
(Gmag)

Table 5. Best parameters obtained by Optuna for each patient using the RF model.

parameter Patient 1 Patient 2 Patient 3 Patient 4 Patient 5 Patient 6

n_estimators 263 151 151 106 243 58

max_depth 24 28 28 12 28 14

min_samples_split 15 4 4 10 7 13

min_samples_leaf 5 9 9 1 1 2

max_features sqrt sqrt sqrt log2 log2 log2

bootstrap false false false false false false

accuracy (%) 98.6760 99.4163 97.1429 97.2789 98.6395 99.3197

Figure 8. Error rate per patient.
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Figure 9. PDP plot with 100 ICE for feature ’ydominantfrequency’ (Patient 2), where (a) is FOG class, (b) is pre-FOG class and (c) is walk-
ing class.

Figure 10. PDP plot with 100 ICE for feature ‘Gx_maximum’ (Patient 5), where (a) is FOG class, (b) is pre_FOG class and (c) is walking
class.

4.1. Explainability results
To further understand the decision‑making process of the personalized models and assure clinical in‑
terpretability, different explainability techniques were applied to the selected patients. These include
global and local SHAP, LIME, ICE‑lined PDPs and 2D PDP interaction graphs. The goal is to investigate
the effect of individual characteristics on prediction outcomes, both globally and per‑instance (window)
basis.

Figures 9 and 10 show the PDP plots for the features ‘y_dominant_frequency’ (Patient 2) and ‘Gx
_maximum’ (Patient 5), which demonstrate how changes in these feature values affect the model’s class
probabilities of FOG, pre‑FOG and walking.

In figure 9, the model shows a nonlinear response to changes in ‘y_dominant_frequency’. For class 0
(figure 9a), the influence on themodel prediction increases when the feature value is approximately zero,
indicating a threshold‑like behaviour. The pre‑FOG class in figure 9b shows moderate sensitivity with
slight variations, suggesting that changes in this feature’s values have a minimal effect on the prediction
since all values exert nearly similar effects. The ICE lines show consistent individual trends, with notable
positive jumps around zero for the FOG class and similar negative changes for the walking class.

Figure 10 illustrates the marginal effect of ‘Gx_maximum’ on Patient 5. The plots in figure 10b,c show
that the influence on walking and pre‑FOG classes is most notable between −1 and 0. This effect is evi‑
dent in the ICE lines, where negative jumps in the pre‑FOG class and positive shifts in the walking class
support the model’s dependence on this interval to distinguish between transitional and steady walking
states.

Figures 11 and 12 illustrate the 2D PDP interaction plots of selected feature pairs for the pre‑FOG
class in all patients. To capture nuanced relationships that may influence the model’s decision bound‑
aries, features were chosen either based on similarities across sensor axes—such as ‘mag_minimum’ and
‘z_min’, or from top‑ranked features identified earlier.

Figure 11 shows the interaction effects for Patients 1–3. Figure 11a indicates that the interaction be‑
tween ‘z_minimum’ and ‘mag_minimum’ for Patient 1 has a little increase in influence when ‘mag
_minimum’ values are lower, but the overall effect remains moderate. For Patient 2, figure 11b shows
that increasing ‘z_peak_to_peak’ has more effect on pre‑FOG prediction than the ‘x_peak_frequency’.
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Figure 11. 2D interacting plots (pre-FOG class) for different features in three cases: a) Patient 1, b) Patient 2, and c) Patient 3.

Figure 12. 2D interacting plots (pre-FOG class) for the features ’Axmaximum’ and ’Gxmaximum’ in three cases: a) Patient 4, b) Patient
5, and c) Patient 6.

Table 6. Interaction ranges of high influence for feature pairs across pre-FOG, FOG and walking classes, where Feature A is ‘Ax
_maximum’ and Feature B is ‘Gx_maximum’.

Patient 4 Patient 5 Patient 6

feature A feature B feature A feature B feature A feature B

walking low
-135 - (-1.0)

all values
_

all values
_

low
-1.51 - (-0.59)

low
-135 - (-1.0)

all values
_

pre-FOG high
0.4 -1.92

high
0.26 - 2.07

low
-2.21 - (-0.26)

all values
_

high
0.4 - 1.92

high
-0.28 - 2.07

FOG low
-135 - 0.4

low
1.97 - (-0.28)

high
0.56 - 1.75

high
0.22 - 2.55

low
-135 - 0.4

low
1.97 - (-0.28)

In figure 11c, Patient 3 demonstrates a zone of higher influence when ‘y_minimum’ is low and ‘y
_maximum’ falls between approximately −0.4 and 6.09, suggesting this range is critical in shaping
pre‑FOG predictions.

