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ABSTRACT E-health sensors and wearables play an important role in the detection and classification of
many chronic diseases. A chronic disease requires active monitoring and its severity increases over time.
Parkinson’s disease is one such chronic disease resulting in motor as well as non-motor impairments.
Freezing of gait (FOG) is one of the motor symptoms that could affect the quality of life of patients.
Diagnosing the presence and severity of Parkinson’s disease and its symptoms can be done subjectively
and objectively. However, subjective analysis might suffer from biases and variability as it involves human
emotions and need objective method or measurable data to make decisions. So, in this regard, we conducted a
feasibility study by adopting an objective approach for labeling the FOG severity levels and then classifying
them using the data from various sensors. We use the Hidden Markov Model (HMM) for labeling the
severity levels. We also trained an ensemble algorithm to model the prediction of severity levels marked by
HMM model. We could obtain severity level classification accuracy between 87− 88% using the XGBoost
algorithm.Moreover, we also usedmodel explainability approach to explain the predictions on severity levels
using only objective methods, in this case sensor data. We found that features from EEG show a positive
correlation with severe FOG events and gyroscope sensors show a negative correlation for predicting severe
FOG events.

INDEX TERMS Accelerometer, electroencephalogram (EEG), ensemble algorithm, freezing of gait (FOG),
gyroscope, hiddenMarkov model, machine learning, model explainability, random forest, severity detection,
XGboost.

I. INTRODUCTION
The role of e-health-related wearables and sensors is
increasing daily in applications meant to track a person’s
health parameters or vitals. It is especially important to
track these vitals for chronic diseases, which require active
monitoring and may put a great burden on the healthcare
system when improperly monitored. Parkinson’s disease
is one such persistent, long-term chronic disease, whose
symptoms are present in varying degrees and combinations
that progressively can worsen over time. Parkinson’s disease
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can cause several motor and non-motor symptoms such as
tremors, bradykinesia, dyskinesia, rigidity, gait disturbances,
etc [1]. Gait disturbances or movement disorders can severely
affect the quality of life of a person. The freezing of
gait (FOG) is one such movement disorder associated with
Parkinson’s disease. It is considered one of the complex
symptoms that can result in an increased risk of fall
occurrence and loss of independence [2]. This condition
is often triggered during performing some complex tasks
such as gait initiation, turning, crossing obstacles, dual
cognitive tasks, etc. The gait or motion analysis is one
way of assessing/diagnosing movement disorders such as
FOG. Another important aspect to be considered for chronic

VOLUME 13, 2025

 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.

For more information, see https://creativecommons.org/licenses/by/4.0/ 134781

https://orcid.org/0000-0001-9802-2061
https://orcid.org/0000-0003-1718-6924
https://orcid.org/0000-0003-2169-4606
https://orcid.org/0000-0002-7373-9258


A. Site et al.: Severity Classification of Freezing of Gait Using Machine-Learning Algorithms

illnesses is their severity. The severity of any disease refers to
the extent it impacts human health or a specific system’s loss
of function. Severity information helps medical professionals
to make treatment-related decisions according to the severity
levels such as mild, moderate, severe, or critical.

The presence of FOG and its severity can be diagnosed
subjectively or objectively [3]. Subjective evaluationmethods
use questionnaire-based scales such as The New Freez-
ing of Gait Questionnaire (NFOGQ), Unified Parkinson’s
Disease Rating Scale (UPDRS), or modified Hoehn and
Yahr scale to check for the presence or absence of FOG
and also evaluate the severity [4]. Objective evaluation
methods for FOG presence and FOG severity prediction,
involve motion analysis or the use of inertial sensors to
continuously track the movement of a person and extract
measurements to make data-driven decisions [5]. Although
subjective methods involve human opinions and assessment
and provide valuable information they may have some biases
and variability and may not be reliable [5]. These methods
lack concrete measurable data to make data-driven decisions
that can be explained as well. Hence, objective evaluation
methods are used to provide factual information gathered
from observations and measurements irrespective of the
feelings and opinions of the person. Factual information
for FOG severity estimation can be gathered from sensors
such as accelerometers or gyroscopes. When attached to
arms, waist, and shanks, accelerometers, and gyroscopes
can measure the acceleration and orientation of a person’s
movements [6]. Using lightweight inertial sensors positioned
on the different body segments could also be utilized to
monitor these diseases even in home environments [3].
Moreover, since Parkinson’s disease is also considered a
neurological disorder, characterized by loss of dopamine-
producing neurons, the electroencephalogram (EEG) analysis
can also be used in identifying Parkinson’s diseases or their
symptoms.

Research studies have used various objective analysis
methods to quantify the FOG and its severity. Table 1
show the previous studies for assessing the severity of
FOG along with the dataset, methodology used, analysis
methods and results. Studies in the field of FOG severity
assessment have utilized frequency and duration thresholds
as important metrics for estimating FOG severity levels [7].
However, they did not use the data from any sensors for
FOG severity assessment. Another study in [8] made use of
sensors such as pressure sensors, and inertial measurement
units to identify the relation between spatial and temporal
gait features, and Parkinson-related medication states using
tree-based classifiers. Moreover, they also used the UPDRS
scale to measure the severity levels of disease. Studies
conducted in [5] hypothesized that objective measures of
FOG severity would correlate with the clinical settings,
especially during turning. They used freezing ratio and
video assessments for severity estimations and statistical
tests to validate objective measures of FOG with clinical
ratings of FOG severity. A similar evaluation was carried out

in [4] to analyze the association between NFOGQ and gait
characteristics according to the turning directions. This study
was conducted using 3D motion data acquired from infrared
cameras and evaluation was performed using statistical tests.
Moreover, other than FOG symptoms, studies in [9] have
used a 6-axis precision electromagnetic tracking system
for quantifying severity levels of other Parkinson’s motor
symptoms such as tremors. Also, studies in [10] and [11]
have used the data fromwearable sensors and algorithms such
as Convolutional Neural Networks (CNN) and the Hidden
Markov Model (HMM) respectively to estimate the severity
of tremors for Parkinson’s disease. Studies in [12] have
used dataset measuring vertical ground reaction force for
predicting severity of FOG. However, they have also used
subjective scales (Hohen and Yahr scale) to label the severity
levels.

From the Table 1, it can be seen that the previous
studies did utilized various sensor based data such as data
from inertial sensors, pressure sensors, 3D motion data for
Parkinson gait analysis. However, for severity estimation
for FOG symptoms, studies have used mostly subjective
methods such as NFOGQ questionnaires, Hohen and Yahr
scale or threshold-based methods to label the severity levels.
Furthermore, only few studies have used machine learning
analysis to classify the FOG or its severity. So, there is
potential to explore the severity estimation for FOG using
objective measures and machine learning analysis without
using any subjective scales or threshold methods for labeling.
This scenario of using entirely objective data or measurable
data from sensors for labeling and severity predictions helps
in providing much accurate, reliable, dynamic and efficient
decisions irrespective of observer bias. However if such
studies have to be implemented in clinical settings then
from clinical perspective using entirely objective data may
add reliability issues. Hence, in this study we have also
focused on justifying the analysis in terms of identifying
corresponding sensors and its features playing important role
for classification and labeling. So, overall the methodology
we adapted focuses on using sensor data for labeling and
classifying FOG along with explaining the predictions. The
novelty of this study comes from:

• Utilizing, in a novel manner, the data from multiple
sensors such as accelerometer, gyroscope, and EEG to
label and classify the severity levels of FOG;

• Using machine learning (ML) analysis to label the FOG
severity and compare it with the existing threshold based
method;

• Explaining, the impact of different time- and frequency-
domain features from sensors used in theML approaches
on the FOG severity levels and its labeling.

In this regard, we aim to explore the following research
questions:

1) How can the objective evaluation methods such as data
from sensors be used to identify FOG severity levels?
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TABLE 1. Previous studies on severity prediction. 2) Howwell can we classify the FOG severity levels using
multi-sensor data and machine learning analysis?

3) What factors/features impact the predictability of FOG
severity levels?

II. DATASET DESCRIPTION
For the classification of FOG events using multi-sensor data,
we used the open-access dataset, which had motion and brain
activity data. The detailed description of the dataset used is
available in the open literature [15]. This open-access dataset
has the data collected from accelerometers, gyroscopes,
Electromyography (EMG), EEG, and Skin Conductance
(SC), but for the scope of our study, we used only the data
from three sensors, namely the accelerometer, gyroscope,
and EEG data. This multi-modal FOG dataset consists of
data from 12 participants having an age range between
57 and 81 years and a duration of Parkinson’s disease
between 1 and 20 years. As per the recent survey in [16],
much literature analyzed the data from shank. So, for our
analysis, we considered the data from the left shank for the
accelerometer and gyroscope sensors. The total duration of
the data collection from these participants was 222 minutes
and 3 seconds. The FOG phenomenon can be affected by the
environment and the living circumstances of each Parkinson-
afflicted person. To record the data from sensors, participants
performed walking tasks, which might trigger FOG events.
Table 2 describes the activities involved in those tasks that
are crucial for FOG events. Further details on the tasks are
also mentioned in [15].