Figure 12 and table 6 summarize the interaction patterns for Patients 4–6 using the pair ‘Ax
_maximum’ and ‘Gx_maximum’. As shown in the table, for Patient 4, higher values of both features
are linked to greater influence on the pre‑FOG class, while lower values correspond to FOG predictions.
Patient 6 behaves similarly to Patient 4, confirming the consistency of these interactions between these
two patients.

In contrast, Patient 5 shows a distinct pattern. High values of both ‘Ax_maximum’ and ‘Gx_maximum’
strongly influence the prediction of the FOG class, whereas low values of ‘Ax_maximum’ alone signif‑
icantly increase the prediction probability for pre‑FOG, regardless of the value of ‘Gx_maximum’, as
shown in table 6. This interaction pattern is reflected in figure 12b, where the influence exceeds 0.5, in‑
dicating a particularly strong model response. Furthermore, this is supported by the PDP plot in figure
10b, where ‘Gx_maximum’ shows high influence on pre‑FOG classification when values range between
approximately ‑1.5 and ‑0.5.

The underlying biomechanical variations among patients may be reflected in these interaction trends.
For instance, Patient 5’s borderline overweight BMI and relatively recent diagnosismay have contributed
to his sharp interaction contrast, which may have affected gait dynamics and amplified sensor signals in
particular feature ranges.
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Table 7. Global SHAP plots for the pre-FOG class.

Patient 1 Patient 2

Patient 3 Patient 4

Patient 5 Patient 6

The top 10 features and their influence on the model’s prediction for the pre‑FOG class across the six
patients are listed in table 7, which shows how SHAPwas used. This global analysis helps in determining
which features had the biggest effect on the model’s ability to predict pre‑FOG events.

High SHAP values for Patient 1 were linked to low levels of features, including ‘x_variance’, ‘y_std
_div’, and ‘x_iqr’, suggesting a greater push toward pre‑FOG predictions. Higher ‘x_median’ and ‘y
_variance’ values, on the other hand, had less effect on pre‑FOG prediction. These results imply that
decreased IQR and variability in the x and y axes are important markers for identifying the patient’s
pre‑FOG start.

Low ‘x_minimum’ values for Patient 2 were associated with high SHAP values, and globally impor‑
tant features like ‘z_maximum’, ‘y_dominant_frequency’, ‘mag_skewness’ and ‘mag_kurtosis’ were also
crucial. The predictive importance of these features is further supported by the fact that they overlapwith
the top four features chosen by RF, listed in table 4.

For Patient 3, the SHAP analysis revealed that lower ‘x_maximum’ values were related to decreas‑
ing SHAP scores, whereas low ‘y_peak_frequency’ resulted in higher SHAP values. Six features from
the SHAP summarymatched the top RF‑selected features, including ‘x_maximum’, ‘y_peak_frequency’,
‘y_minimum’, ‘x_dominant_frequency’, ‘x_minimum’ and ‘y_maximum’, confirming consistency in
feature importance across the two methods.

In Patient 4, the features ‘Ax_mean’, ‘Gy_variance’, ‘Gy_std_div’ and ‘Gy_spectral_energy’ were re‑
lated to low SHAP values, indicating little influence on pre‑FOG prediction. Low values of ‘Ax_icv’
resulted in greater SHAP values, leading predictions to the pre‑FOG class. The top RF feature list in
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table 4 included five critical features supported by SHAP: ‘Ax_mean’, ‘Ax_icv’, ‘Gy_variance’, ‘Gmag
_max_psd’ and ‘Gy_std_div’.

Patient 5’s SHAP plot showed that high values of ‘Ax_peak_to_peak’ weremostly associatedwith low
SHAP values, but low values of ‘Ax_maximum’ contributed favourably to pre‑FOG prediction. These
findings confirm the significance of variable and peak features in early gait prediction. Seven top SHAP
features matched RF‑selected features in table 4: ‘Ax_peak_to_peak’, ‘Gy_maximum’, ‘Ay_minimum’,
‘Ax_maximum’, ‘Amag_peak_to_peak’, ‘Ax_median’ and ‘Amag_minimum’.

For Patient 6, low values across the majority of the top SHAP‑ranked features were related to higher
SHAP scores, implying that suppressed or reduced feature values affected pre‑FOGprediction. Some no‑
table features include ‘Gx_maximum’ and ‘Ay_iqr’. The top RF‑selected list in table 4 shared five features:
‘Gx_maximum’, ‘Gmag_minimum’, ‘Az_maximum’, ‘Gmag_icv’ and ‘Ay_iqr’.

Overall, the SHAP global summary is interpretable and well aligned with the RF feature selection
results, highlighting the stability and significance of important features for individualized pre‑FOG
prediction. The findings also indicate individual diversity in which parameters have the most effect,
underlining the importance of XAI in tailoring prediction models to patient‑specific traits.