TABLE 2. FOG task-based activity description.

The data collected from the accelerometer, gyro-
scope,and EEG sensors were unified at a frequency
of 500 Hz. The accelerometer and gyroscope were placed
on users/participants at the left shank, right shank, waist, and
arm. The EEG data were collected by placing the device at
the frontal pole lobe, frontal lobe, central lobe, parietal lobe,
occipital lobe, frontal-central lobe, and central-parietal lobe.
The labels of FOG and non-FOG events were assigned by
the physicians using the video recordings. The time instances
of the FOG event occurrence obtained were labeled as 0
(indicating no occurrence of FOG event) and 1 (indicating
occurrence of FOG event). Further labeling of severity levels
in FOG events is described in section III.

III. METHODOLOGY
This section describes in detail the methodology or imple-
mentation framework used to perform severity labeling and
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FIGURE 1. Methodology/Implementation framework for FOG severity labeling and prediction.

severity classification for the FOG events. Figure 1 shows
the modules (left-right) and the steps performed (top-down)
within each module during the implementation process.

The first module is raw data, consisting of three sensors
(accelerometer, gyroscope, and EEG) used for the severity
labeling and severity prediction. Accelerometer and gyro-
scope data is taken from three axes, x-axis: acceleration in
the left and right direction y-axis: acceleration in the forward
and backward direction, z-axis: acceleration in the up and
down direction and EEG data is recorded from different
lobes. Details on the dataset and signals are mentioned in
section II. The second module is the pre-processing module.
In this module, exploratory data analysis is performed to
identify the changes in sensor values during FOG and
no-FOG events. The third module is the severity labeling
module. This module explores different methods used for
labeling the FOG events as severe and less severe. For
severity labeling two methods were explored, one based on
thresholds and the other based on a hidden state model. In the
hidden state model approach, we used single-component
and multi-component HMM models. Different components
in the HMM model represent the number of observable
states. For the single-component model, features from only
the accelerometer were used as observable states, and for
the multi-component model features from the accelerometer,
gyroscopes, and EEG were used as observable states. After
severity labeling the next task performed was task-wise
severity classification using machine learning algorithms.
Here, we also explored the effect of various sensor modalities
one by one on the classification performance. The last
module of this implementation framework is the model
explainabilitymodule to identify the important feature values,
explaining the positive and negative impact of various feature
values on the severity level classification. Further details
on the pre-processing, severity labeling, severity classifica-
tion, and explainability module are given in the following
sub-section.

A. EXPLORATORY DATA ANALYSIS
The exploratory data analysis (EDA) assisted in obtaining
the hypotheses and viewing important information through
graphical and statistical representations of data. We per-
formed EDA on the raw sensory measurements and the
participant’s data to obtain information about:

1) Average value for acceleration resultant for FOG and
non-FOG events;

2) Average value for gyroscope resultant for FOG and
non-FOG events;

3) Changes in the band power of EEG channel waves.
For the rest of the analysis, we have used the data from

8 patients. One patient did not experience any FOG events
and the data from 3 other patients were not recorded from
the left shank accelerometer. So to maintain consistency we
eliminated the data from these patients.

FIGURE 2. Acceleration resultant for FOG events.

Fig. 2 and 3 show the average acceleration resultant
values task-wise for FOG and non-FOG events for patients.
The X-axis of the bar plot shows the patient id and the
Y-axis shows the average acceleration resultant values in both
figures. We can observe from the bar plots that the average
acceleration values are less when patients experience FOG
as compared to when no FOG is occurring. The threshold
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FIGURE 3. Acceleration resultant for non-FOG events.

red line in both the figures is drawn to understand the
difference in acceleration values better. Another observation
from the two figures 2 and 3 is that for some patients average
acceleration values are further lower than other patients while
experiencing FOG, which may indicate chances of severe
FOG that could even lead to patient falling.

FIGURE 4. Gyroscope resultant for FOG events.

FIGURE 5. Gyroscope resultant for non-FOG events.

Gyroscopes are sensors that help to measure the rotation
or orientation of the body. Regarding FOG scenarios these
signals help in identifying the movements, especially during
tight surroundings or turning scenarios. Figure 4 and 5 shows
the bar plot with the average gyroscopic resultant values for
FOG and non-FOG events. The X-axis of the bar plot shows
the patient id and the Y-axis shows the average gyroscopic

resultant values in both figures. It can be observed clearly
from the curves that the gyroscopic magnitude is less in FOG
events as compared to the normal scenarios. Moreover, lower
values of resultant gyroscopic in 4 might be observed due to
the fewer or more turning scenarios involved in nearly all the
tasks. This shows the possibility that severity levels of FOG
are also affected by the turning tasks.

Parkinson’s is considered a neurological disorder so it is
equally important to also consider the EEG analysis while
labeling/classifying severity levels of FOG. In this study, the
dataset that was used had EEG data from multiple channels
from the frontal pole lobe, frontal lobe, central lobe, parietal
lobe, occipital lobe, frontal-central lobe, and central-parietal
lobe. However, based on the observations in studies [17] we
selected the following EEG channels:

1) FZ channel in frontal lobe representing supplementary
motor area;

2) CZ channel in central lobe representing Primary motor
area;

3) P4 channel in parietal lobe representing Navigational
motor area;

4) O1 channel in occipital lobe representing the primary
visual receiving area.

From these channels, we analyzed the band power EEG
channels at different frequency bands. These frequency
bands are termed the Delta band (0.5-4 Hz), Theta band
(4-8 Hz), Alpha (8-12 Hz), Beta (12-30 Hz), and Gamma
(30-45 Hz). Band power represents the amount of activity
in certain frequency bands of EEG signals. Increased power
in some of these frequency bands during FOG events
represents cognitive load. Moreover, performing difficult
mental activities that require concentration also results in
increased EEG band power for patients with Parkinson [17].
So there are chances that features from EEG, especially band
power may contribute significantly to the classification task
for FOG.

FIGURE 6. Threshold-based labeling method.

VOLUME 13, 2025 134785



A. Site et al.: Severity Classification of Freezing of Gait Using Machine-Learning Algorithms

B. SEVERITY LABELING
In this study, we proposed a methodology for FOG severity
labeling. The study presented here labeled the severity values
assisted by the sensor values. In this regard, we explored
two methods of labeling the FOG events as severe and less
severe.We used a smaller dataset derived from a larger dataset
to perform the feasibility study for the two methods. This
smaller dataset consisted of the aggregated values from the
larger dataset. Some of the parameters in the smaller dataset
were: Patient-ID, Task-ID, mean acceleration, average resul-
tant acceleration, frequency, duration, and FOG/non-FOG
label. The FOG events were labeled as 1 corresponding to
mild FOG and 2 corresponding to severe FOG. The details of
severity labeling methods are as follows:

1) Threshold-based labeling: In this method, we used the
combination of frequency and duration of the FOG
events to label the FOG events as severe or mild. The
lower threshold value for frequency and duration was
set to 4 and the higher threshold value was set to
12. Frequency or duration values greater than 12 were
labeled as severe FOG and less than 4 were labeled
as mild FOG. Frequency and duration values between
4 and 12 were labeled according to the corresponding
values of the second variable (frequency and duration).
Fig. 6 shows the detailed method of labeling the severe
and mild FOG.

2) HMM model-based labeling: The Hidden Markov
(HMM) Model is a statistical model in machine learn-
ing analysis that helps predict the unknown sequence
of states depending on the series of observable states.
The observed sequence is given as a component in
the HMM model. In this case, we use the average
acceleration values as a component to obtain the hidden
state which is severity. HMM-based model learns the
pattern from the observable states, in here acceleration
values and also the previous acceleration values to
determine the labels (hidden states). It can differentiate
between the period of increase and decrease in
acceleration values. So by using the HMM model,
and statistical analysis we observed a list of values
belonging to higher acceleration and lower acceleration
states. Moreover, in our exploratory data analysis,
we found that lower acceleration values are observed in
FOG events so we labeled such lower values as severe
FOG and slightly higher acceleration values as having
mild FOG. Hence, in the absence of ground truth, the
exploratory data analysis carried out in section III-A,
showing the difference in acceleration values helped in
validating the labels.

To find out the best of the two methods we evaluated these
methods on the smaller dataset and applied a random forest
classifier to the severity levels, mild FOG (labeled as 1),
and severe FOG (labeled as 2).Table 3 shows the class-wise
accuracy of two labeling methods. As per table 3, it can

TABLE 3. Severity labeling method evaluation.

be observed that HMM-based labeling showed better results
when tested on smaller datasets.