The local explanations produced by SHAP and LIME for all patients with respect to the pre‑FOG
class are listed in table 8. Some patients, like Patients 1 and 4, have explanations that correlate to distinct
windows between the two methodologies, whereas other patients, like Patients 2 and 3, had the same
window investigated.

A low chance of pre‑FOG is indicated by the SHAP explanation for window #8 for Patient 1. While
characteristics like ‘y_zcr’ ( = ‑0.5132) and ‘y_std_div’ ( = ‑0.6454) had a stronger opposing influence,
driving the prediction towards non‑pre‑FOG, features like ‘y_minimum’ ( = 0.6213) and ‘x_kurtosis’ ( =
1.65) contributed positively to the pre‑FOG prediction. On the other hand, window #4’s LIME explana‑
tion for Patient 1 supports a positive pre‑FOG prediction based on features like ‘x_maximum’ and ‘mag
_variance’.While certain variables like ‘y_max_psd’ and ‘y_mean’ indicate non‑pre‑FOGbehaviour, their
influence is less apparent.

The SHAP explanation for window #200 in table 8 indicates a significant likelihood of pre‑FOG for
Patient 2with features, including ‘z_dominant_frequency’ ( = ‑0.7229) and ‘mag_skewness’ ( = 1.452) hav‑
ing significant positive contributions. Although there are some opposing forces, the LIME explanation
for the same window similarly confirms the pre‑FOG prediction. In particular, ‘z_dominant_frequency’
was considered non‑indicative of pre‑FOG in LIME owing to its value being marginally higher than the
threshold ( = ‑0.76); ‘y_dominant_frequency’, on the other hand, was in linewith pre‑FOG characteristics,
ranging from 0.58 to 1.39.

The high pre‑FOGprobability in Patient 3’s SHAP explanation for window #178 ismainly driven by ‘x
_maximum’ ( = 1.741) and ‘y_maximum’ ( = 0.9947). The classification is also supported by the LIME plot
for the samewindow, yetwith a slightly distinct interpretation. For example, unlike SHAP, ‘y_maximum’
seems to work against pre‑FOG in the LIME output. Nonetheless, both plots attest to the importance of
‘x_maximum’.

The LIME rule set indicates that Patient 3 has pre‑FOGwhen ‘x_maximum’ values are more than 1.02,
whereas Patient 1 has a higher threshold (1.32). This variation may be explained by the clinical setting
and patient‑specific gait profiles. Patient 3, who has a higher H&Y score and more severe motor symp‑
toms, shows more sensitivity to slight changes in gait features, while Patient 1, who has had the disease
for the longest (30 years), may need a more apparent deviation in sensor features to trigger pre‑FOG
classification.

LIME further shows that ‘y_minimum’ at −0.63 contributes to pre‑FOG because it is inside the interval
[‑0.87, ‑0.22]. In contrast, ‘y_maximum’ ( = 0.99), which is over the LIME threshold of 0.65, does not seem
predictive on its own. Interestingly, this is not quite consistent with the 2D interaction plot in figure 11c,
which indicates that the effect of the model is greatest when ‘y_maximum’ is approximately between
‑0.4 and 6.09 and ‘y_minimum’ is low (between ‑3 and ‑0.54), supporting the local SHAP interpretation
and partially confirming the LIME insights.

The SHAP explanation forwindow #383 in table 8 indicates a high chance of pre‑FOG for Patient 4, the
oldest participant (84 years), with advanced PD and a high H&Y score of 4.0. Features that greatly con‑
tribute to the prediction include ‘Gy_zcr’ ( = 0.7567) and ‘Gx_skewness’ ( = 2.164), indicating significant
variability and asymmetry in gyroscope signals, which are typical in older individuals with advanced
gait problems. The pre‑FOG categorization is supported by the LIME explanation for window #600, with
values of ‘Ax_icv’ (between ‑0.67 and ‑0.28) and ‘Ax_mean’ (between ‑0.87 and ‑0.18) playing a signif‑
icant role. These characteristics probably represent motion abnormalities and a decrease in lower‑limb
movement that are commonly observed in long‑term progression.
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Table 8. Local explainability plots (SHAP and LIME) for each patient—pre-FOG class.

patient local SHAP plot LIME plot

Patient 1 Window #8 Window #4

Patient 2 Window #200 Window #200

Patient 3 Window #178 Window #178

Patient 4 Window #383 Window #600

Patient 5 Window #900 Window #600

(Continued.)
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Table 8. (Continued.)

patient local SHAP plot LIME plot

Patient 6 Window #383 Window #600

Table 9. Comparison of ML models for subject-dependent FOG prediction.