FOG is a phenomenon in which temporal sequences play a
crucial role, because in the FOG the transition to the freezing
state depends on the movement patterns of the previous
few seconds. HMM algorithm can capture the temporal
sequences and can learn the pattern from the observable
states (in here, the acceleration values) in order to identify
the hidden states (freezing states). Also, FOG events vary
from individual to individual as their gait patterns differ, and
HMMmethods are more dynamic and adaptable in this sense
than the considered baseline methods, as HMM methods
can learn the parameters (such as transition probabilities for
detecting hidden states) from the data itself rather than based
on pre-configured threshold values. Thus, the HMM models
are expected to perform better than the threshold-based
methods. Moreover, HMM methods can also handle noise
effectively as they consider variations around the expected
values [18]. Furthermore, the studies in [19], [20], and [21]
used HMM-based modelling for identifying asymmetric gait
patterns, detecting gait events, and for stride segmentation,
which further shows the wide applicability of HMM for
gait analysis. When the HMM modelling is compared with
baseline algorithms such as the threshold-based labeling, then
it can be seen that for such baselines the following things
happen:

1) Temporal dependencies are not considered and all
observations are considered independent in the baseline
methods (unlike in HMM);

2) Finding optimal threshold values/cutoffs becomes dif-
ficult specially in dynamic environments, hence these
baseline methods are not adaptable (unlike HMM);

3) Although computationally cheap, but threshold-based
methods used measured values and fail to model the
intrinsic patterns and may miss subtle transitions;

4) These baseline methods are susceptible to noise and
may lead to misclassifications if data is noisy.

Hence, as per the evaluation/results shown in table 3 and the
potential drawbacks of threshold-based methods over HMM-
based labeling, we decided to HMM-based labeling for larger
datasets.

C. MACHINE LEARNING ANALYSIS
The next step in implementation after severity labeling is
machine learning analysis. Here, we used the complete
dataset (not aggregated) for task-wise severity prediction.
We performed windowing/sampling of the dataset, feature
extraction, severity labeling on a larger dataset, and machine
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learning analysis on the data to classify the severity levels.
The step-by-step process of implementation is as follows:

1) The first step in machine learning analysis is feature
extraction. The raw data from accelerometer, gyro-
scopes, and EEG were unified to 500 Hz. To extract
the time- and frequency-domain parameters from raw
data of the accelerometer, gyroscope, and EEG we
used a window size of 1 second, that is 500 samples
per window. We kept an overlapping window of
0.5 seconds which is 250 samples, to rule out the
possibility of missing important information.The time-
and frequency-domain features extracted from the
accelerometer and gyroscopes include mean, median,
standard deviation, peaks, resultant acceleration, and
freeze index. Some of the features name are accelera-
tion magnitude, mean acceleration along x,y and z axis,
acceleration median, acceleration skewness, accelera-
tion kurtosis, acceleration standard deviation, Freeze
index and for Gyroscope resultant, gyroscope median,
gyroscope skewness, gyroscope kurtosis, gyroscope
standard deviation. Table 4 describe some of features
from accelerometer, and their relevance with the FOG
concept. These features helped in identifying the
variations in acceleration and angular velocity during
movement. Moreover, these features also helped in
analyzing the fluctuations or patterns in the gait [22].
These features are therefore indicative of tremors or
any abnormal movements which helps in identifying
events such as FOG. For EEG, we calculated the band
power for all four channels, namely O1, FZ, P4, and
CZ, along different frequency bands. Table 4 shows
the EEG channels along with their descriptions and
clinical relevance. These are the channels from which
the band power is calculated, The band power helps
in quantifying the cognitive and motor control which
is crucial during FOG. The band power is calculated
in the Delta band (0.5-4 Hz), Theta band (4-8 Hz),
Alpha band (8-12 Hz), and Beta band (12-30 Hz).
We excluded the gamma frequency band here because
we did not find much of gamma frequencies in our
data. The increase and decrease in the band power in
different channels from these bands is indicative of
the cognitive load during the freezing events and also
impaired motion control of individuals. Some of the
feature names extracted fromEEG are: the band powers
in O1 beta, O1 alpha, O1 delta, O1 theta, FZ beta,
FZ alpha, FZ delta, FZ theta bands etc.

2) After windowing and feature extraction, the FOG
windows were further labeled into severe and mild
FOG using the HMMmodeling. We used HMM-based
labeling over data segmented in 1-second windows
(500 samples per second with 50% of overlap). We also
explored the features from different sensors and their
combination, as components to be used to further label
FOG events. Some of these features are acceleration

TABLE 4. Feature description and relevance.

values along the Y-axis which is acceleration in for-
ward and backward directions, acceleration resultant,
gyroscope resultant, and EEG O1 channel band power.

3) The final step in machine learning analysis is applying
machine learning algorithms to perform task-wise
severity classification. Since the no of participants
in our analysis is quite less (12 participants, details
in section II), so to enhance the robustness and
generalization of the results we explored ensemble
algorithms for classifying the three severity levels, non-
FOG (label 0), mild FOG (label 1), and severe FOG
(label 2). These methods combine the prediction from
several models to make stronger and more accurate
predictive models. This way ensemble algorithms
enhance the performance of machine learning tasks and
help in creating robust models. Moreover, ensemble
algorithms have also shown better results in classifying
multi-sensor data [23]. We used random forests as
bagging and extreme gradient boosting (XGBoost)
as boosting algorithms among ensemble algorithms
for classification. With objective methods being used
to derive severity labels, we observed classes were
quite imbalanced so to avoid overfitting on majority
class and underfitting on minority class we tuned the
hyperparameter using grid-search techniques and used
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repeated StratifiedKFold cross-validation with 5 split
and repeat for evaluation. With StratifiedKFold cross
validation, the percentage of classes in each split is
preserved ensuring reliability in results.

D. PERFORMANCE EVALUATION
Machine learning analysis performed for severity classifica-
tion is evaluated using two metrics: accuracy and F-score.
These metrics are explained as follows:

1) Accuracy: Accuracy is defined as the correctly pre-
dicted observations by the total number of observa-
tions. Accuracy is given by:

Accuracy =
(TP+ TN )

(TP+ FP+ TN + FN )

True positives (TP) are the predicted values that are
correctly predicted as true values and True negatives
(TN) are the predicted values that are correctly
predicted as false values. False Positives (FP) are
negative values that are predicted as positive and False
Negative (FN) are the positive values that are predicted
as negative.

2) F-score: This is the weighted average of the recall or
sensitivity and precision. It is given by:

F − Score =
(2 ∗ precision ∗ Recall)
(Precision+ Recall)

Precision is the ratio of correctly predicted positive
value to the total predicted positive values and recall
or sensitivity is the ratio of correctly predicted positive
values to the actual positive value. Hence, maximizing
the F-score indicates maximizing positive predictions
or precision and recall values.Moreover, F-score serves
as an important metrics for tasks such as disease or
severity prediction, where false positives and false
negatives matters.

E. MODEL EXPLAINABILITY
In applications involving machine-learning analysis, it is
important to be able to explain the machine-learning model,
especially the important parameters and their impact on the
predictions. Recent studies have focused more on developing
trustworthy artificial intelligence (AI) models, especially in
the field of healthcare.Moreover, the non-interpretable nature
of machine learning models makes it difficult to trust the
results of predictions and so the concept of explainable AI
allows us to develop a human-understandable explanation of
the machine learning model. There are various frameworks
used for explaining the machine learning model [24]. How-
ever, themost commonly used frameworks are Random forest
feature importance (RFI), Permutation feature importance
(PFI), Local Interpretable Model-Agnostic Explanations
(LIME), Shapley additive explanations (SHAP) [25]. LIME
framework explains the small part of the machine learning
algorithm. It works by perturbing the input values around the
original input’s neighborhood and learning an interpretable

model based on their behavior on model predictions. SHAP
on the other hand explains the model behavior by calculating
the contribution of each feature to the prediction. Similarly,
Partial dependency plots (PDP) is another method which
show the dependency between the target variable and the
set of input features. It graphically explains how different
value of input features affects the probability of classification.
In our implementation, we based our analysis exclusively on
the data from various sensors (accelerometers, gyroscopes,
EEG) in which the labels were also derived from the Markov
models, so explaining our predictions and labeling were
crucial. So we aimed at explaining our predictions using
fundamental approaches and used the partial dependency
plots and the SHAP analysis to explain the severity classi-
fications of ensemble models. Section IV explains the partial
dependency plots and SHAP analysis in detail.

IV. RESULTS
In this section, we present the result of the FOG severity clas-
sification using HMM-based labeling and machine learning
analysis. We evaluated the effect of multiple sensor features
for severity labeling as well as severity classification. Here,
we describe their results using accuracy and F-score metrics
and explain the model prediction using model explainability.