paper model pre-FOG performance latency XAI

[19] AdaBoost 5 s accuracy = 82.7% 0.93± 0.089 s NO

[40] SVM _ sensitivity: 88.09% (FOG) _ NO

[28] LDA 2 s AUC (Area Under the Curve) = 90% _ _

[29] LSTM _ accuracy = 88% (FOG) _ NO

this work RF 5 s average accuracy = 98.67±
0.75%

average: 75.0± 31.1 ms PDP, ICE, SHAP, LIME

Patient 5 showed a high pre‑FOG likelihood in SHAP for window #900. He was a 69‑year‑old male
with the shortest disease duration (1.5 years) in the IMU group, yet he had a moderate H&Y score of
3.0. Dominant contributors included features like ‘Ax_peak_to_peak’ ( = ‑1.381) and ‘Gmag_minimum’
( = 1.949). ‘Ax_peak_to_peak’ and ‘Gy_maximum’ are highlighted as important supporting indicators
in the LIME output for window #600, which supports the SHAP explanations. The LIME plot is fur‑
ther supported by the interaction plot in figure 12b and table 6, which indicates that the influence of
pre‑FOG prediction increases with ‘Ax_maximum’ values between ‑2.21 and ‑0.26. On the other hand,
‘Gx_maximum’ seems to have low effect on the prediction, suggesting that axial variability, rather than
lateral or rotational gait dynamics, is what drives the model’s sensitivity for this patient.

According to table 8, Patient 6 had a high pre‑FOG probability in SHAP for window #383. Important
characteristics include ‘Gy_zcr’ ( = 0.7567) and ‘Gx_skewness’ ( = 2.164), which can indicate quick signal
transitions or subtle asymmetries that are common in younger individuals with reduced motor coordi‑
nation but retained strength. According to the LIME description for window #600, most features support
the prediction, with ‘Ax_icv’ and ‘Ax_mean’ appearing as crucial features. These findings provide insight
into how age and disease trajectory affect pre‑FOG prediction patterns by indicating that predictive pat‑
terns in younger people with mid‑stage PD are driven by sudden neuromuscular alterations rather than
recurrent instability.

4.2. Comparison of related work on subject-dependent FOG prediction
Table 9 provides a comparison of several studies for subject‑dependent FOG prediction, highlighting
the models used, pre‑FOG window sizes, performance metrics, latency and the application of XAI
techniques. The studies presented use a range of ML algorithms, including AdaBoost, SVM, linear
discriminant analysis (LDA), long short‑term memory (LSTM) and RF.

One of the most notable aspects of table 9 is the reported latency times. Most studies do not explicitly
mention latency, or their latency is not clearly defined, which is a critical factor in real‑time clinical ap‑
plications. For example, Zhang et al. [19] used AdaBoost and reported a latency of 0.93 ± 0.089 s, which
is acceptable for some applications but may not be optimal for real‑time use. In contrast, the approach
presented in this work demonstrates a significant improvement in latency, with an average latency of
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75.0 ± 31.1 ms across six patients, which is much faster and more suitable for real‑time monitoring of
patients.

In addition, the inclusion of XAI techniques sets this work apart from others. Although most studies
do not incorporate any explainability methods, this work applies a range of XAI techniques such as PDP,
ICE lines, SHAP and LIME. Thesemethods provide transparency into how themodel makes predictions,
allowing clinicians to understand the rationale behind the system’s output.

Improvements in both performance (average prediction accuracy of 98.67% across six patients) and la‑
tency (75ms), alongwith the integration of XAI techniques,make this approach a promising step forward
in the personalized and transparent prediction of FOG in PD.

5. Conclusion and future work
FOG presents a significant challenge in managing PD, as its unpredictable nature can lead to serious
falls and mobility issues. In this work, we developed a personalized prediction system for early pre‑
diction of FOG in patients with PD using a subject‑dependent approach coupled with XAI techniques.
The RF model demonstrated an average accuracy of 98.67 ± 0.75% and a latency of 75.0 ± 31.1 ms
across six patients, making it suitable for real‑time clinical applications. The integration of XAI tech‑
niques such as SHAP, LIME and PDPs improved the model’s interpretability and ensured transparency
in the decision‑making process, enhancing clinical trust. The explainability analysis revealed significant
feature interactions, such as ‘mag_peak_to_peak’ and ‘x_mean’, influencing the predictions for FOG, pre‑
FOG and walking states. Both SHAP and LIME methods provided transparent insights into the model’s
behaviour, confirming the importance of features like ‘x_maximum’ and ‘Ax_maximum’ in predicting
pre‑FOG.

Futurework for the personalized prediction system should focus on incorporating data frommultiple
sensor set‑ups and longer recording periods to enhance the reliability of FOG predictions. In addition,
integrating the prediction system into wearable devices for continuous real‑time monitoring will enable
timely alerts and support personalized interventions, making the system more scalable and accessible
for personalized patient care.
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