A. CLASSIFICATION PERFORMANCE
1) Effect of adding data from other sensors along with

accelerometer: To evaluate the effect of multiple sensor
data on predictions we started with only accelerometer
data for labeling as well as severity classification.
We explored single-component and two-component
labeling using acceleration resultant and average accel-
eration along the Y-axis and found that two-component
labeling showed better accuracy and F-score for both
random forest and XGBoost algorithm. We then added
the features from gyroscopes and EEG to check the
increase and decrease in the severity classification
accuracy. However, for HMM-based labeling, we used
the features from the accelerometer only (two compo-
nents: resultant acceleration and average acceleration
in the Y-axis).

TABLE 5. Severity classification performance using accelerometer data.

Table 5, table 6 and table 7 show the result of severity
classification using the data from multiple sensors and
severity labeling using accelerometer data. From these
tables, we observed that if only accelerometer data is
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TABLE 6. Severity classification performance using accelerometer and
gyroscope data.

TABLE 7. Severity classification performance using all sensor data.

used then the accuracy of severity classification that can
be achieved is between 80%-84.5%. However, when
we included the data from gyroscopes the severity
classification accuracy ranged from 85%-87.2%, and
with all sensors including EEG classification accuracy
of FOG ranged by 86%-87.5%. So, we observed an
overall increase of 3 − 4% when we added gyroscope
data to the accelerometer and 3 − 6% when we added
both gyroscope and EEG data to the accelerometer.

2) Effect of using other sensor features with accelerometer
data for labeling: We also evaluated the effect of
using other sensor features for severity labeling in
the HMM model as components. We used multi-
component HMMmodelingwith the following features
as components.
a) Acceleration magnitude and average acceleration

along the Y-axis;
b) Acceleration magnitude and average acceleration

along the Y-axis, gyroscope magnitude;
c) Acceleration magnitude and average acceleration

along the Y-axis, O1 channel beta;

TABLE 8. Severity labeling performance using accelerometer and
gyroscope data.

Table 5, table 8 and table 9 show the result of
severity labeling using the data from multiple sensors.

TABLE 9. Severity labeling performance using all sensor data.

We observed that when gyroscope magnitude is
added as one of the labeling components along with
accelerometer components then there is an increase of
up to 0.1−2% than only accelerometer data. However,
when we use EEG channel waves for labeling along
with accelerometer data there is an improvement in
the performance of severity classification of up to 5%
concerning accelerometer-only labeling and up to 5%
concerning accelerometer and gyroscope labeling.

Overall, FOG severity classification improved with multi-
sensor data andmulti-sensor labeling for hidden state models.
The maximum accuracy acquired was 88.6% by XGBoost
for task 1 severity prediction, 87.6% for task 2 severity
prediction, and 87.4% for all task predictions. In addition to
that, we also explored the feasibility of using EEG features for
labeling and accelerometer and gyroscope data for classifica-
tion, so that themodel could be used and developed further for
home settings-based prediction. Severity prediction accuracy
for such a setup was 87.5%, 87%, and 86.9% for task 1, task
2, and all tasks respectively. Furthermore from the table 1 in
section I, it can be seen that the results obtained in this study
from using exclusively sensor data for severity labeling and
classification is comparatively better to some extent to that of
methods using subjective methods (NFOGQ, UPDRS, Hohen
and Yahr scale) and threshold based methods.

FIGURE 7. XGBoost no-FOG class feature importance and their impact.

B. MODEL EXPLAINABILITY
In this section, we explained the important features, and their
impact on the classification performance of no-FOG, mild
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FIGURE 8. XGBoost mild-FOG class feature importance and their impact.

FIGURE 9. XGBoost severe-FOG class feature importance and their
impact.

FIGURE 10. XGBoost no-FOG partial dependency plot.

FOG, and severe FOG events.We showed the PDP and SHAP
curves to explain the relationship between the target and
features. These plots are for the XGBoost model on all task
classification accuracy. Fig. 7, Fig. 8 and Fig. 9 show the shap
curve with feature importance and their impact on prediction.
The X-axis of the curve shows the shap values where the
positive shap value shows a positive impact on prediction and
negative shap values show a negative impact on prediction.
From Fig. 7, the top features that had a positive impact on

FIGURE 11. XGBoost mild-FOG partial dependency plot.

FIGURE 12. XGBoost severe-FOG partial dependency plot for gyroscope
magnitude.

FIGURE 13. XGBoost severe-FOG partial dependency plot for O1 beta.

classificationwith their higher values are gyroscope resultant,
gyroscope standard deviation, and median. We further
analyzed the partial dependency plot for the gyroscope
resultant to have a closer look at the values of prediction
in the case of the non-Fog class. Fig. 10 shows that PDP in
which the x-axis represents the value of gyroscope magnitude
and the y-axis represents the probability of prediction of non-
FOG class. We can see from the curve that increasing values
of gyroscope magnitude also increases the probability of not
having FOG events, similar to what we hypothesized in our
exploratory data analysis. The shap curve in Fig.8 shows that
the feature top features that had an impact on predictions are
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the beta band power of O1 and FZ channel and gyroscope
standard deviation. For O1, FZ beta band power the lower
values have a slightly positive impact on prediction, which
means lower the band power of these EEG channels increases
the prediction probability of occurrence of mild FOG. Similar
observations can also be made from Fig. 11 where for lower
values of O1 beta band power prediction probability is higher,
which also symbolizes that there might be less cognitive load
in case of less severe FOG events. The Shap curve for severe
FOG events in Fig. 9 shows that important features are EEG
band power channels where lower values negatively impact
the prediction. PDP for severe FOG events in Fig. 12 shows
the values of gyroscope magnitude. It can be seen from the
curve that a lower value of gyroscope magnitude increases
the predictability of severe FOG events as mentioned in III-A.
Moreover, a higher value of the O1 channel band power’s
value increases the severe FOG events predictability which
might be due to the increase in the cognitive load. Hence, the
features from gyroscope sensors play an important role in the
prediction of non-FOG events, and features from EEG play
an important role in the prediction of severe and mild FOG
events. From our observation, we can say that there might be
a possibility that a higher value of band power in EEG might
indicate an increase in the cognitive load in patients and so
resulting in FOG events.

V. CONCLUSION
In this work, we presented a methodology for labeling and
classifying the severity levels of FOG events for patients
having Parkinson’s disease, objectively (using exclusively
sensor data). For evaluating the methodology we used
the data from three sensors accelerometer, gyroscope, and
EEG. To address the research question 1 mentioned in
section I, we explored if it is possible to use exclusive
sensor data to identify FOG severity levels, for which we
evaluated threshold-based and HMM model-based methods.
We found that the HMMmodel with multi-component-based
labeling worked better to identify the severity levels using
sensor data. To answer the research question 2, we then
performed a machine-learning analysis and classified these
severity labels using ensemble algorithms and multi-sensor
data to check how well model is performing on these
HMM-model based generated labels. We found that the
severity level classification accuracy was between 87 −

88% for both task-wise and all-tasks-based analysis when
using XGBoost algorithms. Also, we saw that the multi-
sensor multi-component labeling improved the classification
accuracy compared to the single-component single-sensor
case. Furthermore, the performance obtained using exclu-
sively sensor data for labeling and classification of severity
levels is also comparatively better to some extent to the
methods used in literature. Considering the non-interpretable
nature of AI and machine learning (ML) models, using the
model explainability framework, we also explored the impact
of different features from sensors on the predictability of
FOG severity levels. In this regards, to answer the research

question 3, we found that the acceleration magnitude, the
mean acceleration along the y-axis, the gyroscopemagnitude,
the gyroscope standard deviation, the gyroscope median, and
the EEG O1, FZ, CZ channel Beta band were important
features for FOG labeling and severity classification. Also
using the explainability analysis, it was found that the data
from gyroscopes played important role in classifying no-FOG
events where as data form EEG sensors played important
role in classifying severe and mild FOG events. Furthermore,
we also investigated the possibility of classifying the severity
in home settings by labeling using only EEG data and
employing easily available sensors such as accelerometers
and gyroscopes for the inference. We were able to achieve
an accuracy of 87.5% with such simpler settings. However,
there exists the potential to further improve the severity
classification accuracy, through feature engineering, hyper-
parameter tuning, and the addition of other easily accessible
sensors. Furthermore, the translation of this study to clinical
environments would require diversified datasets to improve
the generalisability of the machine learning models.

HARDWARE AND SOFTWARE USED
To predict the severity of Parkinson’s FOG symptoms,
we used Jupyter Notebook with Python version 3. The Python
libraries used for basic pre-processing, machine learning
analysis, visualization, and explainability are sklearn, scipy,
matplotlib, numpy, hmmlearn, shap and pandas.
